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Background: Predicting preoperative understaging in patients with clinical stage T1–2N0 (cT1–2N0) 
esophageal squamous cell carcinoma (ESCC) is critical to customizing patient treatment. Radiomics analysis 
can provide additional information that reflects potential biological heterogeneity based on computed 
tomography (CT) images. However, to the best of our knowledge, no studies have focused on identifying CT 
radiomics features to predict preoperative understaging in patients with cT1–2N0 ESCC. Thus, we sought 
to develop a CT-based radiomics model to predict preoperative understaging in patients with cT1–2N0 
esophageal cancer, and to explore the value of the model in disease-free survival (DFS) prediction.
Methods: A total of 196 patients who underwent radical surgery for cT1–2N0 ESCC were retrospectively 
recruited from two hospitals. Among the 196 patients, 134 from Peking University Cancer Hospital were 
included in the training cohort, and 62 from Henan Cancer Hospital were included in the external validation 
cohort. Radiomics features were extracted from patients’ CT images. Least absolute shrinkage and selection 
operator (LASSO) regression was used for feature selection and model construction. A clinical model was 
also built based on clinical characteristics, and the tumor size [the length, thickness and the thickness-
to-length ratio (TLR)] was evaluated on the CT images. A radiomics nomogram was established based 
on multivariate logistic regression. The diagnostic performance of the models in predicting preoperative 
understaging was assessed by the area under the receiver operating characteristic curve (AUC). Kaplan-Meier 
curves with the log-rank test were employed to analyze the correlation between the nomogram and DFS.
Results: Of the patients, 50.0% (67/134) and 51.6% (32/62) were understaged in the training and 
validation groups, respectively. The radiomics scores and the TLRs of the tumors were included in the 
nomogram. The AUCs of the nomogram for predicting preoperative understaging were 0.874 [95% 
confidence interval (CI): 0.815–0.933] in the training cohort and 0.812 (95% CI: 0.703–0.912) in the external 
validation cohort. The diagnostic performance of the nomogram was superior to that of the clinical model 
(P<0.05). The nomogram was an independent predictor of DFS in patients with cT1–2N0 ESCC.
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Introduction

Esophageal cancer is one of the most common cancers in the 
digestive tract. It is the seventh most common cancer and the 
sixth leading cause of cancer-related deaths worldwide (1). 
Despite great advances in treatment, esophageal cancer still 
has a poor prognosis, with a 5-year survival rate of less than 
25% (2). The importance of preoperative neoadjuvant therapy 
followed by radical surgical resection has been emphasized in 
clinical guidelines in recent years (3). It is recommended as 
the first-line treatment strategy for patients with clinical 
stage T2–T4aN0/TanyN1–3 esophageal cancer. The 
benefits of neoadjuvant therapy in clinical stage T3N0 and 
clinical stage TanyN1–3 patients have been recognized (4,5). 
Neoadjuvant therapy improves disease-free survival (DFS) 
and overall survival in these patients (4,5). However, there 
are still concerns regarding clinical stage T1–2N0 (cT1–
2N0) esophageal cancers.

The inaccuracy of clinical staging affects the overall 
survival of esophageal cancer patients (6). In one study, the 
pathological findings revealed that 37–54% of the patients 
with pT1b esophageal cancer had lymph node metastasis (7); 
however, 33% of these lymph node metastases patients were 
misdiagnosed as cN0 based on preoperative evaluations. 
Moreover, the treatment options for clinical stage T2N0 
(cT2N0) esophageal cancer remain controversial (6). Several 
studies have suggested that as cT2N0 is considered an early-
stage cancer, radical surgical resection without neoadjuvant 
therapy is a sufficient treatment (4,8,9). However, other 
studies have reported that as T2 esophageal cancer 
infiltrates the submucosa, such patients are at an increased 
risk of nodal metastasis, which cannot be accurately 
diagnosed according to current imaging diagnostic criteria 
(10,11). Thus, some clinicians suggest that a multimodality 
approach of neoadjuvant therapy followed by surgery is 
appropriate for cT2N0 patients.

The inaccuracy of clinical staging is the main reason for 
the controversy over which strategies should be adopted to 

treat cT2N0 esophageal cancer (12-16). Studies have noted 
the preoperative understaging of cT1–2N0 patients may 
be the reason why neoadjuvant therapy has improved the 
survival of these patients (16-18). Indeed, most cT1–2N0 
esophageal cancers are pathologically staged as T3N0 
or N1–3 based on postoperative pathological findings  
(4,5,8-10,12-18). “Preoperative understaging” was defined 
as a patient with a pathologic stage of T3–4N0 (pT3–4N0) 
or pTanyN1–3 being misdiagnosed with cT2N0 before 
surgery. Thus, recognition of understaging in cT1–T2N0 
patients is key if clinicians are to select more appropriate 
therapeutic strategies.

Endoscopic ultrasonography (EUS) is the standard 
imaging approach for the clinical evaluation of primary 
tumors in patients with esophageal cancer. However, 
the accuracy of EUS staging is operator dependent. 
Additionally, EUS cannot be used for patients with stenotic 
tumors. Chest computed tomography (CT), which is 
the most common imaging technique for the evaluation 
of esophageal cancer, is non-invasive, low cost, easy to 
perform, and has a short examination time. It can also be 
used to evaluate lymph nodes and primary tumors (19). A 
prospective controlled study showed that CT and EUS had 
similar accuracy in differentiating between T1/T2 and T3/
T4 esophageal cancer (20,21).

Radiomics has improved the accuracy of CT in tumor 
staging in patients with esophageal cancer. Previous studies 
have shown that CT-based radiomics has satisfying value 
in diagnosing the overall stage (22), T stage (23), and 
lymphatic metastasis (24-26). However, previous studies 
have mainly focused on patients with locally advanced 
esophageal cancer. To date, no study on the value of CT-
based radiomics in identifying preoperative understaging 
in patients with cT1–2N0 esophageal cancer has been 
conducted.

The present study sought to develop and validate a 
CT-based radiomics model to predict the preoperative 

Conclusions: The proposed CT-based radiomics model could be used to predict preoperative 
understaging in patients with cT1–2N0 ESCC who have undergone radical surgery.
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understaging in patients with cT1–2N0 esophageal 
squamous cell carcinoma (ESCC). In addition, the study 
also assessed the prognostic value of the model for DFS in 
these patients.

Methods

Patients

This retrospective study was approved by the Institutional 
Review Boards of Peking University Cancer Hospital and 
Henan Cancer Hospital and was conducted according to 
the guidelines of the Declaration of Helsinki (as revised in 
2013). The requirement of informed consent was waived 
due to the retrospective nature of the study.

A total of 196 patients with cT1–2N0 ESCC who 
underwent radical surgery at two hospitals [Peking 
University Cancer Hospital (Hospital 1) and Henan Cancer 
Hospital (Hospital 2)] were retrospectively identified. 
The patients from Hospital 1 (n=134) were diagnosed 
between January 2015 and December 2017, and the 
patients from Hospital 2 (n=62) were diagnosed between 
January 2017 and June 2018. To be eligible for inclusion 
in the study, the patients had to meet the following 
inclusion criteria: (I) have biopsy-proven ESCC; (II) have 
qualified preoperative enhanced CT images and have been 
clinically staged as cT1–2N0 based on the CT images; 
(III) have a time interval of less than 30 days between the 
preoperative CT examination and radical esophagectomy; 
and (IV) have undergone radical esophagectomy without 
neoadjuvant therapy. Patients were excluded from the 
study if they met any of the following exclusion criteria: (I) 
had esophageal adenocarcinoma, neuroendocrine tumor, 
etc.; (II) had undergone preoperative chemotherapy or 
radiochemotherapy; (III) had failed to have over 11 lymph 
nodes excised by radical surgery (27); (IV) had multiple 
esophageal primary tumors, or had esophageal primary 
tumors combined with other malignant tumors; and/or (V) 
had poor quality enhanced images. Patients from Hospital 
1 were used as the training cohort. Patients from Hospital 2 
were used as the independent external validation cohort for 
the developed model.

CT protocols

Al l  the  pa t i ent s  underwent  enhanced  ches t  CT 
examinations before surgery. At Hospital 1, the scans 
were performed with a Lightspeed VCT (GE Healthcare, 

Milwaukee,  WI, USA) or Bril l iance iCT (Phil ips 
Healthcare, Cleveland, OH, USA). The following 
imaging parameters were used: tube voltage: 120–140 kVp; 
tube current: 200–400 mA; rotation time: 0.6 s; detector 
collimation: 64×0.625 mm; slice thickness: 5 mm; and 
matrix: 512 mm × 512 mm. At Hospital 2, the scans were 
performed with Bright speed 16-slice or Light speed Pro 
32-slice VCT (GE Healthcare, Milwaukee, WI, USA) 
or Philips 256 iCT (Philips Healthcare). The following 
imaging parameters were used: tube voltage: 120 kVp;  
tube current: 123–344 mA; rotation time: 0.5 s; detector 
collimation: 64×0.625 mm or 16×1.25 mm, or 32×1.25 mm; 
slice thickness: 5 mm; and matrix: 512 mm × 512 mm.

CT scans of chest are from neck to renal hilum. The scans 
were started 55 seconds after the intravenous injection of non-
ionic contrast material (1.5 mL/kg body weight; Hospital 1: 
Omnipaque 300, GE Healthcare; Loversol, Jiangsu Hengrui 
Medicine, Jiangsu, China; Hospital 2: Ousu, Yangtze River 
Pharmaceutical, Taizhou, China) at a rate of 3 mL/s via a 
pump injector. Sagittal and coronal reconstructions were 
carried out with the contrast-enhanced images.

CT evaluation and follow-ups

ESCC was considered cT1–2N0 when it met the following 
criteria: there was diffuse or focal esophageal wall 
thickening (greater than 5 mm) without periesophageal fat 
infiltration; and there were no intrathoracic and abdominal 
lymph nodes larger than 1 cm and no supraclavicular and 
para-recurrent nerve lymph nodes larger than 5 mm in the 
short-axis diameter (19,20).

The location, thickness, and length of the primary 
tumors evaluated based on CT images were recorded. All 
the CT images were reviewed by two radiologists (B.Z. 
and S.Y.) with 6 and 9 years of experience in chest imaging, 
respectively. A third radiologist (Y.J.S.) with 15 years of 
experience was consulted when disagreements arose. The 
reviewers were aware of the preoperative endoscopic 
findings but were blinded to patients’ pathological stage.

The primary tumors were located based on the center of 
the tumor according to the eighth edition of the American 
Joint Committee on Cancer (AJCC) Staging Manual (28).  
The thickness of the tumor was measured from the 
inner surface to the outer surface of the esophageal wall 
perpendicular to the lumen on the axial images at the slice 
with the largest diameter of the tumor. The tumor length 
was calculated as the slice thickness multiplied by the 
number of images in which the tumor was present, taking 
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the sagittal images as the reference.
After the radical esophagectomy, regular follow-ups were 

conducted, including interviews at a three-month interval 
for the first two years, followed by a six-month interval for 
one more year, and finally a 12-month interval until death. 
DFS was used as the endpoint for the analysis. DFS was 
measured from the date of surgery to the date of first local 
or distant recurrence or disease-specific death. For patients 
without disease progression, DFS was censored at the last 
follow-up visit.

CT segmentation

We exported the enhanced CT images from the picture 
archiving and communication system and then delineated 
the volumes of interest (VOIs) of the primary tumors on the 
axial images using open-source software three-dimensional 
slicer (https://www.slicer.org). The tumor boundaries 
were determined with reference to the sagittal and coronal 
images. The VOIs were first manually delineated slice by 
slice to encompass the tumor, avoiding the esophageal 
lumen, vessels, periesophageal fat, and artifacts. Next, 
a thresholding method was set to refine the regions of 
interest (ROIs) to avoid the part with CT values below  
−50 Hounsfield unit (HU) or over 200 HU. The ROIs were 
delineated by a radiologist (Reader 1: B.Z.) with 6 years 
of experience. Thirty randomly selected patients in the 
training cohort were delineated for a second time by Reader 
1 one month later to assess the repeatability and were 
delineated by another reader (Reader 2: S.Y.) with nine 
years of experience to assess the interreader consistency.

Feature selection and model construction

A total of 1,316 features were extracted from VOIs by 
the Pyradiomics (V3.0.1) package and Python (V3.6.4), 
including 14 shape features, 18 first-order features, 24 gray-
level co-occurrence matrix features, 14 gray-level difference 
matrix features, 16 gray-level run length matrix features, 16 
gray-level size zone features, five neighborhood gray-tone 
difference matrix features from the original images and 93 
features from each of the exponential, gradient, logarithm, 
square, and square root transform, and 744 features from 
the wavelet transform. The intraclass correlation coefficient 
(ICC) between the two readers was calculated for each 
feature from the 30 patients. Any feature with an ICC 
smaller than 0.8 was removed. A t-test was used to compare 
the radiomics features between the positive and negative 

samples in the training group. The radiomics features 
with a P value smaller than 0.05 were reserved for further 
analysis, while other features were removed. Correlations 
between each pair of the remaining radiomics features were 
calculated by the Pearson correlation analysis to reduce their 
redundancy. If the absolute value of the Pearson correlation 
coefficient was larger than 0.5 for any pair of the remaining 
radiomics features, then the feature with the smaller T value 
in the t-test was removed. Logistic regression with least 
absolute shrinkage and selection operator (LASSO) was 
performed in the training group. Five-fold cross-validation 
was used to determine the weight of L1 regularization by 
maximizing the average accuracy. All the subjects in the 
training group were trained again to obtain the coefficient of 
each selected features in their linear combination.

Statistical analysis

The primary aim of the study was to explore the power of 
CT radiomics in assessing preoperative understaging in 
cT1–2N0 ESCC patients. “Preoperative understaging” 
was defined as a patient with a pathologic stage of T3–4N0 
(pT3–4N0) or pTanyN1–3 being misdiagnosed as cT2N0 
before surgery. A univariate analysis was conducted to 
identify the preoperative clinical and CT characteristics that 
were correlated with preoperative understaging, including 
age, sex, differentiation, and the location, length, thickness, 
and thickness-to-length ratio (TLR) of the tumor. A 
multivariate logistic analysis was conducted to construct a 
model that combined the clinical characteristics and CT 
radiomics score for preoperative understaging prediction. 
Next, the receiver operating characteristic (ROC) curves 
were used to assess the diagnostic performance of the 
models, and Delong’s method was used to compare the areas 
under the ROC curve (AUCs) of the models. Further, a 
calibration curve was drawn by bootstrapping 1,000 samples 
to evaluate the calibration of the model, and the Hosmer-
Lemeshow fit test was also used.

The secondary aim of this study was to investigate the 
prognostic value of the CT radiomics model for DFS. 
Univariate and multivariate Cox regression analyses were 
conducted to analyze the correlations between the clinical 
characteristics and the nomogram and DFS in the training 
cohort, and the hazard ratios (HRs) and 95% confidence 
intervals (CIs) were also calculated. Harrell’s concordance 
index (C-index) was used to analyze the predictive 
performance of the radiomics models. Kaplan-Meier curves 
were generated to assess the relationship between the 
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nomogram and DFS.
The statistical analysis was carried out using SPSS 22.0 

(IBM, Armonk, NY, USA) and R 3.5.0 software (https://
www.r-project.org/). The categorical variables are presented 
as numbers (%) and were compared using a two-sided chi-
square test. The Kolmogorov-Smirnov test was applied 
to check the normality of the continuous variables. The 
normally distributed variables are presented as the mean ± 
standard deviation, and the skewed data are presented as the 
median (interquartile range) and were compared using an 
independent t-test and Mann-Whitney U test, respectively. 
A P value <0.05 was considered statistically significant.

Results

Demographic characteristics

A total of 134 patients from Hospital 1 with an average age 
of 63 years were included as the training cohort, and 62 
patients from Hospital 2 with an average age of 64 years 
were included as the external validation cohort. Preoperative 
understaging was detected in 50.0% (67/134) and 51.6% 
(32/62) of the patients in the training cohort and external 
validation cohort, respectively. No significant difference 
was found in the clinical and pathological characteristics 
between the cohorts (Table 1).

Table 1 Patients’ demographic information

Variables Training cohort (n=134) External validation cohort (n=62) P 

Age, year, median [IQR] 63.00 [58.00, 68.00] 64.00 [59.00, 67.00] 0.917

Sex, case (%)

Female 25 (18.7) 16 (25.8) 0.339

Male 109 (81.3) 46 (74.2)

Differentiation, case (%)

Well 24 (17.9) 12 (19.4) 0.732

Moderate 77 (57.5) 32 (51.6)

Poorly 33 (24.6) 18 (29.0)

Tumor length, mm, median [IQR] 22.50 [18.00, 31.50] 21.00 [18.00, 31.12] 0.589

Tumor thickness, mm, median [IQR] 11.00 [8.00, 14.00] 11.50 [8.25, 15.00] 0.356

Tumor location, case (%)

Upper 6 (4.5) 4 (6.5) 0.637

Middle 63 (47.0) 32 (51.6)

Lower 65 (48.5) 26 (41.9)

Ratio of tumor thickness/length, median [IQR] 0.48 [0.37, 0.59] 0.53 [0.35, 0.76] 0.282

Pathological T stage, case (%)

pT1 35 (26.1) 12 (19.4) 0.537

pT2 57 (42.5) 27 (43.5)

pT3 42 (31.3) 23 (37.1)

Pathological N stage, case (%)

pN0 91 (67.9) 44 (71.0) 0.710

pN1 35 (26.1) 16 (25.8)

pN2 8 (6.0) 2 (3.2)

Preoperative understaging, case (%) 67 (50.0) 32 (51.6) 0.955

IQR, interquartile range.
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Factors associated with preoperative understaging

The results of the univariate logistic analysis showed that tumor length, tumor thickness, and TLR were correlated with 
preoperative understaging (Table 2). The results of the multivariate logistic regression analysis revealed that tumor thickness 
and TLR were independent measurements that were correlated with understaging, with odds ratios of 1.537 (95% CI: 1.162–
2.034) and 0.000 (95% CI: 0.000–0.003) (P<0.05), respectively.

Radiomics feature selection and model construction

A total of 893 features remained after removing features with ICCs smaller than 0.8. Next, 586 features were removed by the 
t-test, and 298 features were removed due to redundancy. The remaining nine features were input into the LASSO logistic 
regression model. The optimal weight of L1 regularization was chosen as 0.01 by five-fold cross-validation. Finally, seven 
features with non-zero coefficients were selected. The radiomics score was given as the linear combination of the features in 
the following equation:

_ _ 0.277155Score 0.1 25 _ _ 0.33234807 _ _
0.06014112 _ _ _ 2 0.0834509

612495
1 _ _ _

3 gradient firstorder Minimum original ngtdm Coarseness original shape Elongation
wavelet HHH glcm Imc wavelet HLH glszm GrayLevelNonUnifor

− × − ×
− ×

= − ×
× + 0.24166107

_ _ _ 0.21134295 _ _ _
mityNormalized

wavelet HLH glszm LargeAreaLowGrayLevelEmphasis wavelet HLL glszm ZoneEntropy
+

× + ×
	 [1]

Construction of the combined model and nomogram

Based on the logistic regression analysis, we established a clinical radiomics combined model for preoperative understaging 
prediction that included the TLR and radiomics score. The AUCs of the combined model for preoperative understaging 

Table 2 Univariate and multivariate analysis of factors correlated with operative understaging

Factors 
Univariate analysis Multivariate analysis

OR (95% CI) P OR (95% CI) P 

Age 0.972 (0.928–1.102) 0.227

Sex

Female Reference

Male 2.507 (0.998–6.298) 0.051

Differentiation

Poorly Reference

Moderate 0.390 (0.132–1.151) 0.088

Well 0.633 (0.276–1.451) 0.280

Tumor location

Upper Reference

Middle 0.378 (0.065–2.215) 0.281

Lower 0.605 (0.301–1.217) 0.159

Tumor length 1.121 (1.061–1.184) <0.001 0.908 (0.794–1.039) 0.162

Tumor thickness 1.128 (1.031–1.233) 0.009 1.537 (1.162–2.034) 0.003

Ratio of tumor thickness/length 0.004 (0.000–0.070) <0.001 0.000 (0.000–0.003) <0.001

IQR, interquartile range; OR, odds ratio; CI, confidence interval.
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prediction were 0.874 (95% CI: 0.815–0.933) in the training 
cohort and 0.812 (95% CI: 0.703–0.912) in the external 
validation cohort (Table 3). The results of the DeLong 
test revealed that the combined model and the radiomics 
model outperformed the clinical model in the training 
cohort (P=0.024 and 0.001, respectively) and in the external 

validation cohort (P=0.038 and 0.201, respectively). A 
nomogram was developed to show the clinical utility of 
the combined model (Figure 1A). The calibration curve 
of the nomogram showed good consistency between the 
predicted risks and the actual risks for understaging in the 
training and external validation cohorts (Figure 1B,1C). The 
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Table 3 Performance of the models in predicting preoperative understaging

Variables AUC (95% CI) Sensitivity Specificity PPV NPV Accuracy

Training cohort

Clinical model 0.795 (0.718–0.871) 0.78 0.73 0.74 0.77 0.75

Radiomics model 0.864 (0.803–0.925) 0.79 0.81 0.80 0.79 0.80

Clinico-radiomics combined model 0.874 (0.815–0.933) 0.81 0.87 0.86 0.82 0.84

External validation cohort

Clinical model 0.727 (0.592–0.861) 0.78 0.73 0.76 0.76 0.76

Radiomics model 0.796 (0.683–0.910) 0.88 0.70 0.76 0.84 0.79

Clinico-radiomics combined model 0.812 (0.703–0.912) 0.84 0.73 0.77 0.81 0.79

AUC, area under the curve; CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value.

Figure 1 CT-based radiomics nomogram. (A) The radiomics nomogram was developed based on the radiomics score and the clinical factor 
of TLR. (B,C) Calibration curves of the nomogram in the training and external validation cohorts, respectively. CT, computed tomography; 
TLR, thickness-to-length ratio.
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Hosmer-Lemeshow goodness-of-fit tests results for the 
combined model were P=0.77 in the training cohort and 
P=0.95 in the external validation cohort.

The Brier score for the combined model was 0.175, 
a figure lower than that of the model that included the 
radiomics features alone (0.182) or the clinical model 
(0.200), indicating the higher accuracy of the combined 
model. Brier scores for the three models were obtained 
using the same external validation cohort.

Predictive value for DFS

The median follow-up duration in both cohorts was  
36.7 months (range, 3–63.6 months). At the last follow-up, 
recurrence was confirmed in 28 (20.9%) and 11 (17.7%) 
patients in the training and validation cohorts, respectively 
(P=0.607). The results of the Cox analysis for DFS are listed 
in Table 4. Tumor thickness, the TLR, radiomics score, 
pathological T stage, and Node stage were covariables 

Table 4 Univariate and multivariate analysis of disease-free survival

Variables
Univariate analysis Multivariate analysis

HR (95% CI) P HR (95% CI) P 

Age 0.984 (0.918–1.055) 0.652

Sex

Female Reference

Male 1.986 (0.599–6.577) 0.220

Tumor location

Upper Reference

Middle 1.160 (0.150–8.941) 0.887

Lower 1.309 (0.631–2.797) 0.487

Differentiation

Well Reference

Moderate 0.760 (0.276–2.091) 0.595

Poorly 0.668 (0.204–2.192) 0.506

Tumor length 1.036 (0.992–1.082) 0.114

Tumor thickness 1.067 (0.983–1.158) 0.121

Ratio of tumor thickness/length 0.022 (0.001–0.432) 0.012 0.952 (0.021–43.479) 0.980

Risks stratified by nomogram

Low-risk group Reference

High-risk group 13.280 (3.327–53.000) <0.001 13.074 (2.075–82.376) 0.006

Pathological T stage

pT1–2 Reference

pT3 2.181 (1.038–4.585) 0.040

Pathological N stage

pN0 Reference

pN1–3 2.327 (1.109–4.883) 0.003

Pathological TN stage

T1–2N0 Reference

T3N0/TanyN1–3 17.68 (3.034–103.034) 0.001

HR, hazard ratio; CI, confidence interval.
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that exhibited statistical significance in the univariate Cox 
analysis for DSF (P<0.05). The multivariate analysis based 
only on preoperative factors showed that only the total 
score of the nomogram independently predicted DFS (HR: 
13.074, 95% CI: 2.075–82.376; P=0.006). The C-index of 
the nomogram for DFS was 0.722 (95% CI: 0.648–0.796) 
in the training cohort and 0.689 (95% CI: 0.531–0.847) 
in the validation cohort. The patients in the training 
and validation cohorts were classified into high- and 
low-risk groups based on the corresponding nomogram 
threshold value. The prognosis of the high-risk group was 
significantly worse than that of the low-risk group in the 
training (Figure 2A) and validation cohorts (Figure 2B).

Instructions for clinical use

The clinical use of the nomogram consisted of the 
following steps: (I) select patients with CT-based 
clinical stage cT1–2N0 ESCC; (II) calculate the TLR 
and the radiomics score based on the CT images; (III) 
calculate the scores for the TLR and the radiomics score 
according to the nomogram (the corresponding score of 
each factor is listed on the top line of the nomogram); 
(IV) sum the scores for each factor; and (V) calculate 
the corresponding risk of the total score according 
to the line at the bottom of the nomogram. Figure 3  
shows examples of the clinical use of the nomogram.

Discussion

In the present study, we developed and validated a clinico-

radiomics model combining radiomics features and the 
TLR of tumors for the identification of preoperative 
understaging in patients with cT1–2N0 ESCC. The 
nomogram based on the combined model showed 
satisfying diagnostic ability in both the training and 
external validation cohorts, with AUCs of 0.874 (95% 
CI: 0.815–0.933) and 0.812 (95% CI: 0.703–0.912), 
respectively. In addition, the score of the nomogram based 
on the combined model was an independent variable that 
predicted postoperative DFS in patients with ESCC, 
providing valuable radiological support for personalized 
therapeutic plans.

Radiomic features analysis provides voxel-scale 
information about the compositional distribution profile 
within a tumor beyond its anatomic size. We extracted 
quantitative image features of tumors using contrast-
enhanced CT. The LASSO method was employed to 
reduce dimensionality. A total of seven potential radiomics 
features had a proper ratio for building the models 
that could avoid overfitting. Elongation was the most 
important factor in the radiomics model. Elongation was 
defined as the square root of the quotient of λ-minor to 
λ-major, where λ-major and λ-minor were the lengths 
of the largest and second-largest principal component 
axes of the ROI, respectively (29). Elongation ranged 
from 1 (non-elongated) to 0 (maximally elongated, like a 
one-dimensional line), with convergence to 1 indicating 
that the ROI was nearly a circle, and convergence to 0 
indicating that the ROI was nearly a straight line (30). 
Elongation reflected the degree of regularity of the ROI, 
which may be determined by the tumor growth pattern 
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Figure 2 Kaplan-Meier survival curve showed significant differences between the high- and low-risk radiomics nomogram scores of cT1–
2N0 esophageal cancer. (A,B) Patients in the low-risk group showed better survival than those in the high-risk group in the training and 
validation cohorts. cT1–2N0, clinical stage T1–2N0.
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Figure 3 Examples of the clinical use of the nomogram to predict the individual risk of preoperative understaging by manually placing 
straight lines across the diagram. (A) A 65-year-old female with cT1–2N0 esophageal cancer. The TLR of the tumor was 0.60. The 
radiomics score was 0.44. The corresponding scores of the factors are listed on the top line named as “Points” in the nomogram (green line 
for the TLR; blue line for the radiomics score). The values on the “Points” scale intersected by the lines were added to obtain the total score 
(19+44=63). The graph revealed that the risk of preoperative understaging was about 30% (red line). Postoperative pathology proved the 
stage was pT2N0. (B) A 72-year-old female with cT1–2N0 esophageal cancer. The TLR of the tumor was 0.41, corresponding to a score 
of 28 (green line). The radiomics score was 0.85, corresponding to a score of 85 (blue line). The total score (28+85=113) was calculated by 
combining the values on the “Points” scale intersected by the lines of each variable. The nomogram showed that the risk of preoperative 
understaging was about 94% (red line). Postoperative pathology proved the stage was pT1N1. TLR, the ratio of thickness to the length; 
cT1–2N0, clinical stage T1–2N0.

and biological behavior. Our results suggested that the more 
irregular the shape of the tumor, the higher the possibility 
of the preoperative understaging of patients.

It has been proven that the tumor length and tumor 
thickness of ESCC are positively correlated with T stage 
(19,31) and lymphatic metastasis (32,33). The present study 
demonstrated that tumor length and tumor thickness were 
also covariates for preoperative understaging in patients 
with cT1–2N0 ESCC. A clinical model constructed based 
on the tumor thickness and the TLR achieved AUCs 
of 0.727–0.795. However, its performance was inferior 
compared to that of the clinico-radiomics model that 
combined the TLR and radiomics score. The combined 
model showed satisfying diagnostic ability for preoperative 
understaging with AUCs of 0.812–0.874. It is notable 
that in the multivariate analysis, the TLR was negatively 
correlated with preoperative understaging.

In addition, the score of the nomogram based on the 
combined clinic-radiomics model was an independent 

predictor for postoperative DFS in patients with cT1–2N0 
ESCC in our study. Compared to patients with preoperative 
understaging cT1–2N0 cancer, those who were accurately 
staged had prolonged DFS. A multimodality approach 
with neoadjuvant therapy followed by surgery might 
be appropriate for those patients with a high risk of 
preoperative understaging.

This study had several limitations. First, as a retrospective 
study with a small sample size and only one external 
validation cohort, selection bias might have influenced the 
results. Thus, the generalizability of the results needs to be 
further verified. Second, as EUS was not available for some 
patients in this retrospective study, we used CT as an imaging 
modality for clinical stage without reference to EUS. 
Future research and an analysis of patients with cT1–2N0 
staging combined with CT, EUS, and positron emission 
tomography/CT should be performed. Third, we chose to 
use the venous phase images for the radiomics analysis, and 
it is unclear whether the combination of multiphase CT 
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images could provide more information. Fourth, the manual 
ROI delineation was time consuming. Semiautomatic 
segmentation and deep-learning methods require further 
research.

Conclusions

In conclusion, we established a non-invasive and convenient 
CT-based radiomics model that can accurately predict the 
risk of preoperative understaging in patients with cT1–2N0. 
Patients at high risk of preoperative understaging have 
shortened DFS and a poor prognosis after radical surgery 
without neoadjuvant therapy. Thus, the CT-based radiomic 
model could help in clinical decision making and the 
individualized treatment of patients with cT1–2N0 ESCC, 
and could improve the survival of patients.
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