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nomogram in predicting occult lymph node
metastasis of esophageal squamous cell
paralaryngeal nerves: a two-center study
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Abstract

Purpose The aim of this study is to construct a combined model that integrates radiomics, clinical risk factors
and machine learning algorithms to predict para-laryngeal lymph node metastasis in esophageal squamous cell
carcinoma.

Methods A retrospective study included 361 patients with esophageal squamous cell carcinoma from 2 centers.
Radiomics features were extracted from the computed tomography scans. Logistic regression, k nearest neighbor,
multilayer perceptron, light Gradient Boosting Machine, support vector machine, random forest algorithms were
used to construct radiomics models. The receiver operating characteristic curve and The Hosmer-Lemeshow test
were employed to select the better-performing model. Clinical risk factors were identified through univariate logistic
regression analysis and multivariate logistic regression analysis and utilized to develop a clinical model. A combined
model was then created by merging radiomics and clinical risk factors. The performance of the models was evaluated
using ROC curve analysis, and the clinical value of the models was assessed using decision curve analysis.

Results A total of 1024 radiomics features were extracted. Among the radiomics models, the KNN model demon-
strated the optimal diagnostic capabilities and accuracy, with an area under the curve (AUC) of 0.84 in the training
cohort and 0.62 in the internal test cohort. Furthermore, the combined model exhibited an AUC of 0.97 in the training
cohort and 0.86 in the internal test cohort.

Conclusion A clinical-radiomics integrated nomogram can predict occult para-laryngeal lymph node metastasis
in esophageal squamous cell carcinoma and provide guidance for personalized treatment.

Highlights

- To investigate the value of CT-based radiomics features in predicting occult lymph node metastasis adja-
cent to recurrent laryngeal nerve in esophageal squamous cell carcinoma.
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« The radiomics nomogram showed better performance than the clinical model to predict occult lymph node
metastasis adjacent to recurrent laryngeal nerve in esophageal squamous cell carcinoma.
- The radiomics nomogram demonstrated excellent performance in the training, internal validation, and external

validation cohort (AUC, 0.97; AUC, 0.86; AUC, 0.63)

Keywords Esophageal squamous cell carcinoma, Para-laryngeal lymph node, Radiomics, Nomogram

Introduction

China is one of the countries in the world with a high
incidence and mortality rate of esophageal cancer, and
esophageal cancer is mainly squamous cell carcinoma,
accounting for more than 95% [1, 2]. The clinical stage
of esophageal cancer patients at the beginning of treat-
ment has an important impact on the selection of treat-
ment strategies and can further affect their survival. At
present, the treatment of esophageal squamous cell car-
cinoma in the intermediate and advanced stages is still a
surgical-based integrated treatment. Studies [3, 4] have
shown that Sanno lymph node dissection, as a main-
stream surgical method for esophageal squamous cell
carcinoma, can improve the postoperative survival and
the accuracy of pathological staging of patients with
esophageal cancer, and reduce the postoperative local
recurrence rate of esophageal cancer. However, this sur-
gical method is traumatic, has many complications, pro-
longs the postoperative hospital stay, and seriously affects
the postoperative adjuvant treatment. Therefore, it is
very important to choose patients suitable for three-field
lymph node dissection. Due to the distribution of recur-
rent laryngeal nerve-draining lymph nodes along the
recurrent laryngeal nerve, which is an important region
for esophageal cancer metastasis, it has potential to be
used as a sentinel lymph node for cervical lymph node
dissection [3]. In addition, recurrent laryngeal nerve
injury is also an important adverse prognostic factor after
esophageal squamous cell carcinoma surgery. Recur-
rent laryngeal nerve-draining lymph node dissection
can improve the 5-year survival rate of esophageal can-
cer patients. Nakagawa et al. [4] showed that in the case
of upper thoracic esophageal squamous cell carcinoma,
third-field lymph node dissection significantly prolonged
survival compared with second-field dissection. In addi-
tion, Igaki et al. [5] have shown a clear survival benefit
with third-field versus second-field dissection in patients
with esophageal carcinoma of the lower thoracic seg-
ment with metastatic involvement of upper and/or mid-
dle mediastinal lymph nodes. Ma et al. [6] also showed
that third-field lymph node dissection had a clear advan-
tage over second-field lymph node dissection in terms of
1-, 3-, and 5-year survival rates. However, there is still a
lack of effective and non-invasive tools for predicting the

metastasis of recurrent laryngeal nerve-draining lymph
nodes in esophageal squamous cell carcinoma.

Computed tomography is recommended by the NCCN
(National Comprehensive Cancer Network, NCCN)
guideline as the preferred imaging examination for
esophageal squamous cell carcinoma in clinical practice
[7, 8]. It can provide high-resolution images with high
tissue contrast, and is currently one of the research hot-
spots in the field of medical image analysis. CT-based
radiomics is not dependent on subjective evaluation by
radiologists, and objectively and quantitatively meas-
ures the pixels and their arrangement patterns in tumor
lesions by extracting high-dimensional image features
from tumor lesions, then quantifies the internal lesion
information of the tumor. This method realizes real-time,
comprehensive, and dynamic capture of tumor hetero-
geneity through image feature extraction and machine
learning technology [9]. Radiomics has been widely stud-
ied for its potential in differential diagnosis and prognos-
tic prediction of various cancers due to its high accuracy
and availability [10-12]. However, there are few stud-
ies on predicting the metastasis of recurrent laryngeal
nerve-draining lymph nodes in esophageal squamous cell
carcinoma and its impact on patient survival prognosis,
and most lack independent external validation.

The aim of this study was to develop and validate a CT-
based clinical imaging nomogram that predicts occult
lymph node metastasis adjacent to the recurrent laryn-
geal nerve in patients with esophageal squamous cell car-
cinoma. This helps to timely individualize treatment for
patients suitable for three-field lymph node dissection,
thus allowing the patient to have a better survival time.

Materials and methods

Patients

Clinical, pathologic, radiographic, and laboratory data
were retrospectively collected from 361 patients with
esophageal squamous carcinoma who had undergone
surgical pathologic confirmation between May 2015
and December 2017 (294 from center 1; 67 from center
2). Contrast-enhanced CT examination was performed
within 1 week before surgery. The present retrospec-
tive study gained approval from the institutional review
board of our institute. Figure 1 shows the recruitment
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EC patients who underwent contast-enhanced abdominal
CT between June 2018 and June 2021.Center
1[n=320].Center 2[n=100]

Inclusion criteria:

1.Primary tumor with postoperative pathological
confirmation of ESCC;

2.without any prior treatment before surgical
resection;

3. Better quality of CT images;

4.preoperative CT data acquired in our hospital;
5.recevied surgical resection within 15 days of CT
image acquisiton.

Exclusion criteria:

1.preoperative therapy(neoadjuvant chemotherapy
or radiotherapy);

2.suffering from other tumor disease at the same
period;

3.insufficient CT quality;

4 the time interval between CT and surgery was
longer than 15 days.

Potential eligible patients
included in the study n=361

Primary Cohort

n=206 n=88

Internal Cohort

External Vadiation Cohort
n=67

Fig. 1 Flow chart of patients'recruitment pathway

process. Clinical characteristics of patients including age,
gender, smoking history, alcohol consumption history,
preoperative carbohydrate antigen199 (CA199), carci-
noembryonic antigen (CEA), tumor location, tumor size
were obtained from center 1 and center 2. Pathological
information included pathological TNM stage, tumor
differentiation, lymphovascular invasion (LVI) and peri-
neural invasion (PNI).

Patients conforming to criteria below were included:
(1) primary tumor with postoperative pathological con-
firmation of ESCC; (2) without any prior treatment
before surgical resection; (3) better quality of CT images;
(4) preoperative CT data acquired in our hospital; (5)
received surgical resection within 15 days of CT image
acquisition. Patients conforming to criteria below were
excluded: (1) preoperative therapy (neoadjuvant chemo-
therapy or radiotherapy); (2) suffering from other tumor
disease at the same period; (3) insufficient CT quality;
(4) the time interval between CT and surgery was longer
than 15 days.

CT examination equipment and methods

The patient fasted 4 h before examination and drank
800-1000 mL of water to fill the upper gastrointestinal
tract 10-15 min before examination. Mode of scan-
ning: scan in the supine calm breathing state. Scan-
ning Scope: the upper boundary is at the level of the
two incisors and the lower boundary is at the level of
the lower border of both kidneys. Scan parameters:
tube voltage 120 kVP, tube current 100-200 mAs;
matrix 512X 512; layer thickness, layer spacing 5 mm,

and 1-2 mm thin layer reconstruction. Arterial phase
images were acquired after a CT scan was performed
first and then intravenously injected through the elbow
median at a rate of 3 mL/s (at 1-1.5 mL/kg) with the
contrast agent iohexol (iodine-containing 300 mg/mlL,
Yangtze River Pharmaceuticals, China) after a delay of
35 s. CT images obtained from scans were uploaded
to the image archiving and communication systems
(PACS).

According to our discussion with the pathology doc-
tor in the hospital, combined with the scanning range
of the chest CT imaging and the new cervical lymph
node zoning standard published by the European Soci-
ety of Radiation Oncology (ESTRO) in November 2023,
the observation range of recurrent laryngeal nerve
paralymph node metastasis in CT imaging examination
is defined as the Vc and VIb area in the cervical lymph
node partition. we also provided schematics to illus-
trate the extent of observation of paralaryngeal lymph
nodes that can be detected by CT examination. It is
shown in Additional file 1: Fig. S1.

Vc upper and lateral group of clavicle: the upper bound-
ary is the lower edge of the cervical transverse blood ves-
sel, the lower boundary is 2 cm above the upper edge of
the sternum handle, the anterior boundary is the skin, the
posterior boundary is the anterior edge of the oblus mus-
cle (upper), the anterior front 1 cm (lower) of the anterior
saural muscle (lower), the outer boundary is the oblique
muscle (upper), the clavicle (lower), the inner boundary
is the oblique muscle, the lateral side of the sternum, and
the outer side of the IVa area.
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VIb prelaryngeal, anterior tracheal and paratracheal
lymph nodes: the upper boundary is the lower edge
of thyroid cartilage, the lower boundary is the upper
edge of the sternum stalk, the anterior boundary is
the surface of the throat, the thyroid and trachea (pre-
laryngeal and anterior tracheal lymph nodes), anterior
vertebral/muscle (right)/esophagus (left), the posterior
boundary is the bilateral common carotid artery, and
the outside is the side of the trachea and esophagus
(lower).

The detail of pathological confirmation

Postoperative tumor specimens were fixed with 10%
formaldehyde, and sections were 4 um thick and stained
for HE. (1) PNI positivity was defined as tumor cell
invasion of any layer of the nerve sheath or tumor cell
encirclement of at least one-third of the nerve circum-
ference. (2) LVI positivity was defined as the presence
of tumor cells within a lumen lined by endothelium,
attached to the wall of the tube and with elastic lamel-
lae surrounding the tumor focus. (3) Diagnostic criteria
for metastatic involvement of the para-recurrent laryn-
geal nerve: metastatic involvement of the para-recur-
rent laryngeal nerve in the specimen submitted was
considered to be positive for metastatic involvement of
the para-recurrent laryngeal nerve in accordance with
the pathologic diagnosis of the esophageal lesion (all
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specimens were confirmed by the same group of our
departmental physicians).

Image segmentation and feature extraction

The workflow of radiomics is illustrated in Fig. 2. The
entire tumor was manually delineated with ITK-SNAP
(v. 3.8.0, https://www.itksnap.org) for the period of unen-
hanced, arterial, and venous phase. Interclass and intra-
class correlation coefficients (ICCs) are used to evaluate
the interobserver and intraobserver reproducibility of
extracted radiohistological features. In this study, CT
images of 30 patients randomly selected from the train-
ing group were subjected to ROI delineation to calculate
the inter- and intra-class correlation coefficients (ICCs)
of the extracted radiographic characteristics to assess the
intergroup and intra-group agreement of the characteris-
tics extracted. ICCs>0.75 indicated a better consistency
in characteristic extraction.

Prior to extracting radiomics features, three steps
were utilized for image preprocessing. Firstly, lin-
ear interpolation was utilized for image resampling to
1 mm*1 mm*1 mm. Secondly, gray level discretization
was applied in converting serial images in the discrete
integer values. At last, mixed noise during image digi-
tization was removed using log and wavelet image fil-
ters, while high- or low-frequency features were then
obtained. Radiomics features were extracted using
the open-source package Py Radiomics (version 3.0.1,
https://pyradiomics.readthedocs.io/en/latest/). From the
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unenhanced, arterial, and venous 1024 radiomics features
were extracted respectively for quantification of tumor
internal heterogeneity. These signatures consisted of 18
First order, 22 grey-level co-occurrence matrix (GLCM),
16 grey-level run-length matrix (GLRLM), 16 grey-level
size zone matrix (GLSZM), 14 grey-level dependence
matrix (GLDM), and 14 shapes.

Radiomics features selection and model establishment

The optimal radiomics features were selected by the fol-
lowing three steps. First, a robust radiomics signature of
ICCs>0.75 was selected. Secondly, the mRMR algorithm,
LASSO logistic regression, and tenfold cross-validation
were used to characterize dimensional reduction. mRMR
minimizes the discrimination between negative and
positive features of lymph node metastasis in the recur-
rent laryngeal nerve and eliminates redundant and unre-
lated features, improving the efficiency of late modeling
and modeling by reducing dimensions. Subsequently,
LASSO-Logistic regression algorithm and tenfold
cross-validation of regulatory punishment parameters
(Lambda, )\) were used to select the optimal feature with
non-zero coefficients. Finally, a logistic regression model
was constructed by calculating Rad-scores for the sum
of the respective LASSO-Logistic regression coefficient-
weighted selected characteristics with the respective cor-
responding coefficient product. The predictive power
of the imaging histology model was assessed by ROC
curves, with AUC, accuracy, sensitivity, and specificity
calculated. One hundred LGOCVs were used to test the
stability and reliability of the results. DCA was used to
evaluate the clinical utility of the model. The selection of
all radiomics features and the construction of the models
were performed in the training group.

Establishment of the comprehensive nomogram

Significant clinical predictors were determined by the
chi-square test (classified variables), t-test, or Mann—
Whitney U-test (continuous variables) in the training
group; then univariate logistic regression was used to
determine whether these clinical predictors were sta-
tistically significant (P<0.05) and multivariate logistic
regression was used to construct a clinical model. To
establish a more robust predictive model, imaging inte-
grated nomograms were constructed combining these
clinical predictors with imaging scores. Calibration
curves for histological nomograms were plotted using
the Hosmer—Lemeshow (HL) test. Finally, the net benefit
of the decision curve evaluation nomogram was plotted.
Statistical analysis Data processing and modeling used
R software (v. 4.2.1, https://www.R-project.org). The
R-software package used is shown in Table 2. The tests
for continuous variables used independent sample t test
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or Mann—Whitney U test. Categorical variables were
tested with the x* test or Fisher’s exact test. The diagnos-
tic efficiency of each model was evaluated with the use of
receiver operating characteristic (ROC) curves.

Results

Clinical characteristics

In total, 361 patients with esophageal squamous cell car-
cinoma were included in the analysis. Tables 1, 2 sum-
marizes the characteristics of the clinical baseline data
of this study. In the training cohort, gender, age, smok-
ing, alcohol consumption, tumor location, and tube
wall thickness were not statistically significant between
patients in the positive and negative group for recurrent
laryngeal nerve paralymph node metastasis (both P val-
ues >0.05). The length of pathological N stage, peripheral
nerve infiltration, differentiation, and esophagectomy
between patients in the positive group and those in
the negative group of recurrent laryngeal nerve para-
lymph node metastasis was statistically significant (P
value <0.05).

Features selection and radiomics model establishment
First, 1024  radioimaging  histological  features
(ICCs>0.75) were retained. Secondly, the mRMR algo-
rithm was used to reduce the number of signatures to 30.
Finally, the LASSO regression with an optimal A of 0.022
determined the imaging histology characteristics of 20
non-zero coefficients. Additional file 1: Fig. S2 showed
that lasso was used to develop Radscore. Additionally,
this study compared the stability and reliability of five
machine learning methods with logistic regression mod-
els constructed to predict recurrent paraneural lymph
node metastasis in esophageal squamous cell carcinoma,
including k nearest neighbor (KNN), multilayer per-
ceptron (MLP), light Gradient Boosting Machine (Light
GBM), support vector machine (SVM), random for-
est (RF), and calculated AUC, accuracy, sensitivity, and
specificity (Table 3 and Fig. 3). The results showed that
the imaging histology model constructed with the KNN
method had the best stability and reliability. The KNN-
based radiomics model was finally selected for the estab-
lishment of subsequent comprehensive nomogram.

Establishment and performance of the clinical model

Patients from the training cohort were used to construct
the prediction model. Clinical and pathological infor-
mation of 206 patients with esophageal cancer results
of the univariate logistic regression and multivariate
logistic regression analyses are shown in Tables 1, 2.
The results of univariate logistic regression showed that
the 3 parameters of lesion differentiation, pathologic N
stage, and the presence or absence of peripheral nerve
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Table 1 The differences of clinical data in both the training and test cohorts
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Characteristic ~ Training cohort (n=206)

Internal validation cohort (n=88)

External validation cohort (n=67)

LNM— LNM+ p-value LNM- group LNM+ group p-value LNM- group LNM+ group p-value
group group (n=73) (n=15) (n=44) (n=23)
(n=155) (n=51)
Sex (%) 0.867 0.024 0.788
Female 37(23.9) 13 (25.5) 12(164) 7 (46.7) 20 (45.5) 10 (43.5)
Male 118 (76.1) 38(74.5) 61(83.6) 8(533) 24 (54.5) 13 (56.5)
Age (mean+SD, 628+122 653489 0654  603+133 635+103 0707  583%112 642+108 0025
years)
Drinking history 0.084 0.128 0.192
No 96 (61.9) 39(76.5) 40 (54.8) 12 (80.0) 15(34.1) 4(17.3)
Yes 59(38.1) 12 (23.5) 33(45.2) 3(20.0) 29 (65.9) 19 (82.7)
Smoking history 0.249 0.058 0.107
No 84 (54.2) 33 (64.7) 31 (42.5) 11(73.3) 18 (40.9) 12 (364)
Yes 71 (45.8) 18 (35.3) 42 (57.5) 4(26.7) 26 (59.1) 11(63.6)
Thick 13403 14+04 0.054 14406 1.5+09 0.907 1.1+09 1.0+1.8 0.752
(mean=+SD, cm)
Tumor location 0.934 0618 0.258
(%)
Upper lesion 7 (4.5) 239 3(4.0) 1(6.7) 15 (34.1) 10 (43.5)
Lower lesion 99 (63.9) 34 (66.7) 53(726) 9 (60.0) 12 (27.3) 8(34.8)
Middle lesion 49 (31.6) 15 (29.4) 17 (23.3) (333) 17 (38.6) 521.7)
pT stage (%) 0.157 0.197 0.927
pl1+T2 34(21.9) 6(11.8) 21(2838) 1(6.7) 10 (22.7) 3(13.0)
pT3 107 (69.0)  37(72.5) 48 (65.8) 13(86.7) 20 (45.5) 10 (43.5)
pT4 14 (9.0) 8(15.7) 4(5.5) 1(6.7) 14(31.8) 10 (43.5)
pN stage (%) 0.015 0.033 0.886
pNO 14 (9.0) 11(21.6) 37(50.7) 3(20.0) 12 (27.3) 8(34.8)
pN1 42(27.1) 16 (31.4) 25(34.2) 6 (40.0) 10 (22.7) 12(52.2)
pN2 22(14.2) 12 (23.5) 9(12.3) 6 (40.0) 12(27.3) 2(87)
pN3 7(4.5) 12 (23.5) 2(27) 0(0.0) 10 (22.7) 1(43)
PNI 0.001 0.056 0.228
No 124 (80.0)  25(49.0) 16 (21.9) 5(333) 20 (45.5) 10 (43.5)
Yes 31(20.0) 26 (51.0) 57(78.1) 10 (66.7) 24 (54.5 13 (56.5)
Differentiation 0014 0.045 0.928
0 42(27.1) 14 (27.5) 16 (21.9) 5(333) 12(27.3) 12(52.2)
1 113 (72.9) 30(58.8) 7(78.1) 10 (66.7) 20 (45.5) 10 (43.5)
2 0(0.0) 4(7.8) 0.0) 0(0.0) 4(9.7) 1(43)
3 0(0.0) 3(5.9) 0(0.0) 0(0.0) 8(18.2) 0(0.0)
The length 0.025 0.048 0.128
of esophageal
resection
<5cm 40 (25.8) 6(11.8) 13(17.8) 1(6.7) 20 (45.5) 13 (56.5)
>5cm 115(742)  45(882) 60 (82.2) 14(93.3) 24 (54.5) 10 (43.5)

invasion (P <0.05) significantly contributed to the predic-
tion of recurrent laryngeal paralymph node metastasis
in esophageal cancer and were included in the multivari-
ate logistic regression analysis. The results of multivari-
ate logistic regression analysis demonstrated that the 3
parameters of lesion differentiation, pathologic N stage,

and the presence or absence of peripheral nerve inva-
sion (P<0.05) were identified as risk factors of differ-
ential diagnostic value and incorporated to construct a
clinical model. The predictive accuracy of clinical mod-
els is suboptimal. The AUC was 0.94 [95% CI 0.92-0.97]
with accuracy of 67% in the training set and 0.85 (95% CI
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Table 2 Univariate and multivariable logistic regression analyses
for selecting clinical data of model development

Variable Univariate analysis Multivariate analysis

OR (95% Cl) p-value OR (95% Cl) p-value
pN stage 1.15(1.11-1.20) 0.015 1.02(0.95-1.10) 0.024
PNI 1.23(1.12-1.34) 0.001  1.02(0.95-1.10) <0.001
The_length_of_ 1.15(1.04-1.27) 0025 1.06 (0.98-1.13) 0.023
esophageal_
resection

1.12(1.04-1.21) 0014
6.91(3.15-929) <0.001

1.06 (1.01-1.13) 0.045
7.86(2.82-21.95) <0.001

Differentiation
Rad score

Page 7 of 12

0.67-1.00) with accuracy of 90% in the internal validation
set (Table 4).

Establishment and performance of the comprehensive
nomogram

In this study, clinical factors were analyzed using univari-
ate and multivariate logistic regression, which showed
that pathological N stage, peripheral nerve infiltration,
differentiation, and length of esophagectomy were statis-
tically significant for predicting recurrent laryngeal nerve
paralymph node metastasis in esophageal squamous cell
carcinoma in the training group (P<0.05) (Tables 1, 2).

Table 3 Diagnostic performance of different radiomics models for predicting osteoporosis in training and test cohorts

Model Accuracy AUC 95% Cl Sensitivity Specificity PPV NPV
LR-train 083 0.78 0.71-0.85 037 097 0.78 0.84
LR-test 0.86 0.86 0.72-1.00 0.57 0.95 0.79 0.87
SVM-train 0.83 0.95 0.92-0.99 027 0.99 0.99 0.82
SVM-test 0.80 0.81 0.63-1.00 0.14 0.99 0.99 0.79
KNN-train 0.82 0.84 0.79-0.89 0.72 0.94 0.67 0.85
KNN-test 0.81 0.62 0.37-0.86 0.74 0.95 0.68 0.78
Random Forest-train 0.98 0.99 0.99-1.00 0.93 0.99 0.99 0.98
Random Forest-test 0.76 0.73 0.55-0.92 0.54 0.95 049 0.78
Light GBM-train 0.80 097 0.95-0.98 0.53 0.99 0.88 0.79
Light GBM-test 0.76 0.76 0.51-1.00 0.50 0.99 049 0.76
MLP-train 0.81 0.83 0.78-0.89 0.16 0.99 0.90 08

MLP-test 0.76 0.83 0.67-0.98 0.50 0.99 0.50 0.76

wavelet LHH_glcm_ClusterShade | wmmm Coefficients

wavelet_HLL_glszm_GrayLevelNonUniformityNormalized 1
wavelet_LLH_glrim_RunEntropy.2 1
original_glszm_SmallAreaEmphasis 1
log_sigma_5_0_mm_3D_glcm_ClusterShade {
log_sigma_4_0_mm_3D_glszm_GrayLevelNonUniformityNormalized 1
wavelet_ HHL_glszm_GrayLevelNonUniformityNormalized 1
log_sigma_5_0_mm_3D_gldm_LowGrayLevelEmphasis.1 1

wavelet HLL_glszm_ZoneVariance 1

wavelet_ HHL firstorder_RobustMeanAbsoluteDeviation.2 1

feature_name

log_sigma_5_0_mm_3D _firstorder_Minimum 1
log_sigma_1_0_mm_3D_gIrim_LongRunHighGrayLevelEmphasis.1 {
log_sigma_1_0_mm_3D_glszm_GrayLevelVariance {
log_sigma_2_0_mm_3D_firstorder_Maximum.1 1
log_sigma_3_0_mm_3D_firstorder_90Percentile.1 1

wavelet HLH_glcm_MaximumProbability.1 4
log_sigma_3_0_mm_3D_gldm_HighGrayLevelEmphasis.1 1

log_sigma_2_0_mm_3D_firstorder_90Percentile.1 1

log_sigma_1_0_mm_3D_firstorder_Maximum.1 1

-0.02 0.00 0.02 0.04 0.06

Fig. 3 The 19 optimal radiomic features selected for the radiomics model are shown in this image, illustrating the contribution of each feature

in the radiomics model
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Table 4 Diagnostic performance of better radiomics, clinical and combined models for predicting osteoporosis in training and test

cohorts

Model Cohort AUC (95% CI) Accuracy Sensitivity Specificity PPV NPV

Radiomics mode Training cohort 0.84 (0.79-0.89) 0.83 0.73 0.94 0.68 0.85
Internal validation cohort 0.62 (0.37-0.86) 0.77 0.64 0.95 0.50 0.79
External validation cohort 0.63 (0.49-0.78) 0.65 0.17 0.70 0.24 0.62

Clinical model Training cohort 0.94 (0.92-0.97) 0.67 0.62 0.70 0.55 0.75
Internal validation cohort 0.85 (0.67-1.00) 0.90 057 0.99 0.99 0.88
External validation cohort 0.59 (0.44-0.73) 0.68 0.26 0.73 033 0.65

Combined model Training cohort 0.97 (0.95-0.99) 091 0.68 0.98 0.89 091
Internal validation cohort 0.86 (0.67-1.00) 0.80 0.72 0.99 0.99 0.79
External validation cohort 0.63 (047-0.78) 0.70 0.77 022 0.65 033

Therefore, a clinical model was constructed according to
clinical risk factors, and the efficacy of the clinical model
is shown in Table 3. Clinical predictors were finally com-
bined with a KNN-based rad-score with high stability
and reliability (Table 4 and Figs. 4, 5) to construct the
integrated nomogram in Fig. 6 and Additional file 1: Figs.
S3 and S6. The HL (Hosmer—Lemeshow, HL) test showed
good agreement (P values>0.05) for the calibration
curves of the nomograms predicting recurrent laryngeal
nerve paralymph node metastases in both the training
and validation groups, as shown in Additional file 1: Fig.
S4.

Decision curve analysis (DCA) can help to judge the
actual clinical utility of clinical model, radiomics model,
combined model. The decision curves for both mod-
els suggest that this new diagnostic strategy results in a
greater net benefit (>0 means patient benefit) in patients

a Model AUC

with recurrent laryngeal nerve occult lymph node metas-
tases, with a more pronounced benefit in the clinical-
radiomics model than in the clinical model, as shown in

the Additional file 1: Fig. S5.

Discussion
This study establishes and validates the predictive value
of radiomics models based on preoperative contrast-
enhanced CT images for laryngeal recurrent occult
lymph node metastasis in esophageal squamous carci-
noma. Additionally, comprehensive nomograms based
on rad score and clinical predictors (pathological N stage,
peripheral nerve infiltration, length of esophagectomy,
and degree of differentiation) were most predictive.
Detecting lymph node metastasis in routine CT
examination is extremely challenging. Particularly

Model AUC
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Fig. 4 The receiver operating characteristic curves for the radiomics models (LR, SVM, RF, KNN, MLP) in the training (a) and test (b) cohorts are
shown. The y-axis represents the true positive rate (sensitivity), and the x-axis represents the false positive rate (1-specifcity). The diagonal line
represents the performance of a random classifier



Xue et al. Journal of Translational Medicine (2024) 22:399 Page 9 of 12

a Model AUC b Model AUC

1.0 - — o 7/ 1.0 -
2 s, B . /:
s ot”
08 / 0.8 ‘ /
e L IR 4
7’ . 7’
s <% 7

06 7’ 06 Py 7’
Z 7 Z . ¥e
H 7 2 . s
3 7/ 3 . 7’

7 * ’
04| o 04 'S /7
N * d
* 7’
[ ] * d
029 02 P4
I [ Clinic Signature AUC: 0.948 (95%CI 0.924-0.973) * 7 7’ [ Clinic Signature AUC: 0.851 (95%CI 0.666-1.000)
" 7’ M Rad Signature AUC: 0.843 (95%Cl 0.795-0.890) 8 P M Rad Signature AUC: 0.618 (95%Cl 0.372-0.864)
7’ Nomogram AUC: 0.965 (95%C] 0.946-0.985) Nomogram AUC: 0.863 (95%CI 0.674-1.000)
%0 02 04 06 08 1.0 %0 02 04 06 08 1.0
1 - Specificity 1 - Specificity

Fig. 5 The receiver operating characteristic curves of the clinical, radiomics, and combined models in the training (a) and test (b) cohorts are
displayed. It is plotted with the true positive rate (sensitivity) on the y-axis against the false positive rate (1-specifcity) on the x-axis. The diagonal line
represents the performance of a random classifier. Rad radiomics model (KNN); AUC area under the curve

0 10 20 30 40 50 60 70 80 90 100
POintS L L L L 1 1 1 1 1 1 1
1 3
pN I Il ; 1
0 2
1
PNI —
0
1 3
Differentiation —t—
0 2

The length of esophageal_resection r—m™ 1

0
02 0.6

Radscore T L T : 1

0 0.4 0.8
Total Points r T T T T T T T T T 1

0 20 40 60 80 100 120 140 160 180 200
Risk r T T T T T T T T T T T 1

0.01 005 0.1 02 03040506 07 08 09 095 0.99

Fig. 6 Comprehensive nomogram for predicting recurrent laryngeal nerve paralymph node metastasis in esophageal squamous carcinoma

metastatic lymph nodes less than 1 cm in diameter [13, observation of the anatomical structure of the tumor,
14]. Although routine CT examination is convenient but also reflects tumor heterogeneity and has good pre-
and popular, the diagnostic performance of lymph node dictive accuracy in multiple tumor nodal status predic-
metastasis is relatively low. Previous studies [15, 16] have  tions. In this study, we found that in addition to texture
shown that imaging based on CT, MRI, PET-CT, etc., as  characteristics, first-order characteristics are also of great
a noninvasive and quantifiable method, not only allows  value in the optimal model, with a total of 6 so-called
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first-order characteristics, which refer to the differences
and patterns in the distribution of pixel gray intensity in raw
data images directly based on CT scans, used to describe
the distribution of signal intensity worthy of various voxels,
which can be reflected by the distribution characteristics of
histograms [17, 18]. Thus, the difference in gray-value inten-
sity caused in the CT images within the tumor tumor was
of great significance for the model predicting lymph node
metastasis with para-laryngeal nerve occultness. In addition,
we found that the correlation coefficients of GLCM, GLDM,
GLRLM, and GLSZM imaging characteristics ranked fourth.
Among these selected 3D imaging characteristics, Cluster
Shade based on the gray-level symbiotic matrix of 3D images
was the most valuable parameter for predicting recurrent
laryngeal nerve lymph node metastasis in esophageal squa-
mous carcinoma. The cluster shading reflects the uniform-
ity and equilibrium of the gray matter value of the image, i.e.,
the larger the local change in the image texture, the larger the
texture heterogeneity, the larger the cluster shading value.

This study is based on manually sketching the CT
image of the area of interest, which reflects the hetero-
geneity of the tumor in the microstructure and improves
the predictive performance of the model. This study uses
ITK-SNAP software to extract the histogram param-
eters, absolute gradient model, grayscale travel matrix
and grayscale symbiotic matrix characteristics of the
three-dimensional space of the whole tumor, which can
reflect the heterogeneity of the whole tumor. Select the
imaging omics characteristics with the greatest weight of
differential diagnosis. The constructed Radscore has high
predictive value. In the training and test set, Radscore in
the positive paralaryngeal lymphatic metastasis is higher
than the negative lymph node metastasis group, indicat-
ing that the esophageal cancer lymph node metastasis
group and the non-metastatic group have no For the het-
erogeneity of the same tumor, the AUC, which uses the
KNN-based radiomics model alone, is 0.881 and 0.741 in
the training and test set, which has high efficiency, indi-
cating that the radiomics feature predicts that the case
of lymph node metastasis that is negative by CT images
suggests has potential value, high Rad-scores suggests
that the possibility of lymph node metastasis is signifi-
cantly increased.

This study also compared several machine learning
approaches to differentiate preoperative recurrent laryn-
geal nerve lymph node status in patients with esopha-
geal squamous cell carcinoma and found that the KNN
machine learning model had the best predictive efficacy,
with AUC values > or =0.80 in both the training and test
sets, and other machine learning models, but the limita-
tions of the algorithm and the loss of important clinical
observational characteristics prevented it from compar-
ing with the KNN model. Therefore, the KNN machine
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learning model constructed in this study has high prac-
ticality and reliability. The reason why KNN machine
learning models achieved the expected diagnostic effi-
ciency may be as follows: first, the theoretical maturity
and simplicity of the KNN algorithm can be used to con-
struct regression as well as linear, nonlinear classifica-
tion models. Second, compared to machine algorithms
such as Basque Bayesian, the KNN algorithm has low
complexity, high accuracy, and is insensitive to abnor-
malities. Third, as the KNN approach relies mainly on
the surrounding limited adjacent samples rather than the
discriminant-domain approach to determine the class to
which it belongs, the KNN algorithm is more appropri-
ate than other approaches for sets of unclassified samples
with more crossovers or duplications of the class. Forth,
the KNN algorithm compares automatically classifica-
tions applicable to categories with larger sample sizes,
whereas those with smaller sample sizes tend to be sub-
ject to misclassification with this algorithm. Also the rea-
son why other machine learning models failed to achieve
the expected diagnostic efficiency may be as follows:
first, the small sample size of the present study and the
modeling of other machine learning models was simpler
than that of the KNN machine learning model. Therefore,
they are not applicable to small data volumes. Second,
the relationship of CT imaging histological features of
esophageal squamous carcinoma to recurrent laryngeal
nerve paralymph node status is unclear and is likely to
be nonlinear. The KNN machine learning model is more
explanatory and suitable for solving a series of complex
nonlinear linear problems.

Some scholars have also found [19] that the size of
the primary tumour is not a determinant of lymph node
metastasis for lymph node metastasis. Similar to this
conclusion, in this study we found that none of the final
model-selected features were shaped. This suggests that
three-dimensional morphological and size characteristics
of esophageal squamous carcinoma tumors are not deci-
sive factors in the prediction of lymph node status, and
that esophageal squamous carcinoma recurrent para-
neural lymph node status may be more dependent on the
degree of differentiation, pathological type, and progres-
sion [20] of the tumor.

In recent years, more and more studies have developed
nomograms to help clinical decision-making processes
intuitively, making treatment strategies more precise and
personalized for patients with cancer. In previous studies
of other tumors, it was found that the imaging histologi-
cal characteristics of the primary tumor could evaluate
and predict lymph node metastasis of gastric adenocar-
cinoma, lung cancer, bladder cancer and other tumors.
At the time of the deadline, the authors searched Pub-
med with the MeSH subject-matter ‘recurrent paranodal
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lymph node metastases in esophageal cancer’ and the
keyword ‘Radiomics;, but did not retrieve relevant lit-
erature that predicted recurrent paranodal lymph node
metastases by radiomics features of primary esophageal
cancer. However, metastatic involvement of lymph nodes
adjacent to the recurrent laryngeal nerve in esophageal
cancer has some commonalities with axillary lymph
nodes in breast cancer, i.e., no accurate localization of
metastatic lymph nodes can be achieved in both cases.

Therefore, the related study of using imaging histology
to predict axillary lymph node metastasis in breast can-
cer is of great reference significance for laryngeal recur-
rent nerve paralymph node metastasis in esophageal
cancer. Yu et al. [21] developed a nomogram with imag-
ing histological features and clinical features to provide
individualized prediction of the risk of axillary lymph
node metastasis and disease recurrence in patients with
early breast cancer. Tan et al. [22] established nomograms
(AUC=0.805) containing clinical-pathological features
of radiohistology based on T2-FS images using linear
regression models. Shan et al. [23] validated a nomo-
gram model for invasive detection of axillary lymph node
metastasis in patients with breast cancer by combining a
kinetic curve model and extraction of imaging histology
features from DCE-MRI. These nomograms are based on
the analysis of imaging characteristics of breast tumors,
and although they are significant in predicting axillary
lymph node metastasis, they do not accurately localize
metastatic lymph nodes. This is similar to the subject
matter of the present study. The nomogram developed in
this study was composed of imaging histological features,
with Rad-score being the most significant independent
influencing factor in differentiating axillary lymph node
metastatic status (OR=7.86, P<0.001). After adding
Rad-score to the prediction model for imaging features,
we found significant improvements in the diagnostic effi-
cacy of nomograms compared with imaging or imaging
histology alone, with internal and external validations
demonstrating good discrimination and calibration, and
decision curve analysis demonstrating clinical utility. In
summary, the use of clinical-imaging histogram nomo-
grams to predict small volumes of recurrent laryngeal
nerve paralymph node metastasis in esophageal cancer
can improve the accuracy of prediction by conventional
CT techniques and help clinical decision making.

The nomogram in this study is a linear model based
on the principle of logistic regression. Finally, this study
includes independent risk factors such as rad-score, dif-
ferentiation degree, N-staging and peripheral nerve infil-
tration. Using the joint prediction model, the diagnostic
efficiency of the training and test set is higher. The KNN-
based radiomics model shows that disease assessment
needs to integrate different information such as clinical,
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pathology, imaging, etc. This study integrates multiple-
dimensional prediction factors to build a visual line chart
model. The calibration curve display model has good fit-
ting advantages, and the model established in this study
has good stability and extrapourability. The AUC of the
nomogram were 0.97, 0.86 and 0.63 in the training set,
internal test group and external test set respectively.

There are several limitations in this study. First, the num-
ber of patients included is limited, and the application of
machine learning models to big data sets yields more sta-
ble results. Several imaging models, including KNN, MLP,
and SVM, were included in this study and are a subset of
machine learning models with a high ability to simulate non-
linear characteristic data. However, they did not exhibit the
expected predictive power in this study, possibly because
variable characteristics were not efficiently extracted and
the data volume was small. Therefore, in subsequent studies,
more multicenter data can be added for training and exter-
nal validation, resulting in more reliable prediction models.
Secondly, the development and validation of this study using
retrospective data should be preceded by a prospective vali-
dation study to confirm the reliability of the model before
formal clinical practice.

Conclusion

The comprehensive nomogram based on CT images is use-
ful in predicting recurrent laryngeal nerve paranodal lymph
node metastasis in patients with esophageal squamous cell
carcinoma. The reliable and predictive model can help clini-
cians to tailor their diagnosis and treatment, improve out-
comes and improve postoperative quality of life. Subsequent
studies are required to confirm these findings.

Methodology

» Retrospective,
+ Case—control study,
+ Performed at two institution.
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The online version contains supplementary material available at https://doi.
0rg/10.1186/512967-024-05217-4.

Additional file 1: Figure S1. Schematics to illustrate the extent of obser-
vation of paralaryngeal lymph nodes that can be detected by CT examina-
tion. Figure S2. a The most valuable features were screened out by tuning
Lambda using LASSO via minimum binomial deviation. LASSO, least
absolute shrinkage and selection operator. b LASSO coefficient profile
plot with different log (\) was shown. The vertical dashed lines represent
19 radiomics features with nonzero coefficients selected with the optimal
Lambda value. Figure S3. An example of the nomogram in clinical utility.
The figure illustrates the process of calculating the risk scores of recurrent
laryngeal nerve invasion in ESCC using the nomogram. This is an example
of a 70-year-old man with cancer. His recurrent laryngeal nerve mutation
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Risk score was calculated as 0.4 according to the formula for the Radscore.
The total score was 135, which corresponded to a KRAS mutation risk of
0.85. The normal range for the length of esophageal resection is less than
5 cm. The normal range of clinical data is“0’, and the abnormal range is“1".
Figure S4. The combined model calibration curve in the training (a) and
test (b) cohort, illustrating the relationship between Mean Predicted Prob-
ability on the x-axis and Fraction of Positive on the y-axis, while comparing
their alignment with the perfectly calibrated line. Rad, radiomics model
(KNN). Figure S5. DCA curve of radscore and the significantly associated
clinical features. Figure S6. An example of the nomogram in clinical utility.
In this patient, postoperative pathology was confirmed to be differenti-
ation-esophageal squamous cell-peripheral nerve invasion positive, and
two small lymph nodes were found on the left clavicle at preoperative

CT with clear borders. The probability of metastatic involvement of the
paralaryngeal lymph nodes was greater than 75% after calculation of the
clinical-imaging nomogram described above, but postoperative pathol-
ogy of these two lymph nodes alone showed that the two lymph nodes
were negative.
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