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Abstract
Background: The necessity of prophylactic lateral neck dissection for cN0 papillary thyroid carcinoma (PTC) remains debated. This study aimed 
to compare traditional nomograms with machine learning (ML) models for predicting ipsilateral lateral and level II, III, and IV lymph node 
metastasis (LNM).
Methods: Data from 1616 PTC patients diagnosed via fine-needle aspiration biopsy from hospital A were split into training and testing sets (7:3). 
Two hundred forty-three patients from hospital B served as a validation set. Four dependent variables—ipsilateral lateral and level II, III, and IV 
LNM—were analyzed. Eight ML models [logistic regression, decision tree, random forest (RF), gradient boosting, support vector machine, 
K-nearest neighbor, Gaussian naive Bayes, neural networks] were developed and validated using 10-fold cross-validation and grid search 
hyperparameter tuning. Models were assessed using 11 metrics including accuracy, area under the curve (AUC), specificity, and sensitivity. 
The best was compared with nomograms using the probability-based ranking model approach (PMRA).
Results: RF outperformed other approaches achieving accuracy, AUC, specificity, and sensitivity of 0.773/0.728, 0.858/0.799, 0.984/0.935, 
0.757/0.807 in the testing/validation sets, respectively, for ipsilateral LLNM. A streamlined model based on the top 10 contributing features 
that includes ipsilateral central lymph node metastasis rate, extrathyroidal extension, and ipsilateral central lymph node metastasis number 
retained strong performance and clearly surpassed a traditional nomogram approach based on multiple metrics and PMRA analysis. Similar 
results were obtained for the other dependent variables, with the RF models relying on distinct but overlapping sets of features. Clinical tool 
implementation is facilitated via a web-based calculator for each of the 4 dependent variables.
Conclusion: ML, especially RF, reliably predicts lateral LNM in cN0 PTC patients, outperforming traditional nomograms.
Key Words: papillary thyroid carcinoma, PTC, clinical lymph node-Negative, cN0, machine learning, ML, prediction model, lateral lymph node metastasis, 
LLNM
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With advancements in diagnostic techniques like high- 
resolution ultrasound, ultrasound-guided fine-needle aspiration, 
and intraoperative frozen section techniques, the incidence of 
papillary thyroid carcinoma (PTC) has been steadily increasing 
(1, 2). PTC generally has a favorable prognosis but is frequently 
accompanied by lymph node metastasis (LNM), occurring in 
about 20% to 80% of cases (3, 4). LNM significantly impacts 
the staging and prognosis of PTC patients. Thorough lymph 
node dissection (LND) plays a crucial role in accurately deter
mining the stage of the disease, guiding subsequent treatment de
cisions, and ultimately improving patient outcomes.

Therapeutic cervical LND is widely accepted for PTC pa
tients with clinically positive lymph nodes (cN1) (5, 6). 

However, the use of prophylactic LND for patients with clin
ically negative lymph nodes (cN0) remains controversial (7-9). 
According to the 2015 American Thyroid Association guide
line recommendations (5), Therapeutic cervical LND is rec
ommended for PTC patients with cN1 status. However, the 
use of prophylactic central LND is limited to high-risk PTC 
patients, specifically those with T3 or T4 stage disease. The 
American Thyroid Association guidelines do not provide ex
plicit recommendations for prophylactic lateral LND. 
Prophylactic cervical LND is a complex issue with potential 
benefits and risks, and balancing the surgical advantages 
and potential complications poses a significant challenge 
for clinicians. The key to deciding whether to perform 
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prophylactic LND lies in assessing the status of lymph node 
metastasis (5).

Preoperative evaluation typically includes high-resolution 
ultrasound and computed tomography. However, the sensi
tivity of ultrasound in detecting central LNM is only 23% 
to 41%, and computed tomography provides similar sensitiv
ity, ranging from 38% to 41% (10-12).Occult metastasis, un
detected by preoperative imaging, is confirmed in 26% to 
56% of cases during postoperative pathology (13-15). This 
underscores the limitations of relying solely on ultrasound 
for cN0 patients and highlights the risk of missing optimal sur
gical opportunities for LNM, which could result in delayed 
detection and the need for secondary surgeries, negatively af
fecting patient outcomes.

Intraoperative frozen section analysis is a rapid diagnostic 
procedure that provides real-time pathological results during 
surgery, allowing surgeons to assess LNM, particularly cen
tral LNM. This information helps surgeons make decisions 
and determine the appropriate surgical scope during the pro
cedure, thereby avoiding unnecessary secondary surgeries. 
Intraoperative frozen section analysis is 80% to 90% accurate 
in identifying central LNM in thyroid cancer patients (16, 17), 
which helps to compensate for the limitations of preoperative 
lymph node diagnosis. Furthermore, LNM in PTC follows a 
predictable pattern. It spreads primarily to the prelaryngeal, 
pretracheal, and paratracheal lymph nodes. Subsequently, 
LNM involves the ipsilateral jugular chain and supraclavicu
lar region and ultimately affects the lateral and contralateral 
cervical regions (18-20). Some researchers suggest that central 
LNM, including prelaryngeal lymph nodes, may act as senti
nel lymph nodes for lateral LNM. This hypothesis could 
help predict lateral LNM, providing valuable information 
for clinical decision-making (9). Therefore, performing intra
operative frozen section analysis of various subregions within 
the central compartment can help predict the presence of lat
eral LNM and guide surgical strategies.

The rise of artificial intelligence, especially machine learning 
(ML), offers new opportunities to improve predictive models. 
ML mitigates the black box issue associated with linear mod
els (19, 21-23). It effectively handles medical big data by 
standardizing various types of data—whether categorical, 
continuous, or noncontinuous—thereby mitigating selection 
bias and omissions. By leveraging ML and currently accessible 
clinical factors, accurate predictive models can be developed. 
Our goal is to develop an ML model to accurately predict the 
presence of cervical lymph node metastasis to facilitate per
sonalized decision-making for prophylactic LND. This ap
proach would facilitate the identification and subsequent 
removal of hidden metastatic lymph nodes, ensuring accurate 
diagnosis of occult LNM while minimizing complications 
from unnecessary dissections. In summary, prophylactic cer
vical LND is necessary but not for all lymph node regions. 
It is important to identify the variables that influence the like
lihood of lateral LNM. If we can establish a predictive model 
using preoperative and intraoperative variables, we can 
improve the sensitivity of preoperative and intraoperative 
diagnosis and precise selection of good candidates for prophy
lactic lateral LND. Clinical tool implementation through 
web-based calculators may enable accurate preoperative and 
intraoperative predictions of lateral LNM, thereby guiding 
clinicians for selection of patients most likely to benefit from 
lateral LND.

Materials and Methods
Patient Inclusion and Data Processing
This retrospective study, approved by the Ethics Committee of 
the First Affiliated Hospital of Chongqing Medical University 
(approval no: 2020-181), included clinical case records of 
3116 patients with papillary thyroid carcinoma (PTC) treated 
at the First Affiliated Hospital of Chongqing Medical 
University (Hospital A) from 2016 to 2019. Informed consent 
was obtained from all participants prior to their inclusion in 
the study. Additionally, the clinical and pathological data of 
651 PTC patients treated at the Women and Children’s 
Hospital affiliated with Chongqing Medical University (hos
pital B) from 2018 to 2020 were collected. The inclusion cri
teria were: patients of age >18 years with preoperative, 
biopsy-confirmed (fine-needle aspiration) diagnosis of PTC 
and radiologically confirmed cN0 status that underwent 
both central and lateral LND and for whom complete clinical, 
ultrasound, and pathological data were available (5). 
Exclusion criteria included a history of neck surgery or radi
ation therapy or diagnosis of other types of malignant thyroid 
tumors. After strict application of these criteria (Fig. 1), 1616 
patients from hospital A were randomly assigned on a 7:3 ra
tio to the training and test sets. The external validation set 
consisted of 243 patients from hospital B. The data from 
each of the sets was preprocessed as follows: (1) for missing 
values, we employed mode imputation and mean imputation 
for categorical and continuous numerical variables respective
ly. (2) For categorical variables, the optimal cut-off values 
were calculated for age and tumor diameter. Since the LNM 
proportion and quantity followed a nonnormal distribution, 
no optimal cut-off values were applied, and these variables 
were included as continuous numerical variables in the mod
els. (3) Numerical data correction and normalization were 
performed to improve the data quality, reduce interfeature 
differences, and enhance the performance of the ML models. 
(4) The postoperative pathological results served as the gold 
standard for determining the presence of ipsilateral lateral 
LNM (Fig. 1).

Feature Extraction

Selection of conventional feature variables
For clinical features there were 3 variables. Age was defined 
using an optimal cut-off point of 43 years based on receiver 
operating characteristic (ROC) curve analysis. Body mass in
dex (BMI) was classified based on Chinese and World Health 
Organization standards: BMI <18.5 (underweight), 18.5 ≤  
BMI < 24 (normal weight), BMI ≥ 24 (overweight).

For ultrasound features there were 9 variables. Parameters 
included tumor border (extreme invasion, irregular shape/ 
sharpness, smooth/borderless); calcification (no/large comet 
tail, coarse calcification, peripheral calcification, microcalcifica
tion); tumor internal vascularization; tumor peripheral blood 
flow; location (nonupper, upper); and aspect ratio, compos
ition, internal echo pattern, internal echo homogeneous.

For pathological features there were 6 variables. Tumor size 
(defined as the maximum diameter of the tumor), extrathyroi
dal extension (ETE) was defined as tumor invasion beyond the 
thyroid capsule, including microscopic and gross (maximum 
ETE, involving the trachea, larynx, and recurrent laryngeal 
nerve) invasion. ETE was assessed via intraoperative frozen 
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section evaluation. For Hashimoto’s thyroiditis, the diagnosis 
was based on any of the following criteria: (1) thyroid perox
idase antibody level > 50 IU/mL, (2) diffuse heterogeneity on 
ultrasound, or (3) diffuse lymphocytic thyroiditis on histo
pathological examination. Side position and multifocality 
was confirmed by ultrasound and an intraoperative frozen 
section. Tumor stage was determined by intraoperative frozen 
pathology.

Surgical methods and extraction of intraoperative frozen 
pathology feature variables
Surgical procedures for PTC at our center (hospital A) in
cluded unilateral lobectomy and ipsilateral central LND for 
tumors <4 cm. In cases of central LNM confirmed intraoper
atively, total thyroidectomy and lateral LND were performed. 
Postlobectomy specimens were divided into prelaryngeal, pre
tracheal, paratracheal, and recurrent laryngeal nerve nodes, 
which were sequentially dissected and labeled and then imme
diately sent for intraoperative frozen section analysis. 
Postoperative histopathological examination of all resected 
samples was independently conducted by three pathologists.

Intraoperative frozen pathology feature variables (15 varia
bles), namely, ipsilateral central LNM, prelaryngeal LNM, 
pretracheal LNM, paratracheal LNM, and recurrent laryn
geal nerve LNM, are binary variables. The ipsilateral central 

lymph node metastasis number (LNMN), prelaryngeal 
LNMN, pretracheal LNMN, paratracheal LNMN, and recur
rent laryngeal nerve LNMN are continuous variables, encom
passing both micrometastasis and macrometastasis. The 
ipsilateral central lymph node metastasis rate (LNMR), prel
aryngeal LNMR, pretracheal LNMR, paratracheal LNMR, 
and recurrent laryngeal nerve LNMR are numerical variables 
that are calculated as the number of metastatic lymph nodes in 
a region divided by the number of lymph nodes dissected in 
that region. Dependent variables, which included ipsilateral 
lateral LNM and LNM levels (II, III, IV), are binary variables 
determined on the basis of the LNM status obtained from the 
final paraffin sections.

As this study was retrospective, the ultrasound and patho
logical images, particularly intraoperative frozen sections, 
are frequently either unavailable or unclear, which precluded 
independent feature extraction from the original images. 
Therefore, all imaging and pathological features were ex
tracted from careful analysis of ultrasound and pathology re
ports by 2 professional surgeons with over 5 years of 
experience.

All the data were manually annotated and standardized ac
cording to the aforementioned requirements and then verified 
by a separate expert (a professional surgeon with over ten 
years of experience).

Figure 1. Flowchart of the lateral lymph node metastasis prediction model in cN0 papillary thyroid carcinoma.
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Construction of a Traditional Nomogram Predictive 
Model
Previous studies have utilized a nomogram-based approach 
for predicting ipsilateral lateral LNM (18, 19). For compari
son purposes, we constructed a nomogram model as follows: ini
tially, a univariate analysis of variance was conducted to screen 
feature variables, excluding poorly correlated variables. The fea
ture variables with a univariate analysis correlation coefficient 
P-value >.05 were included in the multivariate analysis. 
Multivariate analysis was performed via logistic regression ana
lysis, and a forest plot was drawn. Multicollinearity was handled 
by calculating variance inflation factors (> 5 excluded). 
Independent risk factors were incorporated into a nomogram, 
The nomogram was constructed by using the training dataset. 
The goodness-of-fit was assessed using the Hosmer–Lemeshow 
method, displayed in a calibration curve. Nomogram evaluation 
metrics were compared with ML models.

Establishment, Optimization, and Selection of ML 
Predictive Models
ML model development involved 4 steps: 

1. Feature selection: we included 35 feature variables, with 
age and sex as continuous and categorical variables, re
spectively. We employed dimensionality reduction tech
niques to retain the most predictive features: using 6 
ML algorithms for feature selection: removing low vari
ance features, univariate feature selection, recursive fea
ture elimination, cross-validated recursive feature 
elimination, L1-based feature selection, and tree-based 
feature selection. The authors employed these 6 feature 
selection methods and compared their performance to 
identify the best-performing method for variable selec
tion. The selected variables from these methods are 
shown in Supplementary Material 2. These variables 
were then integrated into 8 ML models. By plotting the 
ROC curves and decision curve analysis (DCA) curves 
of these models, we identified the model with the highest 
area under the curve (AUC) performance of both the 
training and testing datasets as the optimal predictive 
model, determining the final set of features.

2. Model training and optimization: the selected feature 
variables were incorporated into 8 ML prediction mod
els: Logistic regression, decision tree, random forest 
(RF), gradient boosting, support vector machine, 
K-nearest neighbor, Gaussian naive Bayes (GNB), and 
neural network. Models were developed for ipsilateral 
lateral LNM and LNM levels (II, III, IV) using the train
ing set data. Tenfold cross-validation and grid search 
were used for hyperparameter tuning.

3. Model evaluation: we used 11 metrics to assess the per
formance of 8 ML models. The primary metrics included 
accuracy, AUC, specificity, and sensitivity, while the other 
7 metrics served as supplementary indicators to provide a 
more comprehensive evaluation. Five types of evaluation 
plots were generated—ROC curves, DCA curves, calibra
tion curves, precision‒recall curves, and learning curves— 
to comprehensively identify the optimal model.

4. Model validation and selection: the same evaluation met
rics and plots were generated for the test set and valid
ation set to identify the best-performing model.

Comparison Between the Traditional Nomogram 
Predictive Model and the Optimal Model Selected 
by ML
Eleven evaluation metrics, along with ROC, DCA, and learn
ing curves, were used to compare the performance of the op
timal ML model and the traditional nomogram. The 
comparison provided insights into model accuracy, calibra
tion, generalization, and limitations. Additionally, the 
probability-based ranking model approach (PMRA) and 
Wald test P-values were also used to compare model perform
ance (24). This provided further insight into the relative per
formance of each model, including the optimal ML model, 
in accurately predicting outcomes.

Visualization of the Optimal Model and Clinical 
Application
The optimal models for predicting ipsilateral lateral LNM 
and LNM levels (II, III, IV) were identified through compre
hensive evaluations. A correlation heatmap was plotted to 
examine the relationships between feature variables within 
the predictive model. Feature importance was calculated to 
determine each variable’s percentage contribution to the pre
dictive model, and these were ranked in descending order, vi
sualized with a bubble chart. To ensure the web-based 
calculator’s practicality and simplicity, variables with low 
importance values (contribution less than 0.05) were ex
cluded from the calculator. This calculator was designed 
with a user-friendly interface to visualize and apply these 
predictive models in the clinical setting, thereby enhancing 
their practical utility. We compared optimal models with dif
ferent numbers of variables to our traditional nomogram 
model. Using the PMRA ranking method (24), we identified 
the minimum set of variables with the highest predictive val
ue, represented in a bar chart ranked by importance and con
tribution. These refined features were incorporated into a 
web-based calculator.

Statistical Analysis
The statistical analysis involved the chi-square test for analyz
ing binary count data, unordered multiple categorical count 
data, and ordered multiple categorical count data. Binary lo
gistic regression analysis was used to determine the independ
ent risk factors for ipsilateral lateral LNM and LNM levels (II, 
III, IV). On the basis of the statistically significant indicators 
from the binary logistic regression analysis, a nomogram 
was constructed to create predictive models. The statistical 
analysis was performed via R Studio, with R version 4.3.2 
(R Project for Statistical Computing). The “pROC” package 
was used to calculate the optimal cut-off values for age and tu
mor diameter for categorical variables. The “foreign” and 
“rms” packages were used to create the nomogram predictive 
models and establish validation curves.

The Python programming language (version 3.11.5; Python 
Software Foundation, Wilmington, DE, USA) was used for vari
able selection, model training, and evaluation. For the ML mod
els, the scikit-learn Python library (version 0.24) was used to 
create models and adjust hyperparameters in Python. 
Performance metrics for evaluating classification performance 
were also calculated via the scikit-learn Python library (version 
0.24). The design code that was generated via R and Python 

The Journal of Clinical Endocrinology & Metabolism, 2025, Vol. 110, No. 10                                                                                          2765
D

ow
nloaded from

 https://academ
ic.oup.com

/jcem
/article/110/10/2762/8005619 by guest on 26 April 2026



software and used in this study can be obtained from GitHub 
(https://github.com/ZJ573693/ML-for-ILLNM).

Results
Clinical and Ultrasonographic Pathological 
Characteristics of the Patients
The training set comprised 302 males and 829 females, with 
an average age of 42 ± 11.6 years and an average tumor size 
of 14.3 ± 9.3 mm. The testing set consisted of 132 males 
and 353 females, with an average age of 41.7 ± 11.9 years 
and a mean tumor size of 13.9 ± 8.8 mm. The validation set 
was composed of 17 males and 226 females, with an average 
age of 36.9 ± 10 years and a tumor size of 13.9 ± 8.8 mm. 
There were no significant differences in 35 clinical or ultra
sonographic pathological characteristics across the 3 sets, en
suring a well-balanced dataset (P > .05). Detailed baseline 
characteristics can be found in Table 1 in Supplementary 
Material 1 (25). Across the 3 datasets 1859 cN0-PTC patients 
were included. The overall rates of ipsilateral lateral LNM and 
LNM levels (II, III, IV) in the combined training, test, and val
idation sets were 45.8%, 21.3%, 32.5%, and 25.1%, respect
ively (Table 1). Analysis for each of the sets can be found in 
Supplementary Table 2 in Supplementary Material 1 (25).

Construction of Traditional Nomogram Prediction 
for Ipsilateral Lateral, Level II, Level III, and 
Level IV LNM
The independent risk factors for ipsilateral lateral LNM, 
ranked by the odds ratio (OR) from highest to lowest were 
as follows: ipsilateral central LNM, ETE, recurrent laryngeal 
nerve LNMR, paratracheal LNMR, location, aspect ratio, tu
mor border, calcification, tumor internal vascularization, and 
tumor size (Fig. 2A). Similarly, the multivariate analyses for 
LNM levels (II, III, IV) are presented in the forest plots 
[Supplementary Fig. 1 in Supplementary Material 1 (25)]. A 
predictive nomogram for ipsilateral lateral LNM was con
structed (Fig. 2B), showing good calibration when applied 
to the validation set (Fig. 2C). Corresponding nomograms 
for the other dependent variables can be found in 
Supplementary Fig. 1 of Supplementary Material 1 (25).

Establishment and Evaluation of the ML Predictive 
Models
To predict ipsilateral lateral LNM, 16 variables were selected 
using L1-norm feature selection, including tumor border, cal
cification, internal tumor vascularization, size, location, ETE, 
T staging, ipsilateral central LNM, recurrent laryngeal LNM, 
age, ipsilateral central LNM, ipsilateral central LNMN, pre
tracheal LNMN, paratracheal LNMR, and recurrent laryn
geal LNMN. Detailed information is provided in 
Supplementary Material 2 (26). Using these variables, the op
timal ML model was identified as the RF model. In terms of 
predictive accuracy, the RF model outperformed 7 other mod
els, with AUC values of 0.858 in the test set and 0.799 in the 
validation set [Fig. 3 and Supplemental Figs.1 to 3 in 
Supplementary Material 3 (27)]. The DCA curve showed 
that the RF model had greater clinical utility compared to 
the other models [Fig. 4 and Supplemental Fig. 4 in 
Supplementary Material 3 (27)]. Additionally, the RF model’s 
learning curve demonstrated the best fit, with mean AUC val
ues of 0.859 for the test set and 0.784 for the validation set 

[Fig. 5 and Supplemental Fig. 5 in Supplementary Material 3 
(27)]. The plotted calibration curve and precision-recall curve 
also yielded consistent results, as shown in Figs. 6 and 7 and 
Supplemental Figs. 6 and 7 in Supplementary Material 3 
(27). The RF model was also the most effective in predicting 
LNM at levels II, III, and IV [see Supplementary Material 3 
(27) for details].

Comparison of the Optimal ML Prediction Model 
(RF) and the Traditional Prediction Model 
(Nomogram Prediction)
When comparing evaluation metrics, the RF model outper
formed the other models in predicting ipsilateral LNM. 
Specifically, the RF model was significantly more accurate 
than the linear model in both the test set (0.773 vs 0.746) 
and the validation set (0.728 vs 0.685). The RF also demon
strated superior predictive capabilities, with a specificity and 
sensitivity on the test set of 0.984 and 0.757, respectively, 
and on the validation set, these values were 0.935 and 
0.807, respectively. These values were all higher than those 
of the linear model: 0.752 and 0.740 (test set); 0.783 and 
0.588, (validation set) (Tables 2 and 3). Moreover, ROC 
curve analysis revealed that the RF model had higher AUC val
ues across all datasets: 0.934 (training set), 0.858 (test set), 
and 0.799 (validation set), compared to the nomogram’s 
0.86, 0.83, and 0.731, respectively (Fig. 3). The DCA curves 
further confirmed the superior clinical utility of the RF model, 
as its curve consistently outperformed the nomogram’s curve 
(Fig. 4). The learning curve also showed higher mean AUC 
values for the RF model, especially in the training and test 
sets (Fig. 5). However, the AUC difference between the RF 
model’s training (0.937) and validation (0.784) sets suggested 
potential overfitting, compared to the nomogram’s AUCs 
(0.856 vs 0.767) [Supplementary Material 3 (27)]. Finally, 
based on the PMRA for predicting ipsilateral lateral LNM, 
the RF model had the highest probability of winning. support 
vector machine, decision tree, and gradient boosting models 
showed no significant differences from the RF model, though 
their probabilities of winning were all below 0.5. Logistic re
gression and neural network models performed slightly worse 
than the RF model, while K-nearest neighbor, nomogram, and 
GNB performed significantly worse, with GNB having the low
est probability of winning (0.309) (Table 4 and Fig. 6). A simi
lar approach carried out for the other dependent variables 
revealed that the RF model also performed best in predicting 
LMN at levels II, III, and IV [Supplementary Material 3 (27)].

Variable Importance and Network Calculator
The top 10 most important variables for predicting ipsilateral 
lateral LNM, ranked by importance value and contribution 
percentage, included ipsilateral central LNMR (importance 
value of 0.170, contribution of 19.508%), extrathyroidal 
extension (0.110, 12.648%), ipsilateral central LNMN 
(0.092, 10.497%), calcification (0.079, 9.072%), tumor border 
(0.079, 9.001%), size (0.073, 8.397%), paratracheal LNMR 
(0.061, 7.017%), ipsilateral central LNM (0.059, 6.750%), 
and age (0.057, 6.540%). As shown in Supplementary 
Material 4 (28), the model incorporating both preoperative 
and intraoperative features demonstrated superior performance 
compared to using preoperative features alone. Additionally, as 
shown in Supplementary Material 5 (29), we conducted a com
parative analysis between the RF model using only these top 10 
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variables and the nomogram model. The results demonstrated 
that the simplified RF model outperformed the nomogram 
in training, testing, and validation sets in terms of both 
area under the ROC curve (AUC: 0.934 vs 0.86, 0.858 vs 0.83, 
and 0.794 vs 0.766, respectively) and accuracy (0.856 vs 0.78, 
0.763 vs 0.746, and 0.712 vs 0.685, respectively). Based on these 
findings, we have developed a web-based calculator based on 
these variables (Fig. 8). The calculator’s output utilizes the RF 
model, which incorporates the top 10 variables and their feature 
importance values to predict LNM likelihood. For example, an 
output of 75.97% indicates a 75.97% likelihood of ipsilateral 
lateral LNM. The web-based calculator provides real-time pre
dictions based on the input data and is designed to be user- 
friendly for clinicians. The website address is http://121.41.36. 
155:9001/static/html/index.html.

Discussion
Selection and Significance of the Optimal Model
Because of the ongoing controversy surrounding the surgical 
management of cN0-PTC (7-9), accurate preoperative predic
tion of the lymph node status of PTC patients is crucial for the 
precise treatment of cN0-PTC patients. Assessing lymph node 
status is crucial in determining the extent of selective LND 
(13-15), making the development of reliable tools for lymph 
node evaluation essential. In this multicenter retrospective 
study, we developed a comprehensive model integrating clin
ical, ultrasound, and intraoperative frozen pathology data to 
predict ipsilateral lateral LNM and subregion LNM in pa
tients with PTC. This model aims to assist in decision-making 
about when and which regions to include in LND.

Table 1. Univariate analysis of characteristic variables across ipsilateral lateral, level II, level III, and level IV lymph node metastasis status in the 
combined 1859 patients from the training, test, and validation sets

Characteristic variables Ipsilateral lateral lymph 
node metastasis

Level II lymph node 
metastasis

Level III lymph node 
metastasis

Level IV lymph node 
metastasis

n = 851 (45.8) P-values n = 350 (21.3) P-values n = 605 (32.5) P-values n = 468 (25.1) P-values

Age > 43, y 328 (38.5) <.001 140 (40) .037 219 (36.2) <.001 176 (37.6) .002
Male 233 (27.4) .005 105 (30) .021 172 (28.4) .004 121 (25.9) .385
Classification of BMI

Underweight 53 (6.3) .072 22 (6.3) .159 39 (6.5) .127 31 (6.6) .244
Normal 544 (63.9) 214 (61.1) 385 (63.6) 302 (64.5)
Overweight 254 (29.9) 114 (32.6) 181 (30) 28.8)

Tumor border
Smooth or borderless 100 (11.8) <.001 37 (10.6) <.001 62 (10.2) <.001 44 (9.4) <.001
Irregular-shape or L-shaped 464 (54.5) 175 (50) 322 (53.2) 246 (52.6)
Extrandular invasion 287 (33.7) 138 (39.4) 221 (36.5) 178 (38)

Calcification
No or large comet tail 192 (22.6) <.001 64 (18.3) <.001 126 (20.8) <.001 96 (20.5) <.001
Coarse calcification 47 (5.5) 21 (6) 35 (5.8) 20 (4.3)
Microcalcification 603 (70.9) 262 (74.9) 436 (72.1) 347 (74.1)
Peripheral calcification 9 (1.1) 3 (0.9) 8 (1.3) 5 (1.1)

Tumor internal vascularization 464 (54.5) <.001 214 (61.1) <.001 343 (56.7) <.001 277 (59.2) <.001
Tumor peripheral blood flow 458 (53.8) <.001 221 (63.1) <.001 339 (56) <.001 270 (57.7) <.001
Size > 10.5, mm 572 (67.2) <.001 249 (71.1) <.001 408 (67.4) <.001 318 (68) <.001
Location, upper 229 (26.9) .003 146 (41.7) <.001 151 (25) .395 92 (19.7) .022
Mulifocality 586 (68.9) <.001 236 (67.4) .005 411 (68) .001 304 (65) <.001
Hashimoto’s thyroiditis 640 (75.2) .345 270 (77.1) .135 452 (74.7) .296 345 (73.7) .149
ETE 523 (61.6) <.001 194 (55.4) <.001 353 (58.3) <.001 265 (56.7) <.001
T staging

1 419 (49.2) <.001 144 (41.1) <.001 278 (46) <.001 213 (45.5) <.001
2 106 (12.5) 45 (12.9) 76 (12.6) 50 (10.7)
3 255 (30) 125 (35.7) 195 (32.2) 158 (33.8)
4 71 (8.3) 36 (10.3) 56 (9.3) 47 (10)

Ipsilateral central LNM (+) 788 (92.6) <.001 323 (92.3) <.001 568 (93.9) <.001 447 (95.5) <.001
Prelaryngeal LNM (+) 339 (39.8) <.001 203 (58) <.001 245 (40.5) <.001 184 (39.3) <.001
Pretracheal LNM (+) 586 (68.9) <.001 250 (71.4) <.001 449 (74.2) <.001 342 (73) <.001
Paratracheal LNM (+) 611 (71.8) <.001 234 (66.9) <.001 460 (76) <.001 383 (81.8) <.001
Recurrent laryngeal nerve LNM (+) 215 (25.3) <.001 91 (26) <.001 179 (29.6) <.001 142 (30.3) <.001

Data are n (% in each column). P-values for between-group comparisons are reported.
Abbreviations: BMI, body mass index; ETE, extrathyroidal extension; LNM, lymph node metastasis.
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The RF model demonstrated the highest performance in 
predicting LNM in the ipsilateral lateral region and subre
gions. In the internal validation set, the AUC values for ipsilat
eral lateral and level II, III, and IV LNM were 0.858, 0.848, 
0.831, and 0.831, respectively. In the external validation set, 
the AUC values for ipsilateral lateral and level II, III, and IV 
LNM were 0.799, 0.813, 0.772, and 0.722 respectively 
(27). These high AUC values reflect the RF model’s strong dis
criminative ability and accuracy in predicting LNM. Beyond 
assessing predictive accuracy, we evaluated clinical utility us
ing DCA to compare the practical value of our model. The RF 
model proved effective for determining whether to perform ip
silateral lateral LND and subregion LND. Our comparison of 
the RF model with traditional nomogram models, using ROC 
curves, DCA curves, learning curves, a win rate probability 
heatmap based on the PMRA, and a P-value heatmap of the 
Wald test, highlights the superior predictive capability and 
clinical applicability of the RF model (27).

This personalized model meets the requirements of preci
sion medicine and helps surgeons select their surgical strategy. 
Previous studies, such as those by Zhu et al and Wang et al, 
also developed predictive models for cervical LNM using 
ML algorithms and clinical features (19, 20). Zhu et al (20) 
employed a RF model with an AUC of 0.812, an accuracy 
of 0.734, a specificity of 0.788, and a sensitivity of 0.684 in 
internal validation. Wang et al (19) compared a deep learning 
convolutional neural network with a traditional nomogram, 
achieving an AUC of 0.78, specificity of 0.82, and sensitivity 
of 0.62. Our study, utilizing only preoperative features, 
achieved an AUC of 0.813, accuracy of 0.74, specificity of 
0.839, and sensitivity of 0.63 (28), demonstrating stronger 
predictive performance than Wang et al’s study and similar 
performance to Zhu et al’s (19, 20).

Moreover, while previous studies relied solely on clinical 
and ultrasound data and used bootstrapping for internal 
validation—potentially leading to overfitting—our model in
corporates both preoperative and intraoperative features, pro
viding significantly improved performance. The RF model for 
predicting ipsilateral lateral LNM in our test set achieved an 
accuracy of 0.773, AUC of 0.858, specificity of 0.984, and 
sensitivity of 0.757, surpassing the performance of preopera
tive models (28). Additionally, our multicenter study included 
independent internal and external validation sets and exhib
ited excellent predictive performance across both sets of 

datasets. Compared to traditional nomograms (18, 20), our 
model, which is based on evidence from intraoperative frozen 
pathology, combines valuable predictive information on ipsi
lateral central LNM and subgroups of central LNM, clinical 
risk factors, and ultrasound features, which can be obtained 
rapidly and accurately during surgery. This combination mod
el is a novel approach for predicting lateral LNM (29).

Analysis of the Predictive Value of Factors Affecting 
Ipsilateral Lateral LNM and Subregions of Ipsilateral 
Lateral LNM
This study successfully identified significant parameters that 
influence the prediction of ipsilateral lateral LNM and its sub
regions. Among the top 10 key parameters, the presence of 
central LNM emerged as the most significant predictor for ip
silateral lateral LNM. The importance value for the ratio of ip
silateral central LNMR was 0.17. Additionally, in the 
multivariable analysis, ipsilateral central LNM had the high
est OR of 4.915 (P < .001). Central LNM was also a critical 
factor for predicting subregions of ipsilateral lateral LNM. 
It was the most important positive predictive parameter for 
both level III and level IV LNM, with importance values of 
0.18 and 0.173, respectively. The OR values for ipsilateral 
central LNM in these levels were 2.849 and 2.907, respective
ly (25). For level II LNM, ipsilateral central LNMR was the 
third most influential factor with an importance value of 
0.101, and the OR for ipsilateral central LNM was 1.988 
(P < .001) (25). These results corroborate the significant pre
dictive value of central LNM for lateral LNM, aligning with 
findings from previous studies by our research group and 
others (30-32). For instance, Feng et al identified the ratio of 
central LNM as the most critical factor for lateral LNM 
(33). Lee et al recommended performing prophylactic lateral 
LND when central LNMN is ≥2 (34). Huang et al reported 
that central LNMN ≥ 3 was an independent risk factor for lat
eral LNM (9). Machens et al reported that when the central 
LNMN was 5 or more, the lateral LNMR increased from 
45% to 69% to 100% (35). Furthermore, ETE has been wide
ly recognized as a significant independent risk factor for lat
eral LNM in PTC (15, 36). In our study, ETE was the 
second most important predictor for lateral LNM, with an im
portance value of 0.11 (OR = 3.692, P < .001), and demon
strated high predictive values across subregions, with 

Table 2. Evaluation metrics of the traditional nomogram prediction model in test and validation sets for ipsilateral lateral, level II, level III, and 
level IV lymph node metastasis

Regions Accuracy AUC Specificity Sensitivity NPV PPV F1 Score FPR Lift Brier score Kappa

Testing set (internal validation set)
Ipsilateral lateral LNM 0.746 0.83 0.752 0.74 0.726 0.765 0.752 0.248 0.962 0.162 0.511
Level II LNM 0.81 0.818 0.284 0.966 0.711 0.82 0.887 0.716 0.366 0.116 0.191
Level III LNM 0.758 0.822 0.536 0.888 0.738 0.765 0.822 0.464 0.75 0.149 0.489
Level IV LNM 0.761 0.779 0.458 0.858 0.508 0.832 0.845 0.542 0.714 0.134 0.322

Validation set (external validation set)
Ipsilateral lateral LNM 0.685 0.766 0.783 0.588 0.65 0.735 0.654 0.217 1.109 0.196 0.4
Level II LNM 0.787 0.788 0.286 0.938 0.583 0.813 0.871 0.714 0.46 0.137 0.202
Level III LNM 0.659 0.731 0.456 0.781 0.554 0.706 0.742 0.544 0.77 0.194 0.264
Level IV LNM 0.659 0.669 0.333 0.786 0.378 0.752 0.769 0.667 0.967 0.188 0.159

Abbreviations: AUC, area under the curve; FPR, false positive rate; LNM, lymph node metastasis; NPV, negative predictive value; PPV, positive predictive value.
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importance values of 0.119 for level III LNM and 0.102 for 
level IV LNM. Our findings are consistent with previous re
search and clinical knowledge, reinforcing the accuracy of 
the RF model (14, 15, 33-35).

The prelaryngeal LNM status is the most important param
eter among the top 10 key parameters in level II LNM, with 
the highest importance value of 0.19 and an OR of 4.263 
(P < .001). The importance value for prelaryngeal LNMN is 
0.133, which may be related to the lymphatic drainage 

pathway of the thyroid gland (37). This study further supports 
previous findings (38, 39), noting that prelaryngeal lymph no
des can serve as sentinel lymph nodes for level II LNM due to 
their anatomical position and role as the first station for me
tastasis in the upper part of the tumor (40-43). Additionally, 
the tumor’s location in the upper portion had a higher positive 
predictive value for level II LNM, with an importance value of 
0.063 (OR = 4.284, P < .001). These findings further support 
the view that LNM in PTC is traceable and highly consistent 

Figure 2. Construction of the nomogram prediction model for ipsilateral lateral lymph node metastasis. (A) Forest plot. (B) Nomogram of the logistic 
regression model for predicting ipsilateral lateral lymph node metastasis. (C) Prediction model calibration curve.

Figure 3. Comparison of the ROC curves for the traditional nomogram prediction model and the optimal machine learning model (random forest) in 
predicting lateral lymph node metastasis. (A) ROC curve of the nomogram prediction model for ipsilateral lateral lymph node metastasis (levels II, III, and 
IV) in the test set. (B) ROC curve of the random forest model for ipsilateral lateral lymph node metastasis (levels II, III, and IV) in the test set. (C) ROC 
curve of the nomogram prediction model for ipsilateral lateral lymph node metastasis (levels II, III, and IV) in the validation set. (D) ROC curve of the 
random forest model for ipsilateral lateral lymph node metastasis (levels II, III, and IV) in the validation set. 
Abbreviations: ROC, receiver operating characteristic.
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with the thyroid drainage pathway. While prelaryngeal lymph 
nodes alone cannot provide a complete picture of regional 
LNM, they are significant for identifying level II LNM. 
Among the subregions with level II LNM, the transfer rate is 
lowest in each side region (44, 45), The low transfer rate of 
level II LNM—21.341% in our study—highlights the chal
lenge for surgeons: identifying this small subset of patients 
while avoiding complications from excessive dissection in 
the majority who do not have metastasis (45). This study ad
dresses this problem and emphasizes the importance of level II 
LNM, especially in patients with prelaryngeal LNM in the 
upper portion and a high number and proportion of metasta
ses. Prophylactic level II LND should be considered if 
necessary.

The factors influencing level III LNM are highly similar to 
those influencing ipsilateral lateral LNM. This is partly be
cause the ipsilateral central zone has the highest proportion 

among the subregions of the lateral zone, accounting for 
32.5%. Additionally, the complexity of thyroid lymphatic 
drainage pathways impacts level III LNM. These pathways 
are extensive and interconnected (37), which explains why tu
mor location was not a significant factor in predicting level III 
LNM, as reflected by its exclusion in univariate analysis with a 
P-value of .651. This finding is consistent with previous re
search findings (46, 47). The proportions of pretracheal 
LNM and paratracheal LNM within the subregions of the 
central zone are important factors for predicting level III 
LNM, with slightly lower importance values than those of ip
silateral central LNMR. However, the predictive value of prel
aryngeal LNM and pretracheal LNM for level III LNM was 
not high in this study. This result is consistent with previous 
research findings (38, 48).

Among the top 10 parameters for level IV LNM, the 
ipsilateral central LNMR was again a key factor, with an 

Figure 4. Comparison of the DCA curves for the traditional nomogram prediction model and the optimal machine learning model (random forest) in 
predicting lateral lymph node metastasis. (A) DCA curve of the nomogram prediction model for ipsilateral lateral lymph node metastasis (levels II, III, and 
IV) in the test set. (B) DCA curve of the random forest model for ipsilateral lateral lymph node metastasis (levels II, III, and IV) in the test set. (C) DCA 
curve of the nomogram prediction model for ipsilateral lateral lymph node metastasis (levels II, III, and IV) in the validation set. (D) DCA curve of the 
random forest model for ipsilateral lateral lymph node metastasis (levels II, III, and IV) in the validation set. 
Abbreviations: DCA, decision curve analysis.
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Figure 5. Comparison of the learning curves for the traditional nomogram prediction model and the optimal machine model (random forest) for 
predicting lateral lymph node metastasis: (A1) Learning curve of the nomogram prediction model for ipsilateral lateral lymph node metastasis. (A2) 
Learning curve of the random forest model for ipsilateral lateral lymph node metastasis. (B1) Learning curve of the nomogram prediction model for level 
II lymph node metastasis. (B2) Learning curve of the random forest model for level II lymph node metastasis. (C1) Learning curve of the nomogram 
prediction model for level III lymph node metastasis. (C2) Learning curve of the random forest model for level III lymph node metastasis. (D1) Learning 
curve of the nomogram prediction model for level IV lymph node metastasis. (D2) Learning curve of the random forest model for level IV lymph node 
metastasis.
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Figure 6. Comparison of win PMRA and Wald test P-values for the traditional nomogram and machine learning models in predicting lateral lymph node 
metastasis. (A1) Win probabilities estimated by PMRA for predicting ipsilateral lateral lymph node metastasis. (A2) Wald test P-values for predicting 
ipsilateral lateral lymph node metastasis. (B1) Win probabilities estimated by PMRA for predicting level II lymph node metastasis. (B2) Wald test 
P-values for predicting level II lymph node metastasis. (C1) Win probabilities estimated by PMRA for predicting level III lymph node metastasis. (C2) 
Wald test P-values for predicting level III lymph node metastasis. (D1) Win probabilities estimated by PMRA for predicting level IV lymph node 
metastasis. (D2) Wald test P-values for predicting level IV lymph node metastasis. 
Abbreviations: PMRA, probabilities estimated by probability-based ranking model approach.
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importance value of 0.173. Another critical predictor was the 
presence of paratracheal LNM, with an importance value of 
0.122 (OR = 2.096, P < .001). LNMR is the most important 
factor influencing level IV LNM. In terms of lymphatic drain
age pathways, level IV LNM occurs along the descending 
lymphatic pathways, following the distribution of the inferior 
thyroid artery and extending through paratracheal lymph no
des to the venous angle (37). This pathway further supports 
the view that patients with paratracheal LNM are prone to 
metastasis in region IV. This observation is supported by stud
ies such as Kim et al.’s research, which found a strong correl
ation between paratracheal and recurrent laryngeal LNM and 
lateral LNM (49). This finding is consistent with the research 
conducted by Zhou et al (48, 50).

One of the major advantages of this study is the develop
ment of a powerful yet user -riendly predictive model. By 

incorporating the top 10 feature variables identified as most 
important through ML, we achieved a balance between model 
performance and clinical applicability. Importantly, we have 
integrated insights from another study conducted by our re
search center, which focuses on paratracheal lymph node me
tastasis in cN0 papillary thyroid carcinoma (51). This 
complementary research highlights the predictive value of cen
tral lymph node metastasis features, providing additional con
text to our findings and enhancing the utility of our model in 
surgical decision-making.

To facilitate clinical application, we developed an online tool 
(http://121.41.36.155:9001/static/html/index.html) based on 
the RF model using the top 10 feature variables (29). For ex
ample, as shown in Fig. 8, there is a patient over 43 years old 
with an unclear tumor boundary, calcification, internal blood 
flow signals, a tumor diameter over 10.5 mm, intraoperative 

Figure 7. The importance values and contributions for the random forest predictive model of lateral lymph node metastasis. (A) Top 10 feature 
importance values and contributions bar chart for ipsilateral lateral lymph node metastasis. (B) Top 10 feature importance values and contributions bar 
chart for level II lymph node metastasis. (C) Top 10 feature importance values and contributions bar chart for level III lymph node metastasis. (D) Top 10 
feature importance values and contributions bar chart for level IV lymph node metastasis.

Table 3. Evaluation metrics of the optimal machine learning model (random forest) in train test, and validation sets for ipsilateral lateral, level II, 
level III, and level IV lymph node metastasis

Regions Accuracy AUC Specificity Sensitivity NPV PPV F1 Score FPR Lift Brier score Kappa

Testing set (internal validation set)
Ipsilateral lateral LNM 0.773 0.858 0.984 0.757 0.78 0.935 0.755 0.2 1.797 0.154 0.544
Level II LNM 0.825 0.848 0.966 0.784 0.915 0.7 0.537 0.028 2.731 0.131 0.413
Level III LNM 0.781 0.831 0.895 0.719 0.847 0.693 0.657 0.105 2.148 0.154 0.489
Level IV LNM 0.798 0.831 0.97 0.691 0.879 0.667 0.566 0.03 2.403 0.139 0.436

Validation set (external validation set)
Ipsilateral lateral LNM 0.728 0.799 0.935 0.807 0.779 0.837 0.744 0.165 1.604 0.188 0.458
Level II LNM 0.809 0.813 0.997 0.591 0.877 0.875 0.462 0.003 2.545 0.135 0.378
Level III LNM 0.724 0.772 0.769 0.644 0.795 0.609 0.626 0.231 1.753 0.188 0.408
Level IV LNM 0.733 0.722 0.956 0.377 0.878 0.529 0.414 0.148 1.818 0.176 0.243

Abbreviations: AUC, area under the curve; FPR, false positive rate; LNM, lymph node metastasis; NPV, negative predictive value; PPV, positive predictive value.
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pathological evidence of tumor invasion, and 6/12 paratracheal 
LNM. The calculated lateral LNMR is 75.97%. This suggests 
that selective prophylactic lateral LND may be considered, en
abling more tailored surgical strategies. By incorporating the 
findings of both studies, this tool aims to provide clinicians 
with a more comprehensive and precise approach to managing 
cN0 papillary thyroid carcinoma.

Limitations of This Study
This study has several limitations that should be acknowl
edged. First, the criteria for lateral compartment dissection 
in our study were predetermined, which introduced selection 
bias, particularly toward patients with specific clinical fea
tures and intraoperative findings. This selection bias is further 
reflected in the statistical results, which showed smaller tumor 
sizes and lower BMI values. In the context of our country, 

there is limited understanding of the malignant progression 
of PTC, leading to a preference for proactive treatment over 
follow-up. This behavior, driven by health examinations 
and a predominance of younger patients, has introduced 
skewness into the data. Although we applied data augmenta
tion techniques and numerical data correction to mitigate this 
bias, it was not entirely eliminated. Future research should 
aim to address this issue through more representative sam
pling. Additionally, while we achieved high AUC values in in
ternal and external validations across multiple centers, the 
validation results should be interpreted with caution. The ob
served lower performance in the validation set may be partial
ly due to differences in the age of the data and potential 
clinical scoring drift over time, reflecting discrepancies be
tween the training and validation populations. This limitation 
is beyond our control and suggests that further prospective 
testing is needed to establish the clinical applicability of the 
model. Additionally, the learning curves indicate that the RF 
prediction model for ipsilateral and level II, III, and IV 
LNM had higher average AUC values in the test and valid
ation sets compared to traditional nomograms, demonstrating 
better predictive performance. However, the model exhibited 
poor convergence and generalization, suggesting some degree 
of overfitting. We attempted to mitigate overfitting by opti
mizing feature engineering and using 6 ML algorithms to se
lect the best features, coupled with 10-fold cross-validation 
to choose optimal parameters for model training. This limita
tion might be related to the small sample size in the training 
set. Future studies should aim to increase the sample size 
and incorporate more robust model optimization strategies 
to enhance generalizability. Third, on the basis of our study 
results, we have preliminarily developed a simple tool for pre
dicting the probability of lateral LNM. However, determining 
the practical value of this tool requires further prospective 
studies and long-term follow-up, incorporating genomics 

Table 4. Ranking by probability-based ranking model approach for 
predicting ipsilateral lateral lymph node metastasis

Models Probabilities of win against 
top model

Wald 
P-value

1 Random forest / /
2 Support vector 

machine
0.497 .899

3 Decision tree 0.477 .239
4 Gradient boosting 0.474 .187
5 Logistic regression 0.466 .06
6 Neural network 0.464 .018
7 K-nearest neighbors 0.418 .001
8 Nomogram 0.416 <.001
9 Gaussian naive bayes 0.309 <.001

Figure 8. Neural network calculator for lateral lymph node metastasis. The web calculator interface shown in the figure tests a patient over 43 years old 
with an unclear tumor boundary, microcalcification, internal blood flow signals, a tumor diameter over 10.5 mm, intraoperative pathological evidence of 
tumor invasion, and 6/12 paratracheal lymph node metastases. The calculated ipsilateral lateral lymph node metastasis rate is 75.97%.
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and radiomics. Lastly, the manual input of parameters during 
model construction may have led to overlooked or unknown 
pathological features, potentially missing hidden relation
ships. To mitigate this risk, we ensured consistent data ana
lysis to enhance model accuracy. Nonetheless, prospective 
validation and larger studies are essential to confirm the mod
el’s robustness in clinical practice. With successful validation, 
we believe the RF model has significant potential for guiding 
individualized lateral neck dissection in PTC patients.

Conclusion
Using preoperative variables and intraoperative frozen path
ology features, we developed and then internally and external
ly validated various ML predictive models, comparing them 
with traditional prediction models. We identified the optimal 
predictive model, namely, the RF algorithm, for individual
ized prediction of ipsilateral lateral and subregional lateral 
LNM in cN0-PTC patients. ML-based predictive models ac
curately identify patients at high risk of lateral LNM and spe
cific subregional involvement. The accompanying online risk 
calculator serves as a user-friendly tool for clinicians to 
make precise surgical decisions. In the future, our goal is to 
further integrate imaging, molecular, and genetic data to en
hance the performance of our model in the field of personal
ized medicine, and further validation through studies 
involving a broader population is needed.
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