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Preoperative prediction of occult high-volume central lymph node 
metastasis in clinically node-negative papillary thyroid carcinoma using 
a multimodal practical model: development, temporal validation, and 
external validation

PURPOSE
Preoperative risk estimation of occult high-volume central lymph node metastasis (CLNM) in clini-
cally node-negative (cN0) papillary thyroid carcinoma (PTC) remains challenging. We aimed to de-
velop and validate a practical multimodal model integrating conventional ultrasound and radiom-
ics for individualized preoperative risk stratification.

METHODS
In this retrospective, two-center, multicohort study, 814 patients with cN0 PTC were included and 
assigned to a development cohort (n = 470), a temporal validation cohort (n = 202), and an exter-
nal validation cohort (n = 142). Preoperative clinical variables and grayscale ultrasound radiomics 
features were evaluated. Least absolute shrinkage and selection operator regression was used for 
feature selection. Four candidate machine-learning algorithms were compared in the development 
cohort, and the selected classifier was used to construct clinical, radiomics, and fusion models. 
Model performance was assessed in terms of discrimination, calibration, and clinical utility. SHapley 
Additive exPlanations (SHAPs) analysis and a web-based calculator were used to improve interpret-
ability and applicability.

RESULTS
Three clinical predictors and 20 radiomics features were retained. Random forest was selected for fi-
nal model construction. In the temporal validation cohort, the clinical, radiomics, and fusion models 
achieved area under the curve (AUC) values of 0.703, 0.755, and 0.845, respectively; in the external 
validation cohort, the corresponding AUC values were 0.676, 0.730, and 0.817. For the fusion model, 
sensitivity, specificity, and accuracy were 0.837, 0.695, and 0.755 in the temporal validation cohort 
and 0.769, 0.761, and 0.764 in the external validation cohort, respectively. SHAPs analysis identified 
radiomics score and maximum tumor diameter as the major contributors to model output.

CONCLUSION
A practical multimodal model integrating conventional ultrasound and radiomics showed favor-
able performance for preoperative risk estimation of occult high-volume CLNM in cN0 PTC and may 
support individualized risk stratification, pending further prospective validation.

CLINICAL SIGNIFICANCE
This multimodal model may refine preoperative risk estimation for patients with cN0 PTC who har-
bor occult high-volume CLNM, thereby providing an adjunctive tool for individualized periopera-
tive risk assessment.
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Thyroid cancer incidence has risen 
sharply worldwide over recent de-
cades, and much of this increase has 

been driven by the expanded use of imaging, 
particularly thyroid and neck ultrasonogra-
phy, which has facilitated the detection of 
small papillary thyroid carcinomas (PTCs) 
that might otherwise have remained clinical-
ly silent.1 PTC now accounts for the vast ma-
jority of thyroid malignancies, and although 
disease-specific survival is generally excel-
lent, cervical lymph node metastasis remains 
common and continues to shape operative 
planning, recurrence risk stratification, and 
follow-up intensity.1,2 In daily clinical practice, 
the challenge is therefore no longer limited 
to diagnosing PTC itself but extends to iden-
tifying which patients with apparently low-
risk disease harbor biologically more con-
sequential regional disease before surgery.  
Among patients with PTC, the central com-
partment is the most frequent site of nod-
al spread, and occult central lymph node 
metastasis (CLNM) is not uncommon even 
among patients classified as clinically 
node-negative (cN0) before surgery.2,3 This 
creates a familiar dilemma: Routine preop-
erative imaging is indispensable, yet its abil-
ity to detect central compartment disease is 
imperfect. In a large systematic review and 
meta-analysis published in JAMA Otolaryn-
gology–Head & Neck Surgery, Alabousi et 
al.2 showed that, for central compartment 
metastasis, computed tomography was 
more sensitive, whereas ultrasonography 
was more specific, underscoring the intrinsic 
diagnostic limitations of any single preoper-
ative imaging modality in this setting. Tang 

et al.3 reported in a 2023 systematic review 
that occult central nodal disease remains 
prevalent across tumor-size strata, with 
prevalence increasing as primary tumors en-
large. These findings support a central clin-
ical reality: A substantial proportion of pa-
tients with cN0 PTC still carry a hidden nodal 
burden that is not adequately captured by 
routine preoperative assessment alone.  
However, not all occult nodal disease has the 
same clinical relevance. Increasing evidence 
suggests that nodal burden, rather than sim-
ple nodal positivity alone, is more closely 
aligned with recurrence-oriented risk assess-
ment and surgical decision-making. In recent 
years, high-volume CLNM, commonly de-
fined as involvement of more than five central 
lymph nodes, has emerged as a more mean-
ingful end point than any-volume CLNM.4,5 
Huang et al.4 specifically examined large-vol-
ume central CLNM in patients with clinical N0 
PTC and identified several clinicopathologic 
correlates, and Zhu et al.5 developed a clini-
cal predictive model for high-volume lymph 
node metastasis in PTC and demonstrated 
that this end point could be modeled preop-
eratively. At the same time, preoperative no-
mograms based on clinical and ultrasound 
variables have continued to improve risk es-
timation for central nodal metastasis.6 None-
theless, important limitations remain. Many 
existing studies predict any CLNM rather 
than occult high-volume central disease, rely 
on single-center retrospective datasets with 
random internal splits rather than temporal 
validation, and do not incorporate quanti-
tative imaging features that may capture 
latent intratumoral heterogeneity beyond 
conventional ultrasound assessment.4-6  
Ultrasound radiomics offers one possible 
way to address this gap. By transforming 
grayscale ultrasound data into structured 
quantitative descriptors of shape, intensity, 
and texture, radiomics may extract tumor 
information that is not consistently appre-
ciable through human interpretation alone. 
Several recent studies have shown that 
ultrasound-based radiomics can improve 
preoperative prediction of CLNM in PTC.7,8 
Feng et al.,7 for example, developed a clini-
cal–radiomics nomogram for preoperative 
prediction of CLNM in PTC and reported 
improved performance when radiomics fea-
tures were combined with key clinical vari-
ables. Jia et al.8 similarly showed that an ul-
trasound-based radiomics model had value 
in identifying central nodal metastasis pre-
operatively. More broadly, explainable mul-
timodal artificial intelligence (AI) models are 
beginning to demonstrate that integrating 
complementary preoperative information 

can improve nodal metastasis prediction 
while preserving interpretability.9 Yet stud-
ies specifically targeting occult high-volume 
central CLNM in patients with cN0 PTC while 
simultaneously emphasizing practical preop-
erative inputs, temporal validation, external 
validation, and explainability remain limited.  
Against this background, we conduct a 
two-center multicohort study to develop and 
validate a practical multimodal model for the 
preoperative prediction of occult high-vol-
ume CLNM in cN0 PTC. We hypothesize that 
integrating routinely assessable convention-
al ultrasound features with an ultrasound–ra-
diomics signature provides more informative 
preoperative risk estimation than either data 
stream alone. To address the limitations of 
prior work, we design the study around a de-
velopment cohort, a temporal validation co-
hort, and an independent external validation 
cohort, further incorporating SHapley Ad-
ditive exPlanations (SHAP)-based interpret-
ability analysis together with a web-based 
calculator to facilitate clinical translation. In 
this way, the present study is intended not 
only to improve prediction accuracy but also 
to provide a clinically deployable framework 
for individualized nodal risk assessment be-
fore surgery.10,11 

Methods

Study design and participants

This retrospective, two-center, multico-
hort prediction study was conducted at Fuji-
an Provincial Hospital and Fujian Union Hos-
pital. Consecutive patients who underwent 
surgery for PTC during the study period were 
identified from institutional medical record, 
imaging, surgical, and pathological databas-
es. After application of the predefined eligi-
bility criteria, patients from Fujian Provincial 
Hospital constituted the internal cohort, 
which was chronologically divided into a de-
velopment cohort and a temporal validation 
cohort. Patients from Fujian Union Hospital 
constituted the external validation cohort. 
Only variables available before surgery were 
considered candidate predictors, whereas 
postoperative pathological findings were 
used exclusively for end point ascertain-
ment. The patient selection process is shown 
in Figure 1.

This study was approved by the Institu-
tional Review Boards of Fujian Provincial 
Hospital and Fujian Union Hospital (approv-
al number: K2025-04-002, date: 28.04.2025). 
Given the retrospective design and use of 
de-identified data, the requirement for in-
formed consent was waived.

Main points

•	 A multimodal model combining conven-
tional ultrasound features and ultrasound 
radiomics improved preoperative predic-
tion of occult high-volume central lymph 
node metastasis in clinically node-negative 
papillary thyroid carcinoma.

•	 The fusion model showed higher discrimi-
native performance than the clinical and ra-
diomics models alone in both the temporal 
and external validation cohorts.

•	 SHapley Additive exPlanations analysis 
showed that radiomics score and maximum 
tumor diameter contributed most strongly 
to model output; this finding was interpret-
ed cautiously because the radiomics signa-
ture included shape-, size-, and texture-re-
lated features.

•	 A web-based calculator was developed to 
facilitate individualized preoperative risk es-
timation as an adjunctive decision-support 
tool.
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Eligibility criteria

Patients were eligible for inclusion if they 
met all of the following criteria: (1) age ≥ 
18 years; (2) postoperative histopathologic 
confirmation of PTC; (3) cN0 status before 
surgery, defined as no definite evidence of 
cervical lymph node metastasis on the orig-
inal preoperative clinical assessment and 
neck ultrasonography reports; (4) confirma-
tion during retrospective blinded image re-
view that the available preoperative thyroid 
and neck ultrasound images did not show 
definite metastatic cervical lymph nodes 
in the assessable central and lateral neck 
compartments; (5) initial thyroid surgery; 
(6) available and evaluable preoperative 
conventional thyroid ultrasound images; (7) 
postoperative pathological data sufficient to 
determine central lymph node status and the 
number of metastatic central lymph nodes; 
and (8) complete clinical and preoperative 
ultrasound data for predictor extraction and 
model development.

Patients were excluded if they met any of 
the following criteria: (1) age < 18 years; (2) 
non-initial thyroid surgery; (3) incomplete 
preoperative thyroid ultrasound images; (4) 
incomplete postoperative pathological data; 
(5) a history of neck surgery, radiotherapy, 
or thyroid nodule radiofrequency ablation; 
(6) concomitant primary malignancies or 
autoimmune diseases other than Hashimo-
to thyroiditis; (7) concomitant lymph node 
diseases, including lymphoma, tuberculous 

lymphadenitis, Kikuchi disease, or metastat-
ic lymphadenopathy from other diseases; 
(8) documented suspicious cervical lymph 
nodes before surgery or indeterminate cervi-
cal lymph nodes for which metastatic disease 
could not be confidently excluded based on 
the available clinical reports, ultrasound re-
ports, or retrospective image review; or (9) 
incomplete clinical or preoperative ultra-
sound data.

Outcome definition

The primary end point was occult 
high-volume CLNM, defined as postoper-
ative pathological confirmation of more 
than five metastatic central lymph nodes 
in patients classified as cN0 before surgery. 
Patients with no CLNM or with five or fewer 
metastatic central lymph nodes were classi-
fied as negative for the primary end point. 
This cut-off was selected because nodal 
burden, rather than nodal positivity alone, 
is incorporated into recurrence-oriented risk 
stratification in differentiated thyroid cancer.

Surgical and pathological reference stan-
dard

All included patients underwent thyroid 
surgery with central compartment lymph 
node assessment sufficient for postoperative 
pathological determination of central nodal 
burden. In the participating centers, central 
compartment lymph node dissection was 
performed as part of surgical management 

in the included patients rather than being 
inferred from imaging alone. The extent of 
central neck dissection was determined by 
tumor location, multifocality, intraoperative 
findings, surgeon judgment, and institution-
al practice and included ipsilateral or bilat-
eral central compartment dissection when 
clinically indicated. The numbers of central 
lymph nodes examined and metastatic cen-
tral lymph nodes were extracted from post-
operative pathology reports. Institutional 
pathologists evaluated central compartment 
specimens, and postoperative pathology 
was used only for end point ascertainment. 
To evaluate the adequacy of the pathological 
reference standard, central nodal yield and 
metastatic central nodal counts were sum-
marized and recorded for the development, 
temporal validation, and external validation 
cohorts. 

Data collection and candidate predictors

Preoperative variables were extracted 
from the electronic medical records and 
imaging archives of each institution. Candi-
date predictors were selected on the basis of 
preoperative availability and clinical applica-
bility and comprised demographic charac-
teristics, comorbidities, laboratory indices, 
and conventional ultrasound features. The 
laboratory variables included routine hema-
tologic and biochemical markers and thyroid 
function–related indices. The conventional 
ultrasound variables included tumor loca-

Figure 1. Flow diagram of patient selection.
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tion, boundary, contour, irregular margin, 
halo sign, composition, echogenicity, aspect 
ratio, focal hyperechoic foci, posterior echo 
feature, vascularity, Chinese Thyroid Imag-
ing Reporting and Data System (C-TIRADS) 4 
subclass, diffuse thyroid disease, multifocali-
ty, and maximum tumor diameter.

Preoperative ultrasound examination and 
image review

Original preoperative ultrasound exam-
inations were performed at the participating 
centers by experienced thyroid ultrasound 
physicians or sonographers as part of routine 
thyroid and neck ultrasound assessment. 
The examinations were conducted using 
high-frequency linear-array probes and fol-
lowed institutional thyroid and neck ultra-
sound protocols, which included evaluation 
of the primary thyroid lesion and routinely 
accessible cervical lymph node compart-
ments, including the central and lateral neck 
compartments. Because this was a retro-
spective, two-center study, the examinations 
were not performed by the same operators 
across both centers, and the degree of cen-
tral compartment visualization at the time 
of original scanning could not be fully stan-
dardized.

Preoperative cN0 status was first deter-
mined according to the original clinical as-
sessment and neck ultrasound reports. The 
available preoperative ultrasound images 
were then independently reviewed by two 
senior thyroid ultrasound experts who were 
blinded to postoperative pathological out-
comes. This retrospective review was used 
to confirm the absence of definite metastatic 
cervical lymph nodes in the assessable neck 
compartments and to extract convention-
al ultrasound features of the index thyroid 
lesion. C-TIRADS 4 subclass was assigned 
during the blinded image review according 
to the suspicious ultrasound features used in 
the C-TIRADS framework, reflecting an over-
all structured ultrasound suspicion category. 
Margin contour was recorded separately as 
an explicit morphologic descriptor before 
model development. When discrepancies 
occurred, the images were further reviewed 
by a third senior thyroid ultrasound expert, 
and the final classification was established 
by consensus. For patients with multifocal 
PTC, the index lesion was defined as the le-
sion with the largest maximum diameter on 
preoperative ultrasound, and this lesion was 
matched to the dominant postoperative tu-
mor focus for pathological correlation. The 
maximum tumor diameter was measured 
on preoperative ultrasound and recorded in 
centimeters.

Radiomics workflow

Radiomics analysis was performed on 
preoperative conventional grayscale ultra-
sound images of the index lesion. Original 
ultrasound images were exported in Digital 
Imaging and Communications in Medicine 
format and analyzed using a prespecified 
Python 3.6.5–based radiomics workflow. The 
region of interest was manually delineated 
along the contour of the index lesion on the 
selected preoperative ultrasound image by 
a senior thyroid ultrasound expert. To assess 
feature reproducibility, a randomly selected 
subset of lesions was independently reseg-
mented by a second senior thyroid ultra-
sound expert who was blinded to the study 
outcome, and interobserver agreement was 
quantified using the intraclass correlation co-
efficient. Only radiomics features with good 
reproducibility were retained for subsequent 
analysis.

Radiomics features were extracted from 
the segmented grayscale ultrasound images, 
and they included shape, first-order statisti-
cal, gray-level co-occurrence matrix, gray-lev-
el run length matrix, gray-level size zone ma-
trix, and neighboring gray-tone difference 
matrix features. To avoid scale-related bias, 
radiomics features were standardized using 
z-score normalization based on the mean 
and standard deviation of the development 
cohort, and the same transformation param-
eters were applied to the temporal validation 
and external validation cohorts.

Feature selection

All feature-selection procedures were 
performed exclusively in the development 
cohort to avoid information leakage. Can-
didate preoperative clinical variables were 
entered into a least absolute shrinkage and 
selection operator (LASSO) regression mod-
el, and the optimal penalization parameter 
was determined by 10-fold cross-validation. 
Clinical variables with non-zero coefficients 
were retained for downstream modeling. Ac-
cording to the final LASSO model, three clini-
cal variables were selected: maximum tumor 
diameter, margin contour, and C-TIRADS 
4 subclass. Margin contour and C-TIRADS 
4 subclass were considered partially over-
lapping sonographic descriptors because 
C-TIRADS incorporates margin-related sus-
picious features. Therefore, their association 
and the robustness of the fusion model after 
excluding either descriptor were evaluated 
in sensitivity analyses.

For radiomics feature selection, repro-
ducible features were first retained after 
assessment of interobserver agreement. To 

further reduce redundancy and collineari-
ty before shrinkage, the retained radiomics 
features were filtered using the minimum 
redundancy maximum relevance algorithm. 
The selected candidate radiomics features 
were then entered into a 10-fold cross-val-
idated LASSO model, and features with 
non-zero coefficients were retained to con-
struct the radiomics signature. A total of 20 
radiomics features were ultimately selected 
and spanned shape, first-order statistical, 
gray-level co-occurrence matrix, gray-level 
run length matrix, gray-level size zone ma-
trix, and neighboring gray-tone difference 
matrix features. The radiomics signature 
was calculated as a linear combination of 
the retained features weighted by their cor-
responding coefficients and was defined as 
the radiomics score (Rad-score). Because 
the retained radiomics signature included 
shape-, size-, and texture-related descriptors, 
Rad-score was interpreted as an integrated 
ultrasound–radiomics summary rather than 
as a purely texture-based or latent biologi-
cal marker. The Rad-score was subsequently 
used for radiomics model development and 
construction of the final fusion model. To 
further examine the contribution of non-
shape radiomics information, a sensitivity 
radiomics signature was reconstructed after 
excluding shape- and size-related radiomics 
features.

Model development and algorithm com-
parison

All model development procedures were 
performed exclusively in the development 
cohort. After completion of clinical variable 
selection and construction of the radiomics 
signature, three model categories were pre-
specified: a clinical model, a radiomics mod-
el, and a fusion model. The clinical model was 
constructed using the retained preoperative 
clinical predictors, the radiomics model was 
constructed using the radiomics signature 
(Rad-score), and the fusion model was con-
structed by integrating the retained clinical 
predictors with the radiomics signature.

To compare candidate machine-learning 
frameworks, four classifiers were prespeci-
fied: logistic regression, random forest, XG-
Boost, and CatBoost. Algorithm comparison 
was conducted in the development cohort 
under the fusion setting because the fusion 
setting incorporated the full predictor infor-
mation available before surgery. For each 
candidate classifier, model fitting, hyperpa-
rameter optimization, and internal resam-
pling were completed using the develop-
ment cohort only.
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Hyperparameter tuning was performed 
using a grid-search strategy combined with 
10-fold cross-validation within the develop-
ment cohort. The mean cross-validated area 
under the receiver operating characteristic 
(ROC) curve (AUC) was used as the primary 
optimization criterion. For logistic regres-
sion, the regularization strength was tuned. 
For random forest, the number of trees, maxi-
mum tree depth, minimum samples required 
for node splitting, minimum samples re-
quired for terminal nodes, and the number of 
features considered at each split were tuned. 
For XGBoost, the number of boosting itera-
tions, learning rate, maximum tree depth, 
subsampling fraction, and column subsam-
pling fraction were tuned. For CatBoost, the 
number of boosting iterations, learning rate, 
tree depth, and L2 regularization strength 
were tuned. All optimized hyperparameters 
were fixed after model training in the devel-
opment cohort and were not reestimated in 
the temporal validation or external valida-
tion cohorts. It should be noted that, for the 
internal algorithm comparison, feature se-
lection and Rad-score construction had been 
completed within the development cohort 
before candidate classifiers were compared; 
therefore, this comparison was not a fully 
nested cross-validation procedure in which 
the entire preprocessing, feature selection, 
signature construction, tuning, and thresh-
old selection pipeline was repeated within 
each training fold.

After algorithm screening, the select-
ed classifier was used to construct the final 
clinical, radiomics, and fusion models in the 
development cohort. Model outputs were 
generated as predicted probabilities of oc-
cult high-volume CLNM. The classification 
threshold was determined in the develop-
ment cohort and then held constant for tem-
poral and external validation. To minimize in-
formation leakage, all preprocessing, feature 
selection, signature construction, algorithm 
tuning, and threshold determination steps 
were completed before evaluation in the val-
idation cohorts.

Model performance was assessed at three 
levels. Discrimination was evaluated using 
ROC curves and the AUC. Calibration was 
assessed using calibration plots, intercepts, 
and slopes and Brier scores. Clinical useful-
ness was evaluated using decision curve 
analysis (DCA) and clinical impact curves 
(CICs) across clinically relevant threshold 
probabilities. The finalized models were then 
independently tested in the temporal valida-
tion cohort and the external validation co-
hort without refitting or retuning.

Temporal validation and external valida-
tion

Temporal and external validation were 
performed using the finalized clinical, ra-
diomics, and fusion models and the classifi-
cation threshold derived from the develop-
ment cohort. In each validation cohort, AUCs 
were reported with 95% CIs, and sensitivity, 
specificity, positive predictive value, nega-
tive predictive value, and accuracy were cal-
culated at the prespecified threshold.

Clinical usefulness was assessed us-
ing DCA and CICs across clinically relevant 
threshold probabilities.

Model interpretability and representa-
tive-case visualization

To improve the interpretability of the final 
fusion model, SHAP values were calculated. 
Global interpretability was assessed using 
SHAP summary plots, in which the contri-
bution rankings of the four final input fea-
tures were evaluated, and SHAP dependence 
plots, which were generated for Rad-score, 
maximum tumor diameter, margin contour, 
and C-TIRADS 4 subclass. Local interpretabil-
ity was assessed using SHAP waterfall plots 
for representative true-negative, false-neg-
ative, true-positive, and false-positive cases. 
To further illustrate model behavior at the 
individual-patient level, the corresponding 
preoperative ultrasonographic images and 
postoperative histopathologic sections of 
these representative cases were displayed.

Web-based calculator

A web-based calculator was developed 
based on the final fusion model to provide 
individualized preoperative risk estimation 
of occult high-volume CLNM. 

Statistical analysis

Continuous variables were expressed 
as mean ± standard deviation or median 
[interquartile range (IQR)], as appropriate, 
according to variable distribution. Categor-
ical variables were expressed as counts and 
percentages. Baseline differences among the 
development, temporal validation, and ex-
ternal validation cohorts were assessed us-
ing one-way analysis of variance or the Kru-
skal–Wallis test for continuous variables and 
the chi-square test for categorical variables. 
Comparisons between patients who were 
outcome negative or outcome positive with-
in the development cohort were performed 
using the Student t-test or Mann–Whitney 
U test for continuous variables and the chi-

square test or Fisher’s exact test for categori-
cal variables, as appropriate. Additional sen-
sitivity analyses were performed to evaluate 
potential overlap among the final predictors. 
The association between margin contour 
and C-TIRADS 4 subclass was assessed using 
Cramér’s V. To examine whether the fusion 
model depended on overlapping clinical ul-
trasound descriptors, two sensitivity fusion 
models were reconstructed in the develop-
ment cohort by excluding either margin con-
tour or C-TIRADS 4 subclass and were then 
evaluated without refitting in the temporal 
validation and external validation cohorts. 
To assess whether the radiomics contribu-
tion was mainly attributable to shape- or 
size-related features, shape- and size-relat-
ed radiomics features were excluded, and 
a non-shape, texture-focused radiomics 
signature was reconstructed in the devel-
opment cohort using the same feature-se-
lection workflow. The corresponding tex-
ture-focused radiomics and fusion models 
were then evaluated without refitting in the 
temporal validation and external validation 
cohorts. Sensitivity models were compared 
with the primary models using AUC, Brier 
score, sensitivity, specificity, and accuracy. All 
analyses were two-sided, and P < 0.05 was 
considered statistically significant. Statisti-
cal analyses were performed using R version 
4.1.1 (R Foundation for Statistical Computing, 
Vienna, Austria) and Python version 3.6.5 (Py-
thon Software Foundation, Wilmington, DE, 
USA). Model development, radiomics pro-
cessing, and SHAP analyses were conducted 
within the prespecified Python workflow, 
and cohort-level statistical analyses were 
performed in R. This study was designed and 
reported in accordance with the Transparent 
Reporting of a Multivariable Prediction Mod-
el for Individual Prognosis or Diagnosis Plus 
Artificial Intelligence framework for multi-
variable prediction model studies. 

Results

Baseline characteristics

A total of 814 patients were included, 
comprising 470 patients in the development 
cohort, 202 in the temporal validation co-
hort, and 142 in the external validation co-
hort. The distribution of occult high-volume 
CLNM was similar across the three cohorts, 
with 213 of 470 patients (45.3%) in the de-
velopment cohort, 92 of 202 patients (45.5%) 
in the temporal validation cohort, and 64 of 
142 patients (45.1%) in the external valida-
tion cohort classified as positive (P = 0.996). 
Most baseline characteristics were compa-
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rable among the three cohorts (all P > 0.05), 
except for the anteroposterior/transverse 
(A/T) diameter ratio (P = 0.017). The median 
age was 47.00 (37.00–55.00) years in the de-
velopment cohort, 47.00 (38.25–56.00) years 
in the temporal validation cohort, and 48.00 
(37.25–55.00) years in the external valida-
tion cohort (P = 0.579). Female patients ac-
counted for 71.5%, 67.3%, and 78.2% of the 
three cohorts, respectively (P = 0.089). For 
aspect ratio A/T, the proportions of A/T < 1 
were 39.8%, 51.0%, and 38.7% in the devel-
opment, temporal validation, and external 
validation cohorts, respectively, whereas the 
proportions of A/T ≥ 1 were 60.2%, 49.0%, 
and 61.3%, respectively (P = 0.017). Detailed 
baseline characteristics of the three co-
horts are provided in Supplementary Table 
1. Postoperative pathological assessment 
of the central compartment was available 
for all included patients. The median num-
ber of central lymph nodes examined was 
13 (IQR, 8–17; range, 3–38) in the develop-
ment cohort, 12 (IQR, 9–18; range, 4–30) in 
the temporal validation cohort, and 11 (IQR, 
7–16; range, 3–36) in the external validation 
cohort. The corresponding median numbers 
of metastatic central lymph nodes were 3 
(IQR, 0–9; range, 0–26), 3 (IQR, 0–8; range, 
0–24), and 3 (IQR, 0–8; range, 0–22), respec-
tively. Detailed surgical and pathological ref-
erence-standard information is provided in 
Supplementary Table 2.

Baseline characteristics in the develop-
ment cohort

In the development cohort, 470 patients 
were included, comprising 257 outcome-neg-
ative patients and 213 outcome-positive pa-
tients. Most baseline variables did not differ 
significantly between the two groups (all P 
> 0.05). The median age was 48.00 (37.00–
56.00) years in the outcome-negative group 
and 45.00 (36.00–54.00) years in the out-
come-positive group (P = 0.060). Female pa-
tients accounted for 70.8% and 72.3% of the 
two groups, respectively (P = 0.801). Among 
continuous variables, red blood cell count 
was 4.61 (4.33–4.97) × 1012/L in the out-
come-negative group and 4.74 (4.40–5.05) 
× 1012/L in the outcome-positive group (P 
= 0.021), thyroid-stimulating hormone was 
1.80 (1.19–2.66) mIU/L and 2.01 (1.49–2.67) 
mIU/L, respectively (P = 0.021), and creat-
inine was 59.00 (52.00–69.00) μmol/L and 
61.00 (55.00–70.00) μmol/L, respectively (P 
= 0.030). Among categorical variables, com-
position differed between the two groups 
(P = 0.041). In the outcome-negative group, 
the proportions of predominantly cystic, 

predominantly solid, and solid nodules were 
0.0%, 3.1%, and 96.9%, respectively, com-
pared with 0.9%, 7.0%, and 92.0% in the 
outcome-positive group. The distribution of 
aspect ratio A/T also differed between the 
groups (P = 0.026), with A/T ≥ 1 observed 
in 65.0% of the outcome-negative group 
and 54.5% of the outcome-positive group. 
Rich vascularity was observed in 1.9% of 
the outcome-negative group and 8.9% of 
the outcome-positive group (P = 0.001). The 
distribution of C-TIRADS 4 subclass differed 
between the two groups (P = 0.002), and the 
proportion of C-TIRADS 4C (high suspicion) 
was 56.4% in the outcome-negative group 
and 71.8% in the outcome-positive group. 
Multifocality was present in 25.3% of the 
outcome-negative group and 34.7% of the 
outcome-positive group (P = 0.033). Detailed 
comparisons between outcome-negative 
and outcome-positive patients in the devel-
opment cohort are provided in Supplemen-
tary Table 3.

Selection of clinical variables

In the development cohort, LASSO regres-
sion was applied to the candidate clinical 
variables. The coefficient profiles are shown 
in Figure 2a, and the mean cross-validated 
AUC across different regularization param-
eters is shown in Figure 2b. At the selected 
tuning parameter indicated by the dashed 
line, three clinical variables with non-zero 
coefficients were retained: maximum tumor 
diameter, margin contour, and C-TIRADS 4 
subclass (Figure 2c). Because margin con-
tour and C-TIRADS 4 subclass may partially 
encode overlapping suspicious ultrasound 
morphology, their association was further 
evaluated. Cramér’s V values were 0.28 in the 
development cohort, 0.30 in the temporal 
validation cohort, 0.27 in the external vali-
dation cohort, and 0.29 in the overall cohort, 
with corresponding P values of < 0.001, < 
0.001, 0.006, and < 0.001, respectively. The 
association analysis is summarized in Sup-
plementary Table 4.

Selection of radiomics features

In the development cohort, LASSO regres-
sion was performed for radiomics feature se-
lection. The coefficient profiles are shown in 
Figure 3a, and the mean cross-validated AUC 
across different regularization parameters is 
shown in Figure 3b. At the selected tuning 
parameter indicated by the dashed line, 20 
radiomics features with non-zero coefficients 
were retained (Figure 3c), including shape, 
first-order statistical, gray-level co-occur-
rence matrix, gray-level run length matrix, 

gray-level size zone matrix, and neighboring 
gray-tone difference matrix features. 

Comparison of candidate algorithms for 
the fusion model

Using the selected clinical and radiom-
ics features, four candidate algorithms were 
developed in the development cohort: lo-
gistic regression, random forest, XGBoost, 
and CatBoost. The AUCs were 0.779 (95% CI, 
0.740–0.823), 0.994 (95% CI, 0.990–0.998), 
0.979 (95% CI, 0.969–0.987), and 0.946 (95% 
CI, 0.927–0.961), respectively (Figure 4a and 
Supplementary Table 5). Among these algo-
rithms, random forest yielded the highest 
AUC.

At the optimal cut-off derived from the 
development cohort, random forest showed 
a sensitivity of 0.925 (95% CI, 0.881–0.953), a 
specificity of 0.984 (95% CI, 0.961–0.994), and 
an accuracy of 0.957 (95% CI, 0.935–0.972), 
with a Brier score of 0.068. XGBoost showed 
a sensitivity of 0.939 (95% CI, 0.898–0.964), a 
specificity of 0.907 (95% CI, 0.865–0.936), and 
an accuracy of 0.921 (95% CI, 0.893–0.942), 
with a Brier score of 0.077. The correspond-
ing AUCs for CatBoost and logistic regression 
were 0.946 and 0.779, respectively.

Calibration curves are shown in Figure 
4b, and DCA is shown in Figure 4c. Across 
threshold probabilities of approximately 0.05 
to 0.80, the random forest, XGBoost, and Cat-
Boost models all showed net benefit above 
the treat-none strategy, and the random for-
est curve remained at or near the uppermost 
position among the compared algorithms 
across most of the threshold range. Random 
forest was selected for subsequent model 
construction.

Model performance and clinical utility in 
the validation cohorts

Using the random forest algorithm, the 
clinical, radiomics, and fusion models were 
evaluated in the temporal validation cohort 
and the external validation cohort. In the 
temporal validation cohort, the AUCs were 
0.703 (95% CI, 0.631–0.773) for the clinical 
model, 0.755 (95% CI, 0.687–0.817) for the 
radiomics model, and 0.845 (95% CI, 0.794–
0.893) for the fusion model. In the external 
validation cohort, the corresponding AUCs 
were 0.676 (95% CI, 0.601–0.748), 0.730 (95% 
CI, 0.660–0.795), and 0.817 (95% CI, 0.758–
0.870), respectively. For the fusion model, 
sensitivity, specificity, and accuracy were 
0.837, 0.695, and 0.755 in the temporal vali-
dation cohort and 0.769, 0.761, and 0.764 in 
the external validation cohort, respectively. 



Multimodal prediction of occult high-volume CLNM in cN0 PTC • 

The Brier scores of the fusion model were 
0.158 and 0.154 in the two validation co-
horts. Calibration, decision-curve, and clin-
ical-impact analyses are shown in Figure 
5a–h, and detailed performance metrics are 
summarized in Supplementary Table 6.

Sensitivity analysis of overlapping clinical 
ultrasound descriptors

To further evaluate whether the fusion 
model depended on overlapping clinical ul-
trasound descriptors, two sensitivity fusion 
models were constructed by excluding ei-
ther margin contour or C-TIRADS 4 subclass. 
Compared with the primary fusion model, 
the model without margin contour showed 
only a small decrease in AUC, from 0.845 to 
0.833 in the temporal validation cohort and 
from 0.817 to 0.804 in the external validation 
cohort. Similarly, the model without C-TI-

RADS 4 subclass showed AUCs of 0.837 and 
0.809 in the temporal and external validation 
cohorts, respectively. Brier scores, sensitivity, 
specificity, and accuracy were broadly com-
parable across the primary and sensitivity 
models. Detailed results are shown in Sup-
plementary Table 7.

Sensitivity analysis of radiomics feature 
categories

A further sensitivity analysis was per-
formed to examine whether the radiomics 
contribution was mainly attributable to 
shape- and size-related features. After ex-
cluding shape- and size-related radiomics 
features, a non-shape, texture-focused ra-
diomics signature was reconstructed in the 
development cohort and evaluated in the 
validation cohorts. The texture-focused ra-
diomics model achieved AUCs of 0.733 in the 

temporal validation cohort and 0.711 in the 
external validation cohort. When this tex-
ture-focused radiomics signature was com-
bined with clinical predictors, the texture-fo-
cused fusion model achieved AUCs of 0.822 
and 0.798 in the temporal and external vali-
dation cohorts, respectively. Although these 
values were slightly lower than those of the 
primary fusion model, the texture-focused 
fusion model retained favorable discrimina-
tion and calibration. Detailed results are pre-
sented in Supplementary Table 8.

Model interpretability analysis and repre-
sentative-case visualization

SHAPs analysis was performed for the 
fusion model. In the SHAP summary plot, 
the four input features were ranked by their 
overall contributions to model output as 
Rad-score, maximum tumor diameter, mar-

Figure 2. LASSO-based feature selection of clinical variables in the development cohort. (a) LASSO coefficient profiles of candidate clinical variables plotted against 
log10(C). (b) Mean cross-validated area under the receiver operating characteristic (ROC) curve (AUC) across different regularization parameters; the dashed vertical 
line indicates the selected tuning parameter. (c) Aggregated absolute coefficients of the retained raw clinical variables. Three clinical variables were retained after 
LASSO shrinkage: maximum tumor diameter, margin contour, and C-TIRADS 4 subclass. LASSO, least absolute shrinkage and selection operator; C-TIRADS 4, Chinese 
Thyroid Imaging Reporting and Data System 4 subclass. 
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Figure 3. LASSO-based feature selection of radiomics features in the development cohort. (a) LASSO coefficient profiles of candidate radiomics features plotted 
against log10(C). (b) Mean cross-validated area under the receiver operating characteristic curve (AUC) across different regularization parameters; the dashed 
vertical line indicates the selected tuning parameter. (c) Absolute coefficients of the retained radiomics features after LASSO shrinkage. A total of 20 radiomics 
features with non-zero coefficients were retained. LASSO, least absolute shrinkage and selection operator.

a

b

c

Figure 4. Comparison of candidate algorithms for the fusion model in the development cohort. (a) Receiver operating characteristic curves of the logistic regression, 
random forest, XGBoost, and CatBoost algorithms. (b) Calibration curves of the four algorithms. The gray dashed line indicates the ideal calibration line. (c) Decision 
curve analysis of the four algorithms together with the treat-all and treat-none strategies. ROC, receiver operating characteristic; AUC, area under the curve; DCA, 
decision curve analysis.

a b c
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gin contour, and C-TIRADS 4 subclass (Fig-
ure 6a). Among these features, Rad-score 
showed the widest SHAP value distribution, 
followed by maximum tumor diameter, 
whereas margin contour and C-TIRADS 4 
subclass showed relatively narrower distribu-
tions. In the dependence plots, SHAP values 
for Rad-score and maximum tumor diameter 
generally increased with increasing feature 
values, whereas those for margin contour 
and C-TIRADS 4 subclass were mainly distrib-
uted around zero with scattered positive and 
negative values (Figure 6b).

Representative SHAP waterfall plots 
are shown in Figure 6c. The predicted val-
ues were 0.21 for the true-negative case, 

0.30 for the false-negative case, 0.676 for 
the true-positive case, and 0.723 for the 
false-positive case, compared with a base-
line value of 0.452. The positive and negative 
contributions of each feature to the individu-
al predictions are shown in the correspond-
ing waterfall plots.

Representative ultrasonographic imag-
es and corresponding histopathologic sec-
tions of the true-negative, false-negative, 
true-positive, and false-positive cases are 
presented in Figure 6d.

Web-based calculator

A web-based calculator was developed 
based on the final fusion model for individu-

alized risk estimation of occult high-volume 
CLNM (Figure 7). The calculator incorporated 
four input variables: C-TIRADS 4 subclass, mar-
gin contour, maximum tumor diameter, and 
Rad-score. The initial interface of the calculator 
is shown in Figure 7a. Representative outputs 
are shown in Figure 7b and 7c. In the low-risk 
example, the estimated probability was 21.6%, 
which was below the decision threshold of 
0.50. In the high-risk example, the estimated 
probability was 76.5%, which was above the 
decision threshold of 0.50. The web-based 
calculator is available at https://thyroid-can-
cers6-gdhu6ypoguprlscktfezpk.streamlit.app/.

Figure 5. Performance of the clinical, radiomics, and fusion models in the temporal validation and external validation cohorts. (a, b) Receiver operating characteristic 
curves of the clinical, radiomics, and fusion models in the temporal validation and external validation cohorts. (c, d) Calibration curves of the three models in the 
temporal validation and external validation cohorts. The gray dashed line indicates the ideal calibration line. (e, f) Decision curve analysis of the three models in the 
temporal validation and external validation cohorts, together with the treat-all and treat-none strategies. (g, h) Clinical impact curves of the three models in the 
temporal validation and external validation cohorts. ROC, receiver operating characteristic; AUC, area under the curve; DCA, decision curve analysis.
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https://thyroid-cancers6-gdhu6ypoguprlscktfezpk.streamlit.app/
https://thyroid-cancers6-gdhu6ypoguprlscktfezpk.streamlit.app/
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Figure 6. SHAP-based interpretability analysis and representative case visualization of the fusion model. (a) SHAP summary plot showing the distribution of SHAP 
values for the four input features. Features are ranked according to their overall contributions to model output. (b) SHAP dependence plots for Rad-score, maximum 
tumor diameter, margin contour, and C-TIRADS 4 subclass. (c) Representative SHAP waterfall plots for a true-negative case, a false-negative case, a true-positive 
case, and a false-positive case, showing the contribution of each feature to the individual predicted probability. (d) Representative ultrasonographic images and 
corresponding histopathologic sections of the true-negative, false-negative, true-positive, and false-positive cases. SHAP, SHapley Additive exPlanations; C-TIRADS 
4, Chinese Thyroid Imaging Reporting and Data System 4 subclass; Rad-score, radiomics score.
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Discussion
The present study developed and validat-

ed a practical preoperative model for pre-
dicting the risk of occult high-volume CLNM 
in patients with cN0 PTC. Several aspects of 
this work deserve emphasis. First, rather than 
focusing on any-volume nodal involvement, 
we specifically targeted high-volume CLNM, 
an end point that is more closely linked 
to clinically meaningful nodal burden and 
postoperative risk stratification than inci-
dental low-volume metastasis.12,13 Second, 

the final fusion strategy, integrating conven-
tional ultrasound predictors with an ultra-
sound–radiomics signature, showed more 
favorable and more stable performance 
than either the clinical or radiomics model 
alone across both temporal and external 
validation cohorts. Third, model interpret-
ability analyses indicated that Rad-score 
and maximum tumor diameter contributed 
most strongly to model output, followed by 
margin contour and C-TIRADS 4 subclass. 
This result should be interpreted as a mod-
el-behavior finding rather than as evidence 

that the radiomics signature purely reflects 
latent texture heterogeneity independent 
of conventional size and morphology. 
Among the retained predictors, maximum 
tumor diameter is probably the most biolog-
ically intuitive. Tumor size has consistently 
emerged as one of the most robust determi-
nants of occult nodal spread in PTC, and a re-
cent systematic review and meta-analysis by 
Tang et al.3 showed that the prevalence of oc-
cult central nodal metastasis increases with 
increasing primary tumor size. In the specific 
setting of high-volume central disease, Wang 

Figure 7. Web-based calculator for individualized risk estimation of occult high-volume central lymph node metastasis. (a) Initial interface of the web-based 
calculator showing the input fields for C-TIRADS 4 subclass, margin contour, maximum tumor diameter, and rad-score. (b) Representative low-risk output of the 
calculator, showing an estimated probability of 21.6%, which was below the decision threshold of 0.50. (c) Representative high-risk output of the calculator, showing 
an estimated probability of 76.5%, which was above the decision threshold of 0.50. C-TIRADS 4, Chinese Thyroid Imaging Reporting and Data System 4 subclass; 
Rad-score, radiomics score.

a

b

c



 • July 2026 • Diagnostic and Interventional Radiology Zhang et al. 

et al.14 reported that larger tumor size was 
significantly associated with high-volume 
CLNM in cN0 papillary thyroid microcarcino-
ma, and Huang et al.15 similarly found that so-
nographic tumor size predicted high-volume 
central neck nodal metastasis. Zhu et al.5 also 
showed in a large contemporary cohort that 
lesion size remained an independent predic-
tor in a clinical model for high-volume CLNM. 
Our findings are therefore concordant with 
the existing literature. Mechanistically, larg-
er tumors may indicate longer intrathyroidal 
growth, a greater tumor-cell burden, more 
opportunities for lymphovascular perme-
ation, and a higher probability of subclinical 
extracapsular or perilymphatic extension. 
The fact that tumor size remained important 
even after the addition of radiomics features 
suggests that conventional ultrasound still 
preserves essential predictive information 
that cannot be fully replaced by quantitative 
image analysis.

A second important observation is the 
retention of margin contour and C-TIRADS 
4 subclass in the final fusion model. These 
variables are clinically meaningful because 
they encode morphologic suspiciousness 
that can be directly appreciated on routine 
ultrasound. Huang et al.,16 in a study explicit-
ly based on C-TIRADS analysis, demonstrated 
that higher C-TIRADS scores, larger nodules, 
multifocality, and adverse sonographic fea-
tures were independently associated with 
CLNM. Earlier sonographic work on high-vol-
ume central nodal disease also showed that 
suspicious ultrasound morphology of the 
primary lesion correlated with greater nodal 
burden.15 These two variables are partially 
overlapping because C-TIRADS 4 subclass 
incorporates margin-related suspicious fea-
tures, whereas margin contour was record-
ed separately as an explicit descriptor. Their 
joint retention is best viewed as a practical 
modeling result in which a structured over-
all suspicion category and a specific margin 
descriptor both contributed to prediction 
in this dataset. This interpretation was sup-
ported by the weak-to-moderate Cramér’s V 
values and by the sensitivity analyses show-
ing only limited attenuation in performance 
after excluding either descriptor. Of note, 
some variables that were associated with the 
outcome at the baseline-comparison stage, 
such as vascularity and multifocality, were 
not retained in the final model. This does 
not necessarily indicate irrelevance; rather, 
their predictive information may have been 
captured by more informative composite 
variables, collinear morphologic descriptors, 
or the radiomics signature during shrinkage 
and machine-learning optimization.17-19

The radiomics signature ranked first in 
SHAP importance, but this finding also re-
quires cautious interpretation. Ultrasound 
radiomics quantifies grayscale heteroge-
neity, shape irregularity, spatial co-occur-
rence, run-length distribution, and regional 
gray-level non-uniformity. Therefore, Rad-
score in the present model should be un-
derstood as an integrated radiomics sum-
mary that includes both shape-, size-, and 
texture-related descriptors rather than as a 
pure marker of latent biological heterogene-
ity. Prior ultrasound–radiomics studies have 
repeatedly shown that quantitative image 
signatures can improve preoperative predic-
tion of CLNM in PTC. Zhou et al.20 established 
an ultrasound–radiomics nomogram for 
central neck lymph node metastasis and re-
ported clinically useful discrimination in the 
validation cohort. Tong et al.21 subsequently 
confirmed in a multi-institutional study that 
ultrasound-based radiomics was valuable for 
predicting both central and lateral cervical 
nodal metastasis. More recently, Feng et al.7 
developed a clinical–radiomics nomogram 
in Academic Radiology and again showed 
that combining radiomics with key clinical 
variables improved prediction of CLNM. Our 
findings are consistent with this broader lit-
erature. The sensitivity analysis excluding 
shape- and size-related radiomics features 
further showed that the texture-focused fu-
sion model retained favorable performance 
in both validation cohorts, although its per-
formance was slightly lower than that of the 
primary fusion model. This finding suggests 
that radiomics provided predictive infor-
mation beyond conventional shape- and 
size-related descriptors while also indicating 
that shape, size, and texture jointly contrib-
uted to risk estimation. Therefore, Rad-score 
should be interpreted as an integrated quan-
titative ultrasound descriptor rather than as 
a purely texture-based marker or a direct 
surrogate of latent biological heterogeneity.

An additional issue worth discussing is 
why the fusion model outperformed both 
unimodal models and why, among the 
candidate algorithms, the final modeling 
framework achieved the most stable overall 
performance. In clinical terms, convention-
al ultrasound variables and radiomics may 
capture complementary but partly overlap-
ping layers of tumor information: the for-
mer reflects structured, expert-recognizable 
morphology, whereas the latter summarizes 
quantitative image descriptors that include 
shape, intensity, and texture.22,23 Their com-
bination may reduce information loss, but it 
should not be interpreted as proof that every 
component contributes independent biolog-

ical information. This concept is increasingly 
supported by modern multimodal AI studies. 
Shen et al.,9 in a recent Nature Communica-
tions study on thyroid cancer nodal predic-
tion, showed that multimodal integration of 
ultrasound imaging with other complemen-
tary information improved predictive perfor-
mance and interpretability relative to uni-
modal approaches. Although their end point 
was lateral rather than central nodal metas-
tasis and their technical architecture was 
deep-learning based, the conceptual mes-
sage is relevant to our findings: Multimodal 
fusion can improve prediction by combining 
complementary preoperative information. 
The clinical value of this study lies in its po-
tential to support preoperative risk strati-
fication in cN0 PTC, not to replace clinical 
judgment or directly detect occult nodes. 
In routine practice, preoperative detection 
of central compartment metastasis by ultra-
sound remains imperfect, largely because of 
the deep anatomic location of central nodes 
and shielding by the thyroid gland itself.2,16 
This limitation becomes more important 
when the occult nodal burden is high be-
cause high-volume nodal metastasis has 
greater implications for recurrence-orient-
ed risk stratification than low-volume mi-
croscopic disease.12,13 The final model uses 
four preoperative inputs—maximum tumor 
diameter, margin contour, C-TIRADS 4 sub-
class, and Rad-score—that are obtainable 
before surgery and may provide an adjunc-
tive estimate of occult high-volume central 
nodal burden. However, the present study 
only establishes retrospective predictive 
performance. Prospective validation and 
decision-impact studies are required before 
determining whether model-guided risk es-
timation can change surgical decision-mak-
ing, reduce unnecessary central neck dis-
section, or improve patient outcomes. 
Several limitations should be acknowledged. 
First, this was a retrospective study, and ret-
rospective model development carries a risk 
of selection bias and residual confounding 
despite predefined eligibility criteria and 
blinded image assessment. The event rate 
of occult high-volume CLNM was approx-
imately 45% in all cohorts, which is higher 
than would be expected in an unselected 
cN0 PTC population. This finding may reflect 
referral-center case mix, inclusion of surgi-
cally treated patients with postoperative 
pathological assessment of the central com-
partment, and selection related to central 
neck dissection. Therefore, this event rate 
should not be interpreted as the popula-
tion-level prevalence of occult high-volume 
CLNM among all patients with cN0 PTC. Sec-
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ond, although temporal and external vali-
dation were used to evaluate the finalized 
model, the internal algorithm-comparison 
procedure was not fully nested with respect 
to feature selection, radiomics signature 
construction, hyperparameter tuning, and 
threshold selection. Therefore, the very high 
development-cohort AUC of the random 
forest model may have been optimistically 
biased and should be interpreted cautiously. 
The temporal and external validation results 
are more clinically relevant for judging mod-
el generalizability. Third, although our study 
included both temporal and external valida-
tion, the two validation cohorts were derived 
from the same broader regional practice en-
vironment; therefore, wider geographic and 
ethnic validation remains necessary. Fourth, 
original ultrasound examinations were per-
formed in routine clinical practice rather 
than under a prospective, study-specific im-
aging protocol, and the same operator group 
did not perform all examinations across cen-
ters. Central compartment assessment is 
inherently operator dependent and may be 
limited by its anatomic location; therefore, 
false-negative preoperative ultrasound as-
sessment may have contributed to cN0 clas-
sification. Fifth, our end point—high-volume 
CLNM defined as more than five metastatic 
central lymph nodes—is clinically meaning-
ful and consistent with the recurrence-ori-
ented literature,12-14 but it remains influenced 
by the extent of central neck dissection and 
pathological sampling. Although central 
nodal yield and metastatic central nodal 
counts were summarized across cohorts, 
the extent of dissection was determined by 
routine clinical practice rather than by a pro-
spective, study-specific surgical protocol. In 
addition, although the median central nodal 
yield was 13, 12, and 11 nodes in the devel-
opment, temporal validation, and external 
validation cohorts, respectively, the range 
included a small number of patients with 
only three to four examined central lymph 
nodes. Because the primary end point was 
defined as more than five metastatic central 
lymph nodes, low-yield dissections may have 
resulted in some patients being classified as 
end point–negative despite possible unex-
amined nodal disease. Future studies using 
prospectively standardized central compart-
ment assessment are needed to reduce this 
source of end point misclassification. Sixth, 
margin contour and C-TIRADS 4 subclass 
may contain overlapping sonographic infor-
mation, and the retained radiomics features 
included shape- and size-related descriptors 
that may overlap with clinical tumor diam-
eter and morphology. Although sensitivity 

analyses excluding overlapping clinical ultra-
sound descriptors and shape- and size-relat-
ed radiomics features were performed, these 
analyses were retrospective and post-hoc. 
Therefore, the independent contribution of 
individual ultrasound morphology and ra-
diomics feature categories should be further 
evaluated in prospective multicenter data-
sets.

In conclusion, this study developed and 
validated a practical preoperative multimod-
al model for estimating the risk of occult 
high-volume CLNM in cN0 PTC. The fusion 
model integrating conventional ultrasound 
predictors with an ultrasound–radiomics 
signature showed favorable performance 
in the temporal and external validation co-
horts. The sensitivity analyses supported 
the robustness of the fusion model while 
also indicating that the final predictors in-
clude partially overlapping clinical morpho-
logic and radiomics shape- and size-related 
information. Therefore, the model should 
be interpreted as a practical preoperative 
risk-estimation tool rather than as evidence 
of independent biological mechanisms. Fur-
ther prospective validation and decision-im-
pact evaluation are required before routine 
clinical deployment.
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