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Background: To evaluate the clinical utility of ultrasound radiomics in predicting parotid lymph node metastasis (PLNM) in
nasopharyngeal carcinoma (NPC) patients.

Methods: Grayscale ultrasound (US) images of parotid gland nodules were segmented, and radiomics features were extracted. An
support vector machine (SVM) model was built using the Least Absolute Shrinkage and Selection Operator (LASSO) algorithm for
feature selection. Different SVM models were built based on clinical characteristics, radiomics features, and a combination of these
features. Performance of the models was assessed using the area under the curve (AUCs), sensitivity and specificity.

Results: Among 406 patients (192 PLNM, 214 benign), a total of 406 nodules were included in this study. Thirty-one radiomics
features were selected as significant using the LASSO algorithm from the 474 extracted radiomics features. In the clinical model, NPC
patients with suspicious parotid gland nodules of irregular shape, poorly defined margins, long/short axis ratio (LSR) <1, and posterior
acoustic enhancement (PAE) were significant variables for PLNM (p<0.05). In the validation dataset, the AUC were 0.916 (95% CI:
0.876—0.983) in the clinical model, 0.830 (95% CI: 0.784—0.872) in the single radiomics model, and 0.928 (95% CI: 0.792-0.945) in
the combined model. The calibration curve of the different models and decision curve analysis (DCA) demonstrated the diagnostic
performance of the combined model.

Conclusion: The combined model using ultrasound radiomics has clinical utility in identifying useful US features and enhancing the
diagnostic accuracy of ultrasound for detecting PLNM in patients with NPC.
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Introduction
Nasopharyngeal carcinoma (NPC) exhibits a distinct epidemiological pattern, with particularly prevalence in East and
Southeast Asia." While cervical lymph node metastasis (CLNM) occurs in approximately 85% of newly diagnosed NPC
cases,” the parotid lymph nodes are also at risk for metastasis.® Importantly, parotid lymph node metastasis (PLNM) is
associated with poor prognosis in NPC, necessitating more aggressive therapeutic strategies to reduce distant
metastasis.*> However, PLNM occurs in only 1-3.4% of NPC, which is far less than CLNM.®

Given NPC’s high radiosensitivity, radiotherapy remains the predominant therapeutic modality, with intensity
intensity-modulated radiotherapy (IMRT) as the current standard.? To minimize radiation-induced toxicities, such as
xerostomia, and preserve patients’ quality of life, IMRT protocols typically shield the bilateral parotid gland areas.
However, overemphasis on safeguarding the parotid gland might lead to post-IMRT PLNM or parotid recurrence.’
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Therefore, it is crucial to detect PLNM prior to radiotherapy. Current radiological diagnosis of PLNM in NPC relies
predominantly on computed tomography (CT) or magnetic resonance imaging (MRI) of size and morphological
abnormalities.® Additionally, metabolic markers from '*F-fluorodeoxyglucose-positron emission tomography/computed
tomography ('*F-FDG-PET/CT) serve as predictive factors for high-risk recurrence and metastasis.” Nevertheless,
distinguishing PLNM from primary parotid tumors or benign lymph nodes remains challenging with these modalities.’

High-frequency ultrasound (US) offers a practical, high-resolution imaging solution for evaluating parotid nodule (PNs)
in superficial soft tissues. While US-guided biopsy is often recommended for suspicious PNs in NPC patients, differentiat-
ing metastatic from benign lesions remains difficult due to overlapping imaging features, despite experienced radiologists
can identify certain benign nodules based on specific clinical and pathological characteristics.'” However, reliance on
radiologists’ experience may lead to bias and subjectivity, highlighting the need for more objective approaches.

Radiomics is an emerging research field that utilizes advanced data characterization algorithms to develop computer-
aided diagnosis (CAD) models, enabling the extraction of quantitative imaging biomarkers (radiomic features) from
medical images.!' It enables high-throughput analysis of subtle patterns imperceptible to the human eye.'* In oncology,
tumor heterogeneity is considered as both a prognostic marker and a therapeutic challenge.'*'> Researches have shown that
radiomic features can reflect tumor heterogeneity at the cellular level.'® More recently, radiomics shows its great diagnostic
utility in many diseases including parotid lesions.'” Based on the reasons upon, radiomics presents great potential for
PLNM prediction in NPC. However, existing radiomics research on NPC metastasis focuses on cervical lymph nodes, with
few studies addressing PLNM in NPC. Due to its rarity and limited reporting, PLNM is often overlooked, sometimes
misclassified as distant metastasis, leading to suboptimal palliative rather than curative management.’

To our knowledge, none comprehensive studies have explored the utility of ultrasound-based radiomics analysis for
distinguishing PLNM from benign parotid diseases in NPC patients. Hence, this study investigates whether radiomic texture
features extracted from high-resolution US images can reliably differentiate PLNM from primary or benign PNs in NPC
cases.

Materials and Methods
Study Population

This retrospective study was approved by the Institutional Review Board of our cancer center. The requirement for
written informed consent from patients was waived. Patients with a history of NPC who underwent parotid gland nodule
ultrasound-guided core needle biopsy between January 2019 and August 2023 were retrospectively evaluated at our
institution. Patients with NPC with suspicious PNs revealed by MRI or palpable enlarged PNs underwent ultrasound
examination. If suspicious ultrasound signs were detected in PNs, nodule ultrasound-guided biopsy was performed. The
inclusion criteria were as follows: (a) age > 18 years, (b) history of NPC, and (c) suspected parotid gland nodules that
underwent biopsy. The exclusion criteria were as follows: (a) unclear pathological diagnosis; (b) other or unknown
pathological types of malignant tumors; and (c) poor image quality. For the positive group, parotid nodules diagnosed as
NPC metastasis were enrolled. Conversely, the negative cohort comprised of patients whose nodules were pathologically
diagnosed as benign (Figure 1).

Acquisition of Clinical Information and US Image, and General US Features Collection
All patients with suspicious parotid nodules underwent evaluation by an ultrasound doctor with 10 years of experience
prior to the ultrasound-guided core needle biopsy. The following devices were used for Conventional US examinations
were performed using Aixplorer (Supersonic Imagine), Mylab twice (Esaote), LOGIQ E9 (GE Healthcare), Resona7T
(Mindray), and ALOKA (Hitachi Healthcare). A 6—15L linear array probe was used.

The patients lay down on the examination bed in the supine position, and their parotid areas extended well during the
US examination. The US features at the largest cross-section of the parotid nodules, including size, shape, boundary,
internal echogenicity, posterior acoustic enhancement, and blood flow, were observed and recorded. The largest section
of the targeted PN was selected for radiomics analysis from each patient, and the long- and short-axis lengths of the PN
were recorded.
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Figure | Flowchart of study sample. PLNM= parotid lymph node metastasis. In total, 406 out of 945 patients were included according to the selection criteria.

Demographic and clinical information for all participants was obtained from electronic medical records, and clinical
characteristics, such as age, sex (male or female), and smoking status, were recorded. Pathological diagnosis was
considered to be the gold standard in our study.

Tumor Segmentation and Feature Extraction

First, the 3D-Slicer software, version 5.4.0 (available at www.slicer.org) was used to segment the regions of interest
(ROIs) of 406 lesions. As shown in Figure 2, the ROIs lesions in the largest section were manually outlined by two
ultrasound doctors with at least five years of expertise. Second, all the ROIs were verified and corrected by a senior
ultrasound physician. Next, radiomics features, including shape, texture, and first-order features, were extracted from the
ROIs using the PyRadiomics package in Python, version 3.7.1 (available at https://www.python.org).!” A cumulative

total of 474 radiomic characteristics were extracted from parotid nodules.

Feature Selection and Machine Learning Algorithm Development

The 406 patients involved in this study were randomly sampled and allocated to a training dataset and a test dataset at
a proportion of 7:3. First, to reduce the overfitting data dimension and eliminate irrelevant characteristic parameters,
a two-independent sample #-test was implemented to filter the radiomics features with statistically significant differences
(p < 0.05). Second, Spearman’s rank correlation analysis was applied to eliminate radiomics features with correlations
less than 0.9. Third, a penalized logistic regression model employing the Least Absolute Shrinkage and Selection
Operator (LASSO), coupled with a five-fold cross-validation procedure, was adopted to select the top-ranked features.
Variables related to the PLNM of the NPC were selected by shrinking the coefficient weights to zero. A cross-validation
was performed to determine the optimal A value. The features selected by the LASSO algorithm were then integrated and
analyzed using a support vector machine (SVM) classifier. In this study, we built a single radiomics model, and the
computed output of this model, known as the radiomics score (Rad-score), was calculated based on the respective
coefficient weights of the selected features.

The single radiomics model was an SVM model used for both the training and validation datasets. A clinical model
was constructed based on age, sex, smoking history, and several conventional ultrasound characteristics. Characteristics
with a p value <0.05, in the univariate logistic regression analysis, were included in the multivariate logistic regression
analysis. Variables with a p value <0.05, in the multivariate logistic regression analysis, were deemed to be significant
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Figure 2 Two examples of delineating region of interest (ROI) on B-mode US images. (A) The grayscale US image of a benign parotid nodule enrolled. (B) The PLNM was
delineated as the ROI. The green region indicated the ROI. (C and D) the conventional US image and ROI of a metastatic parotid lymph node. The green region in (D)
indicated the ROI.

predictors for the diagnosis of PLNM of NPC. Combined with the independent factors identified from multivariate
logistic regression analysis, we developed a new model based on radiomics model called the combined model.
A comparative analysis of the area under the receiver operating characteristic curve (AUC) for the models was performed
using Delong’s test.

Statistical Analysis
All statistical analyses for this research were conducted using SPSS version 25.0 (IBM) and R version 4.1.2 (available at
http://www.r-project.org), and Python version 3.7.1 (available at https://www.python.org). Categorical data are presented

as numbers and percentages, whereas continuous variables are presented as mean + SD/median. The Student’s #-test was
used to assess differences in continuous variables, and the chi-square test or Fisher’s test was used to compare categorical
variables. Receiver operating characteristic (ROC) curves were used to assess the diagnostic efficacy of the models, with
computation of accuracy, sensitivity, specificity, and AUC. Statistical significance was set at p < 0.05.

Results

Patient Characteristics

From January 2019 to August 2023, a cumulative total of 945 individuals with suspected PLNM from NPC underwent
ultrasound-guided biopsy at our cancer center. Before biopsy, all patients were evaluated by a senior ultrasound doctor to
confirm suspicious ultrasound signs of parotid nodules. Poor-quality images and patients with unclear pathological
diagnoses or other malignant tumors were excluded. Finally, 192 cases of NPC parotid module metastasis (median age,
49.5 years; interquartile range [IQR], 40.3—58.0 years; 162 men) and 214 cases of benign parotid diseases (median age,
52 years; interquartile range [IQR], 43—-60 years; 177 men) were enrolled. Benign parotid diseases include benign parotid
lymph nodes, Warthin’s tumors, pleomorphic adenomas, and oncocytomas. The clinical characteristics and general
ultrasound features of the patients are summarized in Table 1. Significant differences were found between the benign
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Table | Basic Characteristics and B-Mode Ultrasound Features of 406 Patients

Characteristics Total Benign PLNM p e
Patient 406 214 192 -
Gender 0.652 0.204
Male 339 (83.5%) | 177 (82.7%) 162 (84.4%)
Female 67 (16.5%) 37 (17.3%) 30 (15.6%)
Age* 51 (42, 59) | 52 (43, 60) 49.5 (40.25, 58) | 0.239
Unknown 25 (6.2%) 12 (5.6%) 13 (6.8%)
Long Axis (mm)* 13 (10, 19) | 11 (9, 15.25) | 16 (12, 25) <0.001
Short Axis (mm)* 8 (6, 13) 6(59) 10 (7, 14) <0.001
Long/short Axis Ratio <0.001 | 32.470
<l 366 (90.1%) | 210 (98.1%) 156 (81.3%)
>| 40 (9.9%) 4 (1.9%) 36 (18.7%)
Composition 0.39 1.882
Solid 393 (96.8%) | 205 (95.8%) 188 (97.9%)
Cystic 12 (3.0%) 8 (3.7%) 4 (2.1%)
Mixed cystic and solid 1 (0.2%) 1 (0.5%) 0
Internal Echo <0.001 | 77.764
Homogeneous 155 (38.2%) | 68 (31.8%) 87 (45.3%)
Hilus clear 87 (21.4%) | 82 (38.3%) 5 (1.0%)
Heterogeneous with unclear hilus | 154 (37.9%) | 61 (28.5%) 93 (48.4%)
Heterogeneous with clear hilus 10 (2.5%) 3 (1.4%) 7 (3.6%)
Shape <0.001 | 60.668
Regular 326 (80.3%) | 203 (94.9%) 123 (64.1%)
Irregular 80 (19.7%) I (5.1%) 69 (35.9%)
Margin <0.001 | 80.434
Clear 82 (20.2%) | 7 (3.3%) 75 (39.1%)
Blur 324 (79.8%) | 207 (96.7%) 117 (60.9%)
Posterior Acoustic Enhancement <0.001 | 61.968
Yes 285 (70.2%) | 114 (53.3%) 171 (89.1%)
No 121 (29.8%) | 100 (46.7%) | 21 (10.9%)
Blood Flow 0.001 14.542
None 127 (31.3%) | 82 (38.3%) 45 (23.4%)
Spotted 192 (47.3%) | 83 (38.9%) 109 (56.8%)
Rich 87 (21.4%) | 49 (22.9%) 38 (19.8%)

Note: *Numbers in parentheses are the interquartile ranges.
Abbreviation: PLNM, parotid lymph node metastasis.

and metastatic group, including in the long axis (p<0.001), short axis (p<0.001), long/short axis ratio (p<0.001), internal
echo (»p<0.001), shape (p<0.001), and margin (p<0.001). Additionally, posterior acoustic enhancement of the parotid
lymph nodes was detected in approximately 90% of the metastases. They were larger (p<0.001) and had a higher ratio of
blur margins (»p<0.001) and spotted and rich blood flow (p<0.001) than the benign group.

Radiomics Feature Selection and Optimal Signature Construction

Demographic characteristics and ultrasound features were evaluated using univariate logistic regression analysis, and
variables with p<0.05, were subsequently incorporated into the multivariate logistic regression analysis. After multi-
variate logistic regression, characteristics such as the long/short axis ratio (LSR) (p = 0.01), shape (p = 0.007), margin
(»<0.001), and PAE (p = 0.01) remained significant factors for PLNM in NPC (p<0.001) (Table 2). The AUC values of
the clinical model for the training and test cohorts were 0.905 (95% CI: 0.828-0.972) and 0.916 (95% CI: 0.876-0.983),
respectively (Table 3).
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Table 2 Univariate and Multivariate Logistic Regression of Basic Characteristics and

B-Mode Ultrasound Features

Characteristics | Univariate Multivariate

OR (95% CI) P OR (95% CI) P
Gender 1.18 (0.63, 2.22) 0.596
Age 1.00 (0.98, 1.01) 0.618
Long Axis (mm) 1.07 (1.04, I.11) <0.001 | 0.97 (0.88, 1.07) 0.522
Short Axis (mm) | 1.16 (1.10, 1.23) <0.001 | 1.00 (0.85, 1.12) 0.996
LSR 8.65 (2.93, 25.50) <0.001 | 6.04 (1.68, 27.79) 0.01
Composition 0.40 (0.10, 1.54) 0.183
Internal Echo 0.96 (0.74, 1.24) 0.744
Shape 10.49 (4.55, 24.24) <0.001 | 4.66 (1.61, 15.37) 0.007
Margin 0.045 (0.02, 0.13) <0.001 | 0.06 (0.01, 0.19) <0.001
PAE 6.90 (3.69, 12.90) <0.001 | 6.54 (2.45, 19.88) <0.001
Blood Flow 1.24 (0.95, 1.63) 0.117
Radscore 538.10 (118.62, 2441.00) | <0.001 | 145.35 (27.75, 921.14) | <0.001

Abbreviations: LSR, Long/short Axis Ratio; PAE, Posterior Acoustic Enhancement.

Table 3 Performance of SVM Models in the Training and Validating Datasets

Model Training Dataset Validation Dataset

AUC (95% CI) ACC | Se Sp AUC (95% CI) ACC | Se Sp
Clinical 0.905 (0.828-0.972) | 0.859 | 0.934 | 0.833 | 0.916 (0.876-0.983) | 0.776 | 0.615 | 0.832
Radiomics | 0.811 (0.751-0.854) | 0.814 | 0.672 | 0.865 | 0.830 (0.784-0.872) | 0.746 | 0.635 | 0.785
Combined | 0.948 (0.886-0.989) | 0.898 | 0.861 | 0.911 | 0.928 (0.792-0.945) | 0.836 | 0.712 | 0.879

A total of 474 characteristics were obtained from B-mode sonographic images, and the LASSO algorithm was applied
to discern 31 radiomic features from this collection. The relevant parameters and coefficients of the LASSO algorithm
are shown in Figure 3. An SVM radiomics model was built based on these features, achieving AUC values of 0.811 (95%
CI: 0.751-0.854) for the training dataset and 0.830 (95% CI: 0.784-0.872) for the validation dataset (Table 3).

Within the training dataset, the combined model exhibited sensitivity and specificity of 86.1% and 91.1%, respec-
tively. The AUC value of the combined model was 0.948 (95% CI: 88.6-98.9%), which was higher than that of the
clinical model (0.948 vs 0.905, p<0.001) and the radiomics model (0.948 vs 0.811, p<0.001). In the validation dataset,
the combined model also obtained the best result, with the highest AUC value compared to that of the radiomics (0.928
vs 0.830, p<0.001) and clinical (0.928 vs 0.916, p<0.001) models, respectively. Additionally, the combined model
demonstrated superior sensitivity compared to the radiomics model (71.2% vs 63.5%), and it also showed better
performance in specificity (87.9% vs 78.5%) within the validation cohort.

As shown in Figure 4A and B, the AUC values of the combined model were markedly superior to those of the clinical
model in both the training and validation datasets. Additionally, the calibration curve demonstrated the highest accuracy
of the combined model for predicting PLNM in NPC patients. As shown in Figure 4C, the calibration curve for the
combined model suggested that PLNM prediction in NPC closely approximated the actual outcomes in both the training
and validation datasets. The decision curve analysis (DCA) showed the enhanced performance of the combined model
within both training and validating cohorts (Figure 4D and E).

The Rad-score for each ultrasound image was determined using the radiomics model. A combined model was then
developed by combining clinical predictors with radiomic features. Subsequently, a nomogram was constructed using this
combined model. According to the combined model, the LSR, shape, margin, and PAE status of suspicious parotid
nodules were independent predictors of PLNM in NPC (Figure 5).
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Figure 3 Logistic LASSO regression. (A) Cross-validation plot of penalty term. (B) LASSO path plot of the model in the training set.

Discussion

To our knowledge, this represents the first study evaluating the utility of ultrasound radiomics for assessing PLNM in
NPC, which correlates with increased regional recurrence and disease failure risk.” Our findings identified the long/short
axis ratio as a crucial predictive factor across all models, with PLNM risk elevated when this ratio < 1. Regarding margin
characteristics, irregular or ill-defined margins emerged as significant in both clinical and combined models, contrasting
with prior reports of well-defined margins in some lower-grade malignant parotid lesions. In addition, posterior acoustic
enhancement proved valuable for differentiating benign nodules from PLNM in NPC patients, which was divergent from
previous research.'® This was potentially attributable to the singular cell type of NPC-related PLNM. Consistent with
existing literature, echotexture showed no significant diagnostic value for characterization."”

Diverse pathological components of parotid lesions create subtle grayscale ultrasound structural differences
Imperceptible to human vision. The diversity of parotid pathologies often yields inconsistent US features even for identical
conditions. Therefore, related clinical characteristic analysis is necessary. Radiomics converts images into high-throughput
quantitative signatures for deeper biological features analysis. For instance, MRI-based radiomics achieved an AUC of 0.84
for distinguishing PLNM of NPC from benign parotid diseases.® Our study focused on the diagnostic potential of ultrasound-
based radiomics for NPC-related PLNM, addressing the limitations of conventional visual assessment in detecting subtle
pathological features. The development of artificial intelligence now permit quantitative integration of these radiomic
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Figure 4 Results of the SVM model. (A) The receiver operating characteristics (ROC) of the training dataset. (B) The ROC curves of the validation dataset. (C) The
calibration curve of the combined model. (D) The decision curve analysis (DCA) figure of the three models of the training set. (E) The DCA figure of the three models of
the validation set.

features for PLNM prediction. Prior investigations demonstrated high diagnostic accuracy of conventional US based
radiomics in lymph node metastasis.”*?' Our results suggest ultrasound radiomics could serve as a valuable noninvasive
tool for pretreatment assessment of parotid lymph node metastasis in NPC patients. We built and validated radiomics models
based on parotid gland nodule features to diagnose PLNM in NPC. The combined prediction model demonstrated out-
standing diagnostic performance for PLNM, achieving AUC values of 0.948 in the training cohort and 0.928 in the validation
cohort. Notably, the combined model exhibited superior sensitivity (86.1% vs 71.2%) and specificity (91.1% vs 87.9%) in
both training and validation cohort compared to other models evaluated in this study.

The heterogeneous pathological composition of parotid lesions results in distinct structural patterns on grayscale
ultrasound that often elude conventional visual assessment. This diagnostic challenge is further compounded by: (1)
the wide spectrum of parotid pathologies, and (2) the phenotypic variability observed within the same pathological
entity. These limitations underscore the critical need for comprehensive clinical-radiological correlation. Our radiomics
approach offers particular clinical value by potentially obviating unnecessary core needle biopsies in PLNM-negative
cases. Notably, while previous imaging studies of PLNM in NPC have been constrained by small sample sizes
(typically <100 cases) and consequent methodological limitations, our investigation employed a substantially larger
cohort (n=406), thereby demonstrating the robust predictive performance of ultrasound radiomics for PLNM detection
in NPC patients.

However, several limitations of this study should be acknowledged. First, the retrospective design may
introduce selection bias and limit generalizability of our findings. Second, as a single-center investigation, external
validation through multicenter studies with larger, more diverse patient cohorts is needed to confirm the model’s
robustness. Third, our radiomics analysis was restricted to conventional grayscale ultrasound features, excluding
potentially complementary data from advanced techniques like elastography and contrast-enhanced ultrasound
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Figure 5 The nomograph based on the combined model.
Abbreviations: LSR, long/short axis ratio; PAE, posterior acoustic enhancement.

(CEUS). While current evidence does not support the diagnostic utility of these modalities for PLNM in NPC,
their integration in future radiomics models may provide incremental value.

Conclusion
In summary, our SVM-based radiomics model demonstrates that combining ultrasound features such as irregular shape, blur
margin, long/short axis ratio <I, and posterior acoustic enhancement significantly improves PLNM detection in NPC.
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