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Purpose This study aimed to investigate radiomics analysis of ultrasonographic images to develop a 
potential biomarker for predicting lymph node metastasis in papillary thyroid carcinoma (PTC) pa-
tients.
Materials and Methods This study included 431 PTC patients from August 2013 to May 2014 and 
classified them into the training and validation sets. A total of 730 radiomics features, including texture 
matrices of gray-level co-occurrence matrix and gray-level run-length matrix and single-level discrete 
two-dimensional wavelet transform and other functions, were obtained. The least absolute shrinkage 
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and selection operator method was used for selecting the most predictive features in the training data 
set.
Results Lymph node metastasis was associated with the radiomics score (p < 0.001). It was also asso-
ciated with other clinical variables such as young age (p = 0.007) and large tumor size (p = 0.007). The 
area under the receiver operating characteristic curve was 0.687 (95% confidence interval: 0.616–
0.759) for the training set and 0.650 (95% confidence interval: 0.575–0.726) for the validation set.
Conclusion This study showed the potential of ultrasonography-based radiomics to predict cervical 
lymph node metastasis in patients with PTC; thus, ultrasonography-based radiomics can act as a bio-
marker for PTC.

Index terms ‌�Papillary Thyroid Carcinoma; Ultrasonography; Lymphatic Metastasis; Biomarkers

INTRODUCTION

The incidence of thyroid malignancy continues to rise worldwide as ultrasonography (US) 
increases in use, enabling the detection of small cancers (1, 2). Papillary thyroid carcinoma 
(PTC) accounts for approximately 90% of thyroid malignancies (1). Often, PTC follows a rela-
tively indolent and curable course, but disease persistence, recurrence, and even mortality 
still trouble PTC patients (1, 3, 4). Lymphatic spread is associated with the risk of regional re-
currence, which leads to impairment of quality of life. Thus, identifying lymph node metasta-
sis (LNM) preoperatively is crucial for the surgeons to plan optimal surgery for the patients (5).

Predictors of prognosis have been investigated with clinical, pathological, and molecular 
approaches. Known clinicopathologic factors are LNM, larger tumor size, aggressive histo-
logical subtype, extensive extrathyroidal invasion, vascular invasion and distant metastasis 
(6-8). V-raf murine sarcoma viral oncogene homolog B1 (BRAFV600E) mutations and telomer-
ase reverse transcriptase (TERT) promoter mutations have been studied as prognostic molec-
ular markers (9-12). Unfortunately, to obtain pathologic and molecular markers, invasive 
procedures such as biopsy or surgery are necessary (1, 13). 

Because malignant-appearing PTC more frequently has LNM, extrathyroidal invasion, and 
higher tumor, nodes, and metastasis (TNM) stage compared with benign-appearing PTC, US 
features can be useful prognostic factors (7, 8). In contrast to pathological or genomic ap-
proaches, US can obtain suspicious features of the lesions non-invasively before the surgery to 
predict prognosis (1, 8). However, this approach of using US to identify suspicious features is a 
qualitative analysis, which is subjective and varies by observer (14, 15). Thus, instead of solely 
depending on the visual interpretation of images, a quantitative and objective approach is 
needed.

As medical imaging tools have improved, high-throughput extraction of quantitative fea-
tures has become possible, leading to the development of radiomics (16). Radiomics converts 
medical images into high-dimensional and mineable data. It has been used in subsequent 
data analysis for decision support (16). Some studies have taken research further by investigat-
ing the radiomics signature as a potential disease biomarker (17-22). To the best of our knowl-
edge, US-based radiomics may be a stepping stone for a new non-invasive biomarker. There-
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fore, the aim of this study was to use the radiomics analysis of US images to develop a 
radiomics signature as a potential biomarker for predicting LNM in patients with PTCs.

MATERIALS AND METHODS

ETHICS STATEMENT
The Institutional Review Board approved this retrospective study and required neither pa-

tient approval nor informed consent for our review of patient images and records (IRB No. 
4-2016-0941).

STUDY POPULATION 
From August 2013 to May 2014, 1621 of 1747 patients who underwent preoperative US were 

diagnosed with thyroid cancer. Among them, consecutive 1606 patients were found to have 
PTC. Of 1606 patients, 1175 were excluded if they had already undergone surgery for papil-
lary thyroid microcarcinoma (PTMC) with a maximal diameter of less than 10 mm (n = 1127), 
if they did not have conventional PTC (n = 45), or if they were younger than 19 years old (n = 3). 
PTMC were excluded according to an indication of fine needle aspiration (FNA) biopsy for a 
thyroid nodule (23). The reason for limiting to conventional PTC was to select the study sub-
ject for the most frequent and homogenous group. Patients younger than 19 years old were 
exlcuded since children in thyroid carcinoma carry a unique set of clinical, pathologic, and 
molecular characteriestics (24). In total, 431 patients were included in our study and US im-
ages for radiomics were available from all patients. 

Total thyroidectomy was performed in patients with extrathyroidal extension, multifocali-
ty, bilaterality, or LNM on preoperative or intraoperative findings. Prophylactic bilateral cen-
tral compartment lymph node dissection was performed in patients undergoing total thyroid-
ectomy, and prophylactic unilateral central compartment dissection was performed in 
patients undergoing hemithyroidectomy. Lateral compartment dissection was performed 
only when lateral LNM was diagnosed on preoperative US-FNA or on an intraoperative frozen 
section. Central compartment dissection included the paratracheal, pretracheal, and prelar-
yngeal lymph nodes, and lateral compartment dissection included lymph nodes at levels Ⅱ, 
Ⅲ, Ⅳ and anterior Ⅴ. Multifocality and central and lateral LNM status were reviewed from 
the original pathological reports without the authors having knowledge of US features. 

ACQUISITION OF US DATA
All patients underwent preoperative US which was performed prospectively by one of elev-

en radiologists dedicated to thyroid imaging (seven fellows with 1 or 2 years of experience and 
four faculties with 6 to 15 years of experience) with a 5-to 12- MHz linear transducer (iU22, 
Philips Medical Systems, Bothell, WA, USA) and a 6-to 13- MHz linear transducer (EUB-7500, 
Hitachi Medical, Tokyo, Japan). All index tumors were routinely evaluated and captured in 
both transverse and longitudinal planes. A representative US image was selected for each pa-
tient by an experienced faculty (K.J.Y.) on the picture archiving and communication system 
and then the image was stored as a JPEG image. All lesions included in radiomics were based 
on one nodule per patient, and lesions with the longest plane diameter were included. Re-
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gions of interest (ROIs) were drawn on all images along nodule borders blindly without knowl-
edge of the pathological outcome of LNM by a senior radiologist (K.J.Y.) who had 20 years of 
subspecialty experience in thyroid imaging using the Paint program of Windows 7 (Microsoft 
Corporation, Redmond, WA, USA) (25, 26). Lastly, it was confirmed that the ROI was drawn on 
the pathology confirmed lesions.

IMAGE PROCESSING
Once a representative US image was determined, the ROI was also selected by an experi-

enced radiologist. Then patient information was eliminated and the image was converted to a 
gray-scale intensity image by removing saturation and hue information while maintaining lu-
minance. US images can vary greatly depending on the situation, so all intensity images were 
normalized by the Min-Max method (min 0, max 255) and expressed in the same range for a 
direct comparison between patients (Fig. 1) (27). To avoid altering the pixel intensity of images 
by drawing the ROI, all US images had two duplicates, one with and without ROI marks, as 
shown in Figs. 1A and 1B. Only ROI locational information was collected from the image with 
ROI marks (Fig. 2B), and ROI was segmented from the image without ROI marks (Fig. 2D).

RADIOMICS FEATURE EXTRACTION METHODOLOGY
We used in-house software with algorithms implemented in Matlab R2016a (Mathworks). 

A total of 730 radiomics features, including data from gray-level co-occurrence matrix 
(GLCM) and gray-level run-length matrix (GLRLM) texture matrices, single-level discrete 2D 
wavelet transform and other functions, were obtained from a single image (28). From the in-
tensity image, histogram parameters were computed and extracted. Histogram parameters in-
cluded entropy, mean, standard deviation, skewness, kurtosis, energy, mean absolute devia-
tion, median, and root mean square. Each of these parameters represent unique characteristics 
on images and their analysis incorporates first-order statistics. For instance, entropy measures 
texture irregularity in the image; mean provides the echogenicity information of the US im-
age by calculating the average value of pixel intensity; skewness measures the distribution 
asymmetry about the mean; and kurtosis shows the peakedness of the intensity distribution. 
Textural features were obtained from GLCM and GLRLM matrices. GLCM and GLRLM were 
calculated in four directions (0, 45, 90, 135 degree angle) with a distance of 1. Twenty-two tex-
tural parameters were computed from GLCM which are autocorrelation, cluster prominence, 

A B C D

Original image ROI selected Before normalization After normalization

Fig. 1. Image processing.
A-D. All US images had two duplicates, one without (A) and another with ROI marks (B). All US images were 
normalized using the Min-Max method (min 0, max 255) (C, D) and expressed in the same range for a direct 
comparison across patients.
ROI = region of interest, US = ultrasonography
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cluster shade, cluster tendency, contrast, correlation, difference entropy, dissimilarity, ener-
gy, entropy, homogeneity, informational measure of correlation, inverse difference moment 
normalized, inverse difference normalized, inverse variance, maximum probability, sum av-
erage, sum entropy, sum variance and variance. GLRLM features consist of 11 parameters 
which are short run emphasis, long run emphasis, gray level non-uniformity, run length non-
uniformity, run percentage, low gray level run emphasis, high gray level run emphasis, short 
run low gray level emphasis, short run high gray level emphasis, long run low gray level em-
phasis, and long run high gray level emphasis. Another set of the feature information was 
collected using wavelets. We used 2-space dimensional discrete one-level wavelet transfor-
mation to decompose the original US image using the ‘coiflet 1’ wavelet. For each direction, 
x- and y-directions, four discrete wavelet decompositions (LL, LH, HL, HH with H and L indi-
cating a high-pass and low-pass filter in the x, y-directions, respectively) were sought. All of 
the previously introduced first-order statistics as well as GLCM- and GLRLM-related features 
were also calculated and extracted from these four wavelet applied images. Features were ex-
tracted using in-house codes implemented in MATLAB 2016b (MathWorks) (28).

STATISTICAL ANALYSIS
We randomly divided patients into two groups (a training set and a validation set) using 

A

C

B

D

Image with ROI marks

Image without ROI marks

ROI location information

Final segmented ROI

Fig. 2. The ROI segmentation process. 
A-D. From the image with ROI marks (A), only the ROI locational information (B) is collected, and from the 
image without ROI marks (C), the ROI is segmented (D).
ROI = region of interest
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statistical software. Clinicopathologic variables were compared between the training and 
validation data set with the independent samples t test, Chi-square, or Fisher’s exact test.

The least absolute shrinkage and selection operator (LASSO) method with ‘glmnet’ pack-
age, which is suitable for the regression of high-dimensional data, was used to select the most 
predictive features in the training data set (29). The final set of features were determined by 
10-fold cross-validation. The cross-validated areas under the receiver operating characteristic 
curve (AUC) with standard errors were estimated according to the tuning parameter (λ) for 
LASSO. The λ value which narrowed the number of features into the final set was chosen to 
maximize the AUC. A radiomics score was calculated for each patient via a linear combina-
tion of the selected features weighted by their respective coefficients. Univariate and multivar-
iate logistic regression analyses were performed to assess associations of LNM with clinical 
factors and the radiomics score. We evaluated the predictive abilities of the training data set 
and validation data set with AUCs. An AUC value of 1.0 indicated that patients with different 
results were divided completely, and a value of 0.5 indicated that the data yielded from our 
model was no different from data obtained at random. All statistical tests were two-sided, 
with a p < 0.05 considered significant. Statistical analyses were performed with R software, 
version 3.3.2 (http://www.R-project.org). 

RESULTS

Out of total 431 patients, patients consisted of 320 (74.2%) female and 111 (25.8%) male. Mean 
patient age (± standard deviation) was 43.9 ± 13.3 years (range, 19–83 years). Mean female pa-
tient age was 43.3 ± 13.5 years (range, 19–83 years), and mean male patient age was 45.8 ± 12.4 
years (range, 21–82 years). Mean cancer size was 15.8 ± 7.3 mm (range, 11–60 mm). Mean can-
cer size was 15.8 ± 7.3 mm (range, 11–60 mm).

The training data set included 216 patients (M:F = 56:160; mean age, 44.0 ± 13.3), and the 
validation data set included 215 patients (M:F = 55:160; mean age, 43.8 ± 13.4) (Table 1). The 
tumor size (mean, 16.6 ± 8.2 mm) of the training data set was larger than that (mean, 14.9 ± 
6.2 mm) of the validation data set (p = 0.017). There were no significant differences between 
the data sets in terms of age, gender, multifocality, LNM, and distant metastasis. 

Of texture features, 730 features were reduced to 1 potential predictor based on 216 pa-

Table 1. Patient Characteristics of the Training and Validation Data Sets

Characteristics Training Data Set (n = 216) Validation Data Set (n = 215) p-Value
Age, years, mean ± SD   44.0 ± 13.3   43.8 ± 13.4 0.888
Sex, % 0.193

Male   56 (25.9)   55 (25.6)
Female 160 (74.1) 160 (74.4)

Tumor size, mm, mean ± SD 16.6 ± 8.2 14.9 ± 6.2 0.017
Multifocality, %   88 (40.7)   83 (38.6) 0.272
Lymph node metastasis, % 132 (61.1) 129 (60.0) 0.722
Distant metastasis, %   2 (0.9)   0 (0.0) 0.521
SD = standard deviation 

http://www.R-project.org


https://doi.org/10.3348/jksr.2021.0155 191

J Korean Soc Radiol 2023;84(1):185-196

tients in the primary cohort (Figs. 3A, B), and these features had nonzero coefficients in the 
LASSO logistic regression model. They were presented in the Rad-score calculation formula, 
which was 1.416107 + HL_lglre_50_90 × -2.0885729. Table 2 shows the results of the univari-
ate and multivariate analyses of clinical factors and radiomics score in the training data set 
to predict LNM. At univariate analysis, a higher radiomics score was statistically associated 
with an increased likelihood of LNM in PTC patients (95% confidence interval [CI], 1.030–
1.139, p = 0.002). Among clinical variables, younger age (95% CI, 0.951–0.994, p = 0.013) and 
larger tumor size (95% CI, 1.019–1.129, p = 0.027) were significantly associated with a higher 
chance of LNM. At multivariate analysis, the radiomics score was independently associated 
with LNM (95% CI, 1.099–1.160, p < 0.001). LNM showed significant associations with other 
clinical variables such as younger age (95% CI, 0.946–0.991, p = 0.007) and larger tumor size 
(95% CI, 1.026–1.154, p = 0.007). AUC was 0.687 (95% CI: 0.616–0.759) for the training set, and 
0.650 (95% CI: 0.575–0.726) for the validation set.

400

300

200

100

0

-100

0.65

0.60

0.55

0.50
Co

effi
ci

en
ts

AU
C

-6                       -5                       -4                       -3                       -2 -6                       -5                      -4                      -3                       -2

116                    77                     37                      5                        0126 119  104 91   88  73   67  50   42  30  24   10   5  3   2  1   1  1

log (Lambda) log (Lambda)

A B

Fig. 3. Texture feature selection using the LASSO binary logistic regression model.
A. Tuning parameter (Lambda) selection in the LASSO model used 10-fold cross-validation via maximum criteria. The AUC curve versus 
log (l) was plotted. Dotted vertical lines were drawn at the optimal values using the maximum criteria and one standard error of the mini-
mum criteria (left: maximum; right: the one standard error criteria). An l value of 0.092, with log (l), -2.389 was chosen (maximum criteria) 
according to 10-fold cross-validation. 
B. LASSO coefficient profiles of the 730 texture features are shown. A coefficient profile plot was produced against the log (l) sequence. A 
vertical line was drawn at the value selected using 10-fold cross-validation, where optimal l resulted in 24 nonzero coefficients.
AUC = areas under the receiver operating characteristic curve, LASSO = least absolute shrinkage and selection operator 

Table 2. Predictors of Lymph Node Metastasis in Patients with Papillary Thyroid Carcinoma Using Univariate 
and Multivariate Logistic Regression Analyses

Crude Odds Ratio p-Value Adjusted Odds Ratio p-Value
Age 0.973 (0.951–0.994) 0.013 0.969 (0.946–0.991) 0.007
Male sex 1.105 (0.586–2.119) 0.759 0.967 (0.487–1.940) 0.923
Tumor size 1.064 (1.019–1.129) 0.027 1.083 (1.026–1.154) 0.007
Radiomics score × 102 1.082 (1.030–1.139) 0.002 1.099 (1.099–1.160) < 0.001
Numbers in parentheses are 95% confidence intervals. Age, tumor size, and the radiomics score as continu-
ous variables.
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DISCUSSION

In this study, we presented a new way to predict LNM in patients with PTCs. Our study 
demonstrated utilizing the radiomics analysis of US images to obtain the radiomics score as 
a potential prognostic biomarker for LNM in patients with PTCs.

LNM is an important predictor of recurrence in PTC patients (7, 30, 31). Thus, accurate 
preoperative prediction of LNM is critical for making the best individualized treatment deci-
sion (32, 33). The high resolution of US has positioned it as the main diagnostic modality of 
LNM in patients with thyroid cancer, which also allows for accurate FNA of suspicious lymph 
nodes (1, 34, 35). However, US evaluation is limited by its subjectivity and operator depen-
dency (25, 34). Thus, the use of objective quantitative imaging features with detailed analysis 
in clinical practice is being considered a possible alternative to subjective qualitative imaging 
features with interobserver variability (7, 25).

Deep learning with radiomics model has emerged as a technique that can realize the above 
goals by decoding clinical information such as tumor phenotype and genetic expression pat-
terns and turning it into quantitatively mineable data (26, 34, 36). Previous study suggested 
the possibility of a feasible system to predict thyroid cancer recurrence using a deep learning 
model on US images (37). Specifically, the use of radiomics to predict disease prognosis, LNM 
in thyroid cancer has been investigated using computed tomography and US, with radiomics 
showing comparably high performance (Table 3) (25, 32, 34, 36, 38). A recent study on ra-
diomics of thyroid carcinoma reported that the radiomics score showed better performance 
with higher AUC value than the junior radiologists in predicting malignancy of thyroid nod-
ules (39). Accordingly, we evaluated whether radiomics could be used to predict cervical 
LNM in patients with PTCs.

In our study, the incidence of cervical LNM was 61.1% and 60.0%, respectively in the train-
ing data set and validation data set, which suggests that no significant differences exist be-
tween the two data sets. The radiomics score and other clinical variables such as younger age 
and larger tumor size were all statistically significant factors in this study. Among them, high-
er radiomics score was independently associated with cervical LNM in patient with PTCs. 

As for our analytical results, among 730 radiomics features, HL-lglre_50_90 was selected as 

Table 3. Studies on Radiomics for Predicting LNM in Patients with Papillary Thyroid Cancer

References Modality Prediction
Number of Total 

Patients
Number of 

Radiomics Features 
Training Set AUC Validation Set AUC

Lu et al. (34) CT Cervical LNM* 221 546 (8) 0.867 0.822
Zhou et al. (36) DECT Cervical LNM 108 223 (5) 0.910 0.847
Liu et al. (38) US Cervical LNM 450 614 (50) 0.782 0.727
Park et al. (25) US Lateral LNM† 400 730 (14) 0.710 0.621
Zhou et al. (32) US Central LNM‡ 609  50 (23) 0.870 0.858
Numbers in parentheses are the number of selected radiomics features.
*Cervical lymph node (central and lateral lymph nodes of thyroid) metastasis is predicted.
†Only lateral lymph node metastasis is predicted.
‡Only central lymph node metastasis is predicted.
AUC = areas under the receiver operating characteristic curve, DECT = dual-energy CT, LNM = lymph node metastasis, US = ultrasonography
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a statistically significant feature through the LASSO statistical technique. The extracted fea-
ture, lglre (low gray level run emphasis), measures the distribution of low gray level values in 
adjacent or consecutive pixels/voxels of a single gray level in a given direction, with higher 
values indicating a greater concentration of low gray level values in the image. In other words, 
‘lglre’ takes into account both pixel intensity and spatial relationships of the selected image. If 
the above mentioned value of lglre_50_90 is substituted into the radiomics score (1.416107 + 
HL_lglre_50_90 X -2.0885729) and calculated, it can be used to predict LNM. The predictive 
diagnostic accuracy of the validation set showed robustness in internal validation when com-
pared to the performance of the radiomics signature in the training set. 

Our results show that US-based radiomics may have the potential to provide the basis for a 
new non-invasive biomarker, but currently its discriminatory performance is not yet high 
enough to predict cervical LNM. Furthermore, in several other studies, the consideration of 
how to use radiomics in clinical settings continues. Although the utility of radiomics itself is 
important, research results are also being reported that when radiomics are used as a com-
plementary tool in the medical field, they can play a role in securing the limitations of sub-
jectivity and operator dependency of US. When radiomics are used together with US in clini-
cal situations, the possibility of missing additional cancer can be reduced, so complementary 
use of radiomics can play a role in clinical settings (40).

This study has several limitations. First, data were collected retrospectively, and this might 
have created an inevitable selection bias. Second, lateral compartment neck node dissection 
was performed when the preoperative FNA or intraoperative frozen biopsy results showed lat-
eral LNM, which might have caused LNM to be underestimated. Third, external validation 
was not performed using an independent data set from outside institutions, which might have 
caused overfitting. Finally, images obtained for the study were taken from multiple different 
types of US machines, which could have affected the radiomics features, and furthermore our 
results. However, our results also show that different types of US machines can be used to 
build US-based radiomics signatures, which opens the door for wider clinical application. 

In conclusion, our study showed that US radiomics features of the primary tumor were as-
sociated with cervical LNM status in patients with PTCs. Although its accuracy is not yet high 
enough in the validation set, our results showed the possibility of the US-based radiomics ap-
plication to clinical setting to predict cervical LNM in patients with PTCs, thus acting as a po-
tential biomarker. 
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Radiomics Analysis of Papillary Thyroid Carcinoma

Radiomics를 이용한 1 cm 이상의 갑상선 유두암의 
초음파 영상 분석: 림프절 전이 예측을 위한 
잠재적인 바이오마커

정현정1 · 한경화1 · 이은정2 · 윤정현1 · 박영진1 · 이민아1 · 조   은3 · 곽진영1*

목적 갑상선 유두암 환자에서 림프절 전이를 예측할 수 있는 잠재적인 바이오마커를 개발하

기 위해 초음파 영상에 대한 radiomics를 조사하는 것이다.

대상과 방법 2013년 8월부터 2014년 5월까지 431명의 환자가 연구에 포함되었고 통계 소프트

웨어를 사용하여 훈련 및 검증 세트로 구분되었다. 총 730개의 radiomics 특징이 자동으로 

추출되었다. 훈련 데이터 세트에서 가장 예측 가능한 특징을 선택하기 위해 최소 절대 수축 

및 선택 연산자가 사용되었다.  

결과 Radiomics 점수는 림프절 전이와 관련이 있었다(p < 0.001). 림프절 전이는 젊은 연령

(p = 0.007) 및 더 큰 종양 크기(p = 0.007)와 같은 다른 임상 변수와도 관련이 있었다. 수신자 

조작 특성 곡선 하 면적 결과 값은 훈련 세트의 경우 0.687 (95% 신뢰 구간: 0.616–0.759), 검

증 세트의 경우 0.650 (95% 신뢰 구간: 0.575–0.726)이었다.

결론 본 연구 결과는 초음파 영상 기반의 radiomics가 papillary thyroid carcinoma 환자에

서 경부 림프절 전이를 예측하고 바이오마커로 작용할 가능성을 보여주었다.
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