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Background: Up to 15.3% of papillary thyroid microcarcinoma (PTMC) patients with negative clinical 
lymph node metastasis (cN0) were confirmed to have pathological lymph node metastasis in level VI. 
Conventional ultrasound (US) focuses on the characteristics of tumor capsule and the periphery to determine 
whether the tumor has invasive growth. However, due to its small size, the typical features of invasiveness 
shown by conventional 2-dimensional (2D) US are not well visualized. US-based radiomics makes use of 
artificial intelligence and big data to build a model that can help improving diagnostic accuracy and providing 
prognostic implication of the disease. We hope to establish and assess the value of a nomogram based on US 
radiomics combined with independent risk factors in predicting the invasiveness of a single PTMC without 
clinical lymph node metastasis (cN0).
Methods: A total of 317 patients with cN0 single PTMC who underwent US examination and operation 
were included in this retrospective cohort study. Patients were randomly divided into training and testing set 
in the ratio of 8:2. The US images of all patients were segmented, and the radiomics features were extracted. 
In the training dataset, the US with features of minimum redundancy maximum relevance (mRMR) and the 
least absolute shrinkage and selection operator (LASSO) were selected and radiomics signatures were then 
established according to their respective weighting coefficients. Univariate and multivariate logistic regression 
analyses were employed to generate the risk factors of possible invasive PTMC. The nomogram is then made 
by combining high risk factors and the radiomics signature. The efficiency of the nomogram was evaluated by 
the receiver operating characteristic (ROC) curve and calibration curve, and its clinical application value was 
assessed by decision curve analysis (DCA). The testing dataset was used to validate the model.
Results: In the model, seven radiomics features were selected to establish the radiomics signature. A 
nomogram was made by incorporating clinically independent risk factors and the radiomics signature. Both 
the ROC curve and calibration curve showed good prediction efficiency. The area under the curve (AUC), 
accuracy, sensitivity, and specificity of the nomogram in the training data were 0.76 [95% confidence interval 
(CI): 0.71–0.82], 0.811, 0.914, and 0.727, respectively whereas the results of the testing dataset were 0.71 
(95% CI: 0.58–0.84), 0.841, 0.533, and 0.868. As such, the efficacy of the nomogram in predicting the 
invasiveness of PTMC was subsequently validated by the DCA.
Conclusions: Nomogram based on thyroid US radiomics has an excellent predictive value of the potential 
invasiveness of a single PTMC without clinical lymph node metastasis. With these promising results, it can 
potentially be the imaging marker used in daily clinical practice. 
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Introduction

In recent years, the Surveillance, Epidemiology, and 
End Results (SEER) database (1,2) has shown that the 
prevalence of thyroid cancer has increased significantly, 
most commonly being papillary thyroid microcarcinoma 
(PTMC), which is defined as PTC with diameter less than  
1 cm in size according to World Health Organization 
(WHO). More than 50% of the newly diagnosed thyroid 
cancer cases are PTMC, and its growth rate is the fastest. 
Despite its size, some tumors are more invasive and 
might spread well beyond the thyroid capsule causing 
extrathyroidal extension, regional or distant metastasis, 
and can even result in death (3,4). Local and international 
consensus is that active surveillance strategies can be 
adopted for non-invasive PTMC. However, highly invasive 
PTMC should be fully recognized and regulated in clinical 
work as it accounts for higher morbidity and mortality rate.

Ultrasound (US), as the first line of investigation for 
the examination of PTMC, is helpful in the detection 

of PTMC, but it cannot easily predict the invasiveness 
of PTMC. Previous research revealed that preoperative 
ultrasonography was not sensitive in detecting lymph node 
metastasis in the central neck; up to 15.3% of PTMC 
patients with negative clinical lymph node metastasis 
(cN0) were confirmed to have pathological lymph node 
metastasis in level VI (5,6). Conventional US focuses on 
the characteristics of tumor capsule and the periphery 
to determine whether the tumor has invasive growth. 
However, due to its small size, the typical features of 
invasiveness shown by conventional 2-dimensional (2D) US 
are not well visualized. Most PTMCs are single lesions and 
would rarely have regional or even lymph node metastasis 
at the time of presentation, the ability to capture invasive 
PTMC in the early stages would definitely improve the 
prognosis and justify an early definitive thyroid lobectomy.

Radiomics makes use of artificial intelligence and big 
data to build a model that can help improving diagnostic 
accuracy and providing prognostic implication of the 
disease (7,8). In recent years, US-based radiomics has 
developed rapidly and has been gradually applied to the 
differentiate between a benign and malignant thyroid 
nodule (9), and to evaluate the level of their invasiveness 
(10,11). However, so far there are only limited studies 
focusing on the invasiveness of a single cN0 PTMC. This 
study aimed to construct an US-based radiomics nomogram 
that combines radiomics features with clinical features to 
predict the invasiveness of a single cN0 PTMC. We hope 
to provide a basis for clinical treatment and prognosis of a 
single cN0 PTMC. We present this article in accordance 
with the TRIPOD reporting checklist (available at https://
gs.amegroups.com/article/view/10.21037/gs-23-473/rc).

Methods

Patient selection

This study retrospectively analyzed 317 patients with 
newly diagnosed cN0 PTMC who underwent surgery at 
Ningbo No.2 Hospital, from May 2019 to December 2021. 
In addition to absence of clinical palpable cervical lymph 
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node, cN0 is further confirmed by ultrasonography, i.e., 
those with the following findings were excluded: transverse/
long diameter of cervical lymph node >0.5 cm, the unclear 
boundary of cortical medulla or disappearance of medulla 
structure, gravel calcification or cystic degeneration similar 
to the primary focus, hyperechoic mass in the cortex, or 
abundant or irregular blood flow around the cortex (12).

The inclusion criteria are as follows: (I) newly treated 
patients with single PTMC confirmed by postoperative 
pathology; (II) patients meeting the diagnostic criteria of 
cN0; (III) thyroid US examination 1 week before operation 
was available for review; (IV) the scope of surgical resection 
included at least the affected side gland and central lymph 
node. The exclusion criteria are as follows: (I) preoperative 
evaluation of cN1; (II) bilateral or multifocal cancer; 
(III) poor or missing US images or other incomplete 
clinical data; (IV) patients with concurrent malignancies; 
(V) patients with a prior history of chemotherapy and 
radiotherapy.

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). This study 
was approved by the Research Ethics Committee of 
Ningbo No.2 Hospital (Ningbo, China) (No. PJ-NBEY-
KY-2019-150-01). The informed consent requirement was 
waived due to the retrospective nature of this study.

Clinical data 

Demographics including gender, age, body mass index 
(BMI, kg/m2), blood tests [thyroid stimulating hormone 
(TSH), thyroglobulin (TG) level], ultrasonography (USG) 
findings (size, location of the PTMC), past medical history, 
notably Hashimoto’s thyroiditis (HT) were obtained from 
the consultation notes. PTMC was further divided into an 
invasive group or a non-invasive group according to the 
pathological report, based on the presence of extrathyroidal 
extension and/or lymph node metastasis (13).

Standard ultrasonic image acquisition

MyLab90 color Doppler US diagnostic system (Esaote 
S.p.A., Genova, Italy) was used, equipped with a LA523 
probe (4–13 MHz). Patients were asked to lie in a supine 
position with head tilted for full exposure of the anterior 
neck. Thyroid examination conditions of the superficial 
organs preset by the machine were selected. The gain, 
depth, dynamic range, and focus area were adjusted in 
order to obtain the optimal quality. Targeted lesions were 

studied in multiple sections, and the images were stored in 
the workstation in Digital Imaging and Communications in 
Medicine (DICOM) format. Of note, the US examinations 
were carried out by radiologists with more than 5 years of 
experience.

Region of interest segmentation and feature extraction

The ultrasonic DICOM image data was imported into 
ITK-SNAP (version 3.8; http://www.ITKSNAP.org). 
The region of interest (ROI) was manually drawn on 
the gray US image of the largest section PTMC. The 
intention was to include the whole thyroid cancer lesion 
in the ROI. All segmentation was performed by two 
radiologists, of which one of them repeat the procedure 
twice to confirm the validity. They were both blinded 
from the pathological results of the surgery and have 
more than 5 years of clinical experience in thyroid nodule 
ultrasonography. Gray standardization, discretization 
processing, and image resampling were then applied to the 
image before drawing the radiomics features automatically 
using the Pyradiomics software (https://www.radiomics.io/
pyradiomics.html) package (v3.0). Targeted features include 
those reflecting phenotypic characteristics, e.g., texture, 
morphology, intensity, Laplacian of Gaussian, and wavelet. 
These radiomics features followed the Image Biomarker 
Standardization Initiative (IBSI; https://ibsi.readthedocs.
io/en/latest/). The interclass correlation coefficient (ICC) 
was used to evaluate inter- and intra-observer consistency 
in the aforementioned data collection process. It is ensured 
that only the radiomics features with ICC >0.75, would be 
selected to construct radiomics signature.

Feature selection and radiomics signature construction 

The patients were randomly assigned to the training and 
testing dataset according to the proportion of 8:2. The 
extracted radiomics feature data were normalized by the 
Z-score method, and the features were screened using 
minimum redundancy maximum relevance (mRMR) and 
least absolute shrinkage and selection operator (LASSO) 
regression. Features with non-zero coefficients were 
verified by 10 times cross-validation hyperparameters, 
and the selected optimal features were used to construct a 
radiomics signature. Finally, the radiomics score (Rad-score) 
of each patient was calculated by the Rad-score calculation 
formula in the official PyRadiomics document. The 
receiver operating characteristic (ROC) curve evaluated 

http://www.ITKSNAP.org
https://www.radiomics.io/pyradiomics.html
https://www.radiomics.io/pyradiomics.html
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the radiomics signature’s performance, and the radiomics 
signature was verified in the testing data.

The establishment of the US radiomics nomogram 

Clinical information and radiomics Rad-score were 
statistically analyzed by Student’s t-test (continuous 
variables) and Chi-squared test (categorical variables). The 
selected risk factors were further analyzed by multivariate 
logistic regression. With free P value less than 0.05 as the 
retention criterion, the potential predictors of PTMC 
invasiveness were identified by backward step-by-step 
selection method. Then the radiomics signature were 
combined with clinical risk factors to establish a radiomics 
nomogram.

Performance of the US radiomics nomogram 

ROC curves of radiomics nomogram were plotted in 
training and testing data. Area under the curve (AUC) 
was used to evaluate the discriminatory performance of 
the radiomics nomogram. Calibration curves were used to 
evaluate the validity of the radiomics nomogram. Decision 
curve analysis (DCA) was used to evaluate the clinical value 
of the radiomics nomogram.

Statistical analysis

The SPSS 26.0 software (IBM Company, Armonk, NY, 
USA) was used for statistical analysis. The continuous data 
conforming to the normal distribution were expressed as 
mean (standard deviation) and analyzed by independent 
sample t-test. The categorical data were represented by n 
(%) and analyzed by Chi-square test or Fisher’s exact test. 
The Mann-Whitney U test was used to compare the serial 
data. In multivariate logistic analysis, invasiveness was taken 
as the dependent variable, and the factors with statistically 
significant differences in univariate analysis were taken 
as independent variables. Machine learning methods and 
radiomics were implemented using the Scikit-Learn package 
of Python 3.8.1 (https://www.python.org/downloads/
release/python-381/). The nomogram and calibration 
curves of the diagnostic model were plotted using the 
matplotlib package for Python 3.8.1. DCA assesses the 
clinical validity of the model by quantifying the net benefit 
under different threshold probabilities. A P value <0.05 was 
considered statistically significant.

Results

Clinical characteristics 

A total of 317 patients were included in this study. 
According to the operation and pathology results, there 
were 130 cases in the invasive group and 187 cases in the 
non-invasive group. The patients were randomly divided 
into a training dataset (n=254) and a testing dataset (n=63) 
in a 4:1 ratio. There was no significant difference in clinical 
features, invasiveness, and Rad-score between the two 
groups (all P>0.05), as shown in Table 1.

Univariate analysis showed that gender, size/location 
of the lesion, and Rad-score were significantly correlated 
in the training data. According to the multivariate logical 
analysis, there was a significant correlation among gender 
[odds ratio (OR): 2.030, 95% confidence interval (CI): 
1.101–3.742, P=0.023], lesion diameter (OR: 1.142, 95% 
CI: 1.014–1.286, P=0.029), lesion location (OR: 1.297, 95% 
CI: 1.009–1.666, P=0.042), and Rad-score (OR: 4.480, 95% 
CI: 2.720–7.390, P<0.001). It is regarded as an independent 
predictor of the PTMC invasiveness prediction model, as 
shown in Table 2.

Feature selection and radiomics signature construction

A total of 816 features were drawn from original gray-scale 
ultrasonic images using the Pyradiomics software package. 
The ICCs of intra- and inter-observer reproducibility was 
0.755–0.871 and 0.769–0.869, respectively. Seven features 
were selected after screened with mRMR and LASSO.

The radiomics score formula was generated based on 
these characteristics and their corresponding regression 
coefficients. The formula is as follows:

Rad score 0.098 original_glrlm_Gra1LevelnonUniformit1
0.142* original_glcm_Idmn 0.017* original_glcm_Idn
0.054* original_glszm_Gra1LevelnonUniformit1
0.043* original_shape_SurfaceVolumeRatio
0.263* original

= ∗
+ +
+
+
+ _glszm_ZoneEntrop1

0.17* original_gldm_LargeDependenceHighGra1LevelEmphasis
0.382

+
−

 
[1]

The Rad-score of each patient was calculated according 
to the above formula. The distribution and probability 
density of the Rad-score in the two data were more 
clearly shown by the box chart, as shown in Figure 1. The 
predictive results of the radiomics signature were analyzed 
by the ROC curve. The AUC of the radiomics signature in 
the training and testing group was 0.74 (95% CI: 0.68–0.80) 
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and 0.73 (95% CI: 0.60–0.85).

The establishment of the radiomics nomogram

Combined with clinical risk factors and radiomics signature, 
a nomogram based on US radiomics was constructed to 
predict the invasiveness of cN0 single PTMC, as shown 
in Figure 2. The prediction would be analyzed by the 
ROC curve and assessed using the AUC. The AUC in the 
training and testing group was 0.76 (95% CI: 0.71–0.82), 
0.71 (95% CI: 0.58–0.84), as shown in Figure 3.

Clinical significance of US radiomics nomogram

In the training dataset, the nomogram’s accuracy, sensitivity, 
and specificity were 0.811, 0.914, and 0.727, respectively. 

The accuracy, sensitivity, and specificity of the testing 
dataset were 0.841, 0.533, and 0.868, respectively, as 
shown in Table 3. The calibration curve showed that the 
nomogram prediction curve aligned with the standard curve 
in the training and testing datasets, as shown in Figure 4. 
The DCA curve illustrated that the nomogram was more 
effective than the whole (all PTMC were considered 
invasive before surgery) or none (all  PTMC were 
considered non-invasive before surgery) strategy when the 
threshold was 0.1–0.95, as shown in Figure 5.

Discussion

Despite its small size, invasive PTMC progress rapidly, 
causing regional and even distant metastasis, therefore 
justifying an upfront surgical resection for curative  

Table 1 Clinical data of training dataset and testing dataset

Characteristics Training dataset (n=254) Testing dataset (n=63) P 

Age (years), mean (SD) 44.6 (11.7) 45 (12.5) 0.854

BMI (kg/m2), mean (SD) 23.3 (3.0) 23.4 (3.1) 0.696

TG (ng/mL), mean (SD) 14.1 (31.1) 10.1 (11.2) 0.266

TSH (mU/L), mean (SD) 2.1 (4.2) 1.8 (1.0) 0.539

Diameter (mm), mean (SD) 5.5 (2.2) 5.2 (2.1) 0.405

Gender, n (%) 0.669

Female 201 (79.1) 52 (82.5)

Male 53 (20.9) 11 (17.5)

HT, n (%) >0.99

No 200 (78.7) 50 (79.4)

Yes 54 (21.3) 13 (20.6)

Location, n (%) 0.225

Upper 58 (22.8) 15 (23.8)

Middle 81 (31.9) 12 (19.0)

Lower 81 (31.9) 25 (39.7)

Isthmus 34 (13.4) 11 (17.5)

Invasiveness, n (%) 0.963

No 150 (59.1) 37 (58.7)

Yes 104 (40.9) 26 (41.3)

Rad-score, median [IQR] −0.6 [−0.9, 0.0] −0.4 [−0.8, 0.1] 0.50904

SD, standard deviation; BMI, body mass index; TG, thyroglobulin; TSH, thyroid stimulating hormone; HT, Hashimoto’s thyroiditis; IQR, 
interquartile range.
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Table 2 Univariate analysis and multivariate logistic analysis of characteristics associated with invasiveness in the training dataset

Characteristics
Univariate analysis Multivariate logistic regression

Negative (n=150) Positive (n=104) P Beta 95% CI P

Age (years), mean (SD) 44.9 (11.3) 44.2 (12.4) 0.655

BMI (kg/m2), mean (SD) 23.2 (3.0) 22.9 (3.1) 0.386

TG (ng/mL), mean (SD) 13.5 (31.8) 11.8 (19.5) 0.671

TSH (mU/L), mean (SD) 2.3 (4.9) 1.7 (0.9) 0.225

Diameter (mm), mean (SD) 5 (2.0) 5.6 (2.3) 0.027* 1.142 1.014–1.286 0.029*

Gender, n (%) 0.033* 2.030 1.101–3.742 0.023*

Female 126 (84.0) 75 (72.1)

Male 24 (16.0) 29 (27.9)

HT, n (%) >0.99

No 118 (78.7) 82 (78.8)

Yes 32 (21.3) 22 (21.2)

Location, n (%) 0.011* 1.297 1.009–1.666 0.042*

Upper 40 (26.7) 14 (13.5)

Middle 44 (29.3) 34 (32.7)

Lower 43 (28.7) 46 (44.2)

Isthmus 23 (15.3) 10 (9.6)

Rad-score, median [IQR] −0.6 [−1.1, −0.2] 0 [−0.4, 0.2] <0.001* 4.480 2.720–7.390 <0.001*

*, P<0.05. CI, confidence interval; SD, standard deviation; BMI, body mass index; TG, thyroglobulin; TSH, thyroid stimulating hormone; HT, 
Hashimoto’s thyroiditis; IQR, interquartile range.

purposes (14). On the other side of the spectrum, non-
invasive PTMC is usually stable, it grows very slowly or 
even do not grow at all (15). Ability to differentiate between 
an invasive PTMC or not would definitely improve the 
prognosis and also survival rate (16,17). In addition, it would 
help avoid unnecessary surgery with diagnostic intent and 
avoid the potential surgical complication including vocal cord 
palsy, keloid scar changes. Therefore, the correct evaluation 
of the invasiveness of PTMC in the first place is critical to 
make an appropriate and personalized treatment plan.

Ul t ra sonography  i s  the  most  commonly  used 
method to evaluate the invasiveness of PTMC. Routine 
ultrasonographic examination of the neck can evaluate the 
size, boundary, shape, internal echo, calcification, multiple 
foci, extrathyroidal extension, and lymph node metastasis 
of thyroid nodules and indirectly predict the invasiveness 
of PTMC. The 2015 American Thyroid Association (ATA) 
guidelines for the diagnosis and treatment of thyroid 
nodule and differentiated thyroid carcinoma points out 

that multiple foci extrathyroidal extension, and lymph node 
metastasis are the characteristics of an invasive PTMC (7).  
For most single focus PTMC without clinical lymph 
nodes metastasis, their volumes are small and insufficient 
to assess the invasiveness of PTMC based on the unclear 
boundary and interrupted echo of the thyroid capsule (18). 
Conventional US, also is operator dependent and subject to 
variation, is easily affected by operator’s subjective factors 
in the scanning process. As such, methods to identify and 
assess the level of invasiveness of a single PTMC without 
clinical palpable neck lymph node has always been a 
challenging topic in the research (19).

US radiomics can quantitatively extract radiomics 
features from US images with high throughput and 
convert US images into minable data for analysis. Being 
a non-invasive investigation tool, radiomics in the same 
time can void the sampling error in tissue biopsy, and can 
accurately and quantitatively analyze the whole tumor, 
provide a new basis for personalized treatment (20-22). In 
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this study, the invasiveness of PTMC was predicted based 
on the US radiomics signature of its primary foci. In the 
training and testing data, the AUC values of radiomics 
signature were 0.74 (95% CI: 0.68–0.80) and 0.73 (95% 
CI: 0.60–0.85), respectively. It is consistent with the results 

of many previous studies. Park et al. (23) retrospectively 
analyzed 730 radiomics features in the primary images of 
768 patients with PTC and finally selected 14 feature sets 
to show that primary imaging could predict cervical lymph 
node metastasis. The AUC in the training and testing data 
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Figure 3 ROC curves of clinical model, radiomics signature, and radiomics nomogram for predicting the invasiveness of cN0 single PTMC 
in the training dataset (A) and the testing dataset (B). AUC, area under the curve; ROC, receiver operating characteristic; PTMC, papillary 
thyroid microcarcinoma. 

Table 3 Diagnostic performance of the clinical model, radiomics signature, and radiomics nomogram in the training and testing dataset

Predictive model
Training dataset Testing dataset

Accuracy Sensitivity Specificity AUC Accuracy Sensitivity Specificity AUC

Clinical model 0.737 0.914 0.722 0.63 0.646 0.733 0.638 0.63

Radiomics signature 0.789 0.714 0.796 0.74 0.646 0.800 0.632 0.73

Radiomics nomogram 0.811 0.914 0.727 0.76 0.841 0.533 0.868 0.71

AUC, area under the curve.

Figure 4 Calibration curves of the radiomics nomogram in training (A) and testing (B) dataset. PTMC, papillary thyroid microcarcinoma.
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were 0.710 and 0.621, respectively. Another study (24)  
retrospectively analyzed the radiomics characteristics 
of focus US images of 886 patients with PTC and 
randomly divided them into a training cohort (n=600) 
and a verification cohort (n=286). The results showed that 

the radiomics features were significantly correlated with 
the lateral neck lymph node metastasis in both cohorts 
(P<0.001).

Among the seven radiomics features screened out at 
the end of this study, two features come from gray-level 
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cooccurrence matrix (GLCM), two from gray-level size 
zone matrix (GLSZM), one from gray-level difference 
matrix (GLDM), and one from gray-level run-length 
(GLRLM). All of them are texture feature subsets. Among 
the selected radiomics features, wavelet-based texture 
features account for the vast majority, indicating that 
texture features play a good role in classification. There 
is a strong correlation between ultrasonic quantitative 
features and biological features by imaging. Radiomics can 
comprehensively represent tumors and reveal the predictive 
correlation between images and medical results (25-28).

Previous studies have found that male sex (29), 
diameter >5 mm (30), and multifocal (31) are associated 
with the invasiveness of PTMC. This study showed that 
males, larger diameter, and inferior pole location were 
independent predictors of PMTC invasiveness in single 
PTMC with negative clinical lymph node metastasis. 
Some studies have shown that a radiomics nomogram was 
better than a radiomics signature in predicting lymph node 
metastasis (32,33). Therefore, a nomogram combined 
with the radiomics signature and clinical features was 
constructed in this study. In the training dataset and testing 
dataset, the AUC values of the nomogram were 0.76 (95% 
CI: 0.71–0.82) and 0.71 (95% CI: 0.58–0.84), respectively. 
In the training dataset, the AUC of the nomogram was 
higher than the AUC value of the radiomics signature. The 
diagnostic efficiency of the model was better in both the 
training and testing datasets. This showed that there was 
no significant difference between the predicted invasion 
and the final pathology in the two groups, and that it has a 
good calibration ability. Finally, the DCA showed that the 
nomogram has a high clinical application value.

The limitations of this study are as follows: (I) it was a 

retrospective study with small sample size and this is a single 
center study; (II) the largest US image section may not 
contain the most representative features of PTMC. It also 
needs to be verified by 3-dimensional image group analysis; 
(III) the recording of ROI was carried out manually, which 
has low efficiency, and there may have been a deviation 
between different descriptors, which affects the diagnostic 
efficiency of the model, so it is necessary to optimize the 
accuracy of automatic recording further.

Conclusions

The nomogram based on preoperative thyroid US 
radiomics shows promising results in detecting invasive 
cN0 single PTMC. It could be the potential missing piece 
as the imaging marker, to allow personalized medicine for 
these patients. While watchful waiting can be the treatment 
approach for non-invasive cN0 single PTMC, an upfront 
surgical resection or even lobectomy could be considered 
for the invasive cN0 single PTMC. The nomogram 
we made can potentially be the imaging marker in such 
cases. Hopefully with ongoing advancement of artificial 
intelligence and big data, the precision and accuracy of our 
clinical judgement can be stepped up.
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