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A B S T R A C T

Background: Preoperative identification of genetic mutations is conducive to individualized treatment and 
management of papillary thyroid carcinoma (PTC) patients. Purpose: To investigate the predictive value of the 
machine learning (ML)-based ultrasound (US) radiomics approaches for BRAF V600E and TERT promoter status 
(individually and coexistence) in PTC.
Methods: This multicenter study retrospectively collected data of 1076 PTC patients underwent genetic testing 
detection for BRAF V600E and TERT promoter between March 2016 and December 2021. Radiomics features 
were extracted from routine grayscale ultrasound images, and gene status-related features were selected. Then 
these features were included to nine different ML models to predicting different mutations, and optimal models 
plus statistically significant clinical information were also conducted. The models underwent training and 
testing, and comparisons were performed.
Results: The Decision Tree-based US radiomics approach had superior prediction performance for the BRAF 
V600E mutation compared to the other eight ML models, with an area under the curve (AUC) of 0.767 versus 
0.547–0.675 (p < 0.05). The US radiomics methodology employing Logistic Regression exhibited the highest 
accuracy in predicting TERT promoter mutations (AUC, 0.802 vs. 0.525–0.701, p < 0.001) and coexisting BRAF 
V600E and TERT promoter mutations (0.805 vs. 0.678–0.743, p < 0.001) within the test set. The incorporation 
of clinical factors enhanced predictive performances to 0.810 for BRAF V600E mutant, 0.897 for TERT promoter 
mutations, and 0.900 for dual mutations in PTCs.
Conclusion: The machine learning-based US radiomics methods, integrated with clinical characteristics, 
demonstrated effectiveness in predicting the BRAF V600E and TERT promoter mutations in PTCs.

Introduction

The incidence of thyroid cancer (TC) has markedly risen in recent 
decades [1]. The predominant pathological variant of TC is thyroid 
papillary carcinoma (PTC), accounting for roughly 90 % of cases, 
characterized by indolent biological behavior [2]. Nonetheless, around 
5 % to 10 % of all PTCs exhibit a tendency for recurrence, resulting in 

diminished disease-free survival, reduced overall survival, and elevated 
disease-related mortality [3,4]. Accumulating evidence underscores the 
critical prognostic value of B-Raf proto-onco-gene serine/threonine ki
nase (BRAF) and V600E and/or telomerase reverse transcriptase (TERT) 
promoter mutations in PTC [5]. The BRAF V600E mutation initially 
characterized as an independent prognostic indicator for extrathyroidal 
extension and lymphatic metastasis [6,7], While TERT promoter 
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mutations are an independent risk factor for disease-specific mortality 
and distant metastasis [8,9]. This genetic co-occurrence amplified 
oncogenic effects, including a greater risk of recurrence [10] and 
metastasis [9]. Notably, Xing et al. discovered that this genetic combi
nation markedly elevated the mortality risk in patients with PTC [11]. 
Therefore, the identification of BRAF V600E and TERT promoter mu
tations (individually and coexistence) would promote risk-stratified 
management and individualized therapy for PTC patients [12,13]. 
Generally, the detection of BRAF V600E and TERT promoter mutations 
in PTC primarily relies on invasive diagnostic procedures, including 
preoperative fine-needle aspiration (FNA) or core needle biopsy (CNB), 
as well as postoperative histopathological analysis. [14,15]. Undiffer
entiated genetic testing may adversely affect individuals at minimal risk 
who do not require this intrusive procedure. Moreover, the availability 
of molecular testing remains limited in resource-constrained settings, 
where prohibitive costs of genetic analyses and the scarcity of physicians 
trained in performing thyroid biopsies pose significant implementation 
challenges.

Some radiologists have attempted to investigate the potential of 
utilizing ultrasound (US) images to predict gene mutation [16]. Several 
studies manifested that hypoechogenicity, microlobulated margins, non- 
parallel orientation/taller-than-wide shape, and the presence of micro
calcifications are independent risk factors of visual interpretation in 
predicting genetic mutations [17,18]. But these reports are inconsistent 
in the correlation factor of US image features due to inter- and intra- 
observer variability [16].

ML has recently become a hot topic in the medical imaging field, 
which contains crucial information of medical images. Radiomics, a 
subset of ML, can provide quantitative features extracted through 
computerized algorithms beyond the visual interpretation of human 
eyes [19,20]. Previous studies have found that US-based radiomics 
features of thyroid lesions could provide some information about the 
risk of BRAF V600E mutation [21] and lymph node metastasis in PTC 
[22]. The proliferation of more ML models may enhance the precision of 
disease diagnosis.

The integration of radiomics derived from ultrasound imaging and 
various machine learning models may play a significant role in preop
eratively predicting the status of BRAF V600E and TERT promoter in 
PTC. Thus, this study sought to evaluate the predictive efficacy of nine 

ML-based ultrasound radiomics models for BRAF V600E and TERT 
promoter status, both alone and in combination, in PTCs.

Materials and methods

Study design

This multicenter and retrospective study was approved by the 
institutional ethics committees of the major research hospital (approval 
number: SHSY-IEC-4.1/21-51/01), and informed consent was allowed 
to be waived. Clinical research protocol was registered at https://www. 
chictr.org.cn (ChiCTR2100044902).

Patients

Between March 2016 to July 2021, 638 consecutive patients with 
PTCs were enrolled from the primary research hospital as the training 
cohort. From July 2021 to December 2021, 438 cases from the addi
tional two medical centers were designated as an independent testing 
cohort.

The inclusion criteria were as follows: (a) patients underwent thyroid 
US examination before surgery; (b) patients never received preoperative 
ablation or other therapies; (c) lesions were confirmed by postoperative 
pathology as PTCs with maximum diameters of ≥10 mm; (d) genetic 
testing of target lesions only checked for BRAF V600E and TERT pro
moter mutation status. The exclusion criteria included: (a) partial 
obscurity of the target lesions in the ultrasound images; (b) incomplete 
or untrained data, including absent ultrasound images and compromised 
image quality; (c) discrepancies in the nodule placements between ul
trasound and pathology findings. In cases involving individuals with 
multifocal PTCs, the biggest lesion was designated as the target lesion. 
aforementioned patient selection criteria were applied to all three 
involved medical institutions. Finally, a total of 1076 Chinese patients 
(mean age, 45.4 ± 13.6 years; range, 16–87 years) with 1076 PTCs were 
enrolled in this study (Fig. 1). The training cohort consists of 638 pa
tients (mean age, 45.1 ± 13.7 years; range, 18–84 years) with 638 PTCs, 
while an additional 438 patients (mean age, 45.9 ± 13.5 years; range, 
16–87 years) with 438 PTCs constituted the testing cohort.

Fig. 1. Flowchart of patient enrolment and model development procedures for predicting BRAF V600E, TERT, and BRAF V600E + TERT mutations for patients with 
PTC in the training cohort and independent testing cohort.
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Data acquisition and genetic testing analysis

All US images were collected from the respective picture archiving 
and communication system workstation (PACS). Twelve US instruments 
and five experienced sonographers were joined in the images collection 
(Supplementary Table 1). The clinical data (age and gender) and the 
pathological data (the status of BRAF V600E and TERT promoter, the 
lesion size, number, and lymphatic metastasis) were retrieved from the 
respective clinical record system.

Original genomic DNA isolated from PTCs, polymerase chain reac
tion (PCR) amplification of primers, and standard detecting procedures 
of BRAF V600E and TERT promoter mutations were detailed and 

described previously [14,18]. According to gene mutations status, these 
enrolled patients were assigned into three mutation groups: (a) BRAF 
V600E mutation, (b) TERT promoter mutations, and (c) dual mutations 
group.

Radiomics features extraction and prediction models 
construction

Using the ITK-SNAP software (version 3.8.0, https://www.itksnap. 
org) to outline the region of interest (ROI), that is, to manually track 
the nodule boundary on the maximum long-axis cross section of the 
grayscale US image. The intra-operator reproducibility was 

Fig. 2. The Flow chart for radiomics features dimension reduction and selection.
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implemented by the same radiologist with five years of experience in 
performing thyroid US examinations delineated the ROIs in grayscale US 
images of 100 randomly chosen images twice with a two-week interval. 
The inter-operator reproducibility was evaluated by the previous 
readers and another radiologist with four years of experience in per
forming thyroid US examinations, who independently segmented the 
same grayscale US images in the same time span. Then image segmen
tation of the retaining data was completed by the former radiologist. 
Two radiologists who performed the segmentations were able to access 
all the images captured during the diagnostic sonograms but were 
blinded to the gene status of the target lesions. After drawing all the ROIs 
of US images, those processed images were imported into the IFoundry 
software (Intelligence Foundry 1.2; GE Healthcare, China) to extract 
radiomics features. A total of 1070 radiomics features were automati
cally extracted from the region of interest (ROI) of each grayscale US 
image. (a) 18 first-order statistical intensity features; (b) 73 texture 
features consisted of gray-level co-occurrence matrix (GLCM), gray-level 
run-length matrix (GLRLM), gray-level size zone matrix (GLSZM), 
neighborhood Graystone difference matrix (NGTDM), gray-level 
dependence matrix (GLDM), and neighboring gray tone difference ma
trix (NGTDM); (c) contour features (n = 5), shape features (n = 13), and 
textural phenotype features (n = 13); (d) 948 filter-based features 
contained wavelet filters (n = 432), Gabor filter (n = 468), and local 
ternary patterns filters (n = 48).

Then radiomics features extraction, dimension reduction, and se
lection to identify the meaningful radiomics features are present in 
Fig. 2. Finally, 12 non-zero coefficient radiomics features were reserved 
as the most significant features for predicting BRAF V600E mutation, 8 
for TERT-p mutations, and 7 for dual mutations were as meaningful 
impact factors brought into later predictive models (Supplementary 
Table 2).

Nine machine learning methods utilizing the aforementioned ultra
sonic radiomics features were employed to predict three mutation 
groups. The classifiers employed were support vector machine (SVM), 
artificial neural network (ANN), logistic regression (LR), decision tree 
(DT), gradient boosting tree (GBT), K-nearest neighbor (KNN), naïve 
Bayes (NB), random forest (RF), and adaptive boosting (AB). L1 regu
larization was employed to mitigate model overfitting. The overall 
workflow of radiomics model construction and validation was depicted 
in Fig. 3. Univariate analysis and multivariate logistic regression anal
ysis were used to identify clinical risk factors and construct logistic 
regression models for predicting target mutations. Ultimately, the 
optimal algorithm was employed to develop the ML-based clinical and 
US radiomics models for predicting target mutations. The stabilities of 
all prediction models were validated and compared.

Statistical analysis

Statistical analyses were performed using R software (version 4.0.3; 
https://www.Rproject.org) and IBM SPSS 25.0 Statistics for Windows 
(IBM, Armonk, NY, USA). Using independent-samples T tests or Mann- 
Whitney U tests (continuous variables) and chi-square tests (categori
cal variables) to compare the differences between gene mutations and 
non-mutations. Using ICC to evaluate the intra-operator and inter- 
operator reproducibility and the Spearman’s rank correlation coeffi
cient (r) to assess the correlations for the extracted radiomics features. 
The diagnostic performances of training and validation sets were eval
uated according to the area under the curve (AUC) with a 95 % confi
dence interval (CI), sensitivity, specificity, positive predictive value 
(PPV), negative predictive value (NPV), and accuracy. Delong’s test was 
used to compare the clinical model or US radiomics methods with the US 
radiomics plus clinical information method. The reported statistical 

Fig. 3. Diagram depicting overall workflow of US-based radiomics ML models construction and validation.

Table 1 
Baseline characteristics of the 1076 patients.

Characters Total 
(n =
1076)

Training 
cohort 
(n = 638)

Independent 
validationcohort  
(n = 438)

P 
value

BRAF V600E 
mutation (%)

869 
(80.8)

514 (80.6) 355 (81.1) 0.843

TERT-p mutations 
(%)

51 (4.7) 30 (4.7) 21（4.8） 0.944

dual mutations 
(%)

48 (4.4) 28 （4.3） 20 （4.6） 0.754

Age (y)a 45.4 ±
13.6 
(16–87)

45.1 ±
13.7 
(18–84)

45.9 ± 13.5 
(16–87)

0.316

Male (%) 292 
(27.1)

190 (29.8) 118 (26.9) 0.311

Size (mm)a 15.2 ±
8.7 
(10–95)

17.6 ± 8.2 
(10–95)

17.2 ± 7.7 
(10–56)

0.984

Multifocality (%) 198 
(31.0)

198 (31.0) 144 (32.8) 0.688

Lymphatic 
metastasis (%)

​ ​ ​ ​

No 504 
(46.8)

294 (46.1) 210 (47.9) 0.927

Central 444 
(41.2)

266 (41.7) 178 (40.6) ​

Lateral 78 (11.9) 78 (12.2) 50 (11.4) ​
TNM stage ​ ​ ​ 0.548
I + II (%) 769 

(71.5)
451 (70.7) 318 (72.6) ​

III + IV (%) 307 
(28.5)

187 (29.3) 120 (27.4) ​
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significance levels were all two-sided, and p-values of less than 0.05 
were considered statistically significant.

Results

Characteristics of PTC patients

The frequency of BRAF V600E mutation in PTCs accounted for 80.6 
% (514/638), and TERT promoter mutations for 4.7 % (30/638), and 
coexisting BRAF V600E and TERT mutations for 4.3 % (28/638) in the 
training cohort. Similarly, the testing cohort included 81.1 % (355/438) 
BRAF V600E mutation, 4.8 % (21/438) TERT promoter mutations, and 
4.6 % (20/438) coexisting BRAF V600E and TERT mutations in patients 

with PTCs.
The TNM III/IV stage of PTCs was 187 (29.3 %) and 120 (27.4 %) in 

the training and testing cohorts, respectively. Besides, no demographic 
differences were found between the training cohort and testing cohort in 
other clinicopathological characteristics such as sex, age, PTC size, 
multifocal lesion, and lymphatic metastasis (Table 1, all p > 0.05). The 
similar clinicopathologic characteristics of patients with PTCs justified 
the use of the training and testing cohorts in this study.

Through comparisons of clinicopathologic characteristics analysis 
among different mutation groups by univariate and multivariate logistic 
regression analysis, it was found that age, gender, tumor size, lymphatic 
metastasis, and TNM III/IV stage showed statistically significant differ
ences in the TERT promoter mutations group (all p < 0.05). Addition
ally, the same clinicopathological features, plus multifocality, were 
found to be statistically significant in patients with both BRAF V600E 
and TERT promoter dual mutations (all p < 0.05). But in predicting 
BRAF V600E mutation, only age and TNM III/IV stage were proved as 
the valid predictive factors (p < 0.001), while other characters were not 
statistically significant predictors in this study (all p > 0.05) (Table 2, 3).

Construction and validation of the ML-based US radiomics 
models

The previously screened target mutation-related features were input 
into nine machine learning algorithms for modeling. The difference in 
prediction performance due to algorithm differences is shown in Fig. 4.

In comparison with 8 other ML algorithms, the DT-based US radio
mics model presented the optimal performance in predicting BRAF 
V600E mutation (Supplementary Fig. 1). That AUCs were achieved 
0.813 in the training cohort and 0.767 in the testing cohort. In the other 
two groups of mutation prediction, LR-based US radiomics model 
exhibited superior performance. This model achieved a AUCs with 0.812 
in the training cohort and 0.802 in the testing cohort for predicting 
TERT promoter mutations, 0.839 in the training cohort and 0.805 in the 
testing cohort for predicting dual promoter mutations (Table 4). The 
sensitivity, specificity, and accuracy of nine ML algorithm were detailed 
in the Supplementary Table 3.

Construction and validation of the clinical models

After multivariate logistic regression analysis, independent pre
dictors were used to calculate AUC to evaluate the predictive perfor
mance of different mutation groups. In predicting BRAF V600E mutation 
group, age and TNM III/IV stages as predictive factors and the clinical 
model obtained an AUC of 0.691 in the training cohort and 0.643 in the 

Table 2 
The clinical characters univariate analysis of three mutation group in the training cohort.

BRAF V600E status
P Value

TERT status
P Value

BRAF V600E + TERT status
P ValueWild type 

(n = 124)
Mutant type 
(n = 514)

Wild type 
(n = 608)

Mutant type 
(n = 30)

Nobi-mutation  
(n = 610)

Bi-mutations (n = 28)

Age (y)a 40 ± 13.2 46 ± 13.6 <0.001* 44 ± 13.3 61 ± 10.6 <0.001* 40 ± 12.5 61 ± 10.7 <0.001*
Male (%) 24(29.6) 166(29.8) 0.444 171(28.1) 19(63.2) <0.001* 23(29.1) 18(64.3) 0.001*
Tumor size (mm)a 17.5 ± 9.9 17.7 ± 7.8 0.849 17.2 ± 7.3 25.6 ± 17.6 0.014* 18.2 ± 7.6 23.2 ± 12.2 0.039*

Multifocality (%) 23(28.4) 175(31.4) 0.279 179(29.4) 19(63.3) <0.001* 22(27.8) 18(64.3) 0.001*
Lymphatic metastasis (%) ​ ​ 0.374 ​ ​ 0.001* ​ ​ 0.024*
No 39(48.2) 255(45.8) ​ 287(47.2) 7(23.3) ​ 38(48.1) 6(21.4) ​
Central 29(35.8) 237(42.5) ​ 253(41.6) 13(43.3) ​ 28(35.4) 12(37.7) ​
Lateral 13(16.0) 65(11.7) ​ 68(11.2) 10(33.3) ​ 13(16.5) 10(20.8) ​
TNM stage ​ ​ 0.043* ​ ​ <0.001* ​ ​ <0.001*
I + II (%) 98  

(79.0)
353  
(68.6)

​ 448  
(73.7) 

3  
(10.0)

​ 448  
(72.1) 

3  
(10.7)

​

III + IV (%) 26 (21.0) 161 (31.4) ​ 160 (26.3) 27 (90.0) ​ 162 (27.9) 25 (89.3) ​

a Mean ± standard deviation (range).
* Statistically significant difference.

Table 3 
Multivariate analysis of clinical features in predicting gene mutation.

US Features B SE OR 95 % CIs P value

BRAF V600E mutation 
group

​ ​ ​ ​ ​

Age 0.046 0.010 1.037 1.017–1.058 <0.001*
TNM III + IV stage 0.548 0.340 1.730 1.889–3.368 0.107
TERT-p mutations 

group
​ ​ ​ ​ ​

Age 0.074 0.025 1.077 1.025–1.132 0.003*
Male 1.451 0.489 0.234 0.090–0.611 0.003*
Tumor size 0.068 0.025 1.071 1.019–1.125 0.006*
Multifocality 0.855 0.458 2.352 0.959–5.771 0.062
Lymphatic metastasis 

(%)
​ ​ ​ ​ ​

No ​ ​ ​ ​ ​
Central 1.014 0.569 2.757 0.904–8.907 0.075
Lateral 0.957 0.652 2.604 0.725–9.352 0.142
TNM III + IV 1.743 0.824 5.712 1.136–28.712 0.034*
BRAF V600E þ TERT-p 

mutations group
​ ​ ​ ​ ​

Age 0.072 0.025 1.075 1.023–1.130 0.008*
Male 1.363 0.495 0.256 0.097–0.675 0.006*
Tumor size 0.042 0.018 1.034 1.008–1.080 0.017*
Multifocality 0.904 0.458 2.470 0.530–6.390 0.049*
Lymphatic metastasis 

(%)
​ ​ ​ ​ ​

No ​ ​ ​ ​ 0.136
Central 0.999 0.584 2.715 0.865–8.524 0.087
Lateral 1.207 0.642 3.342 0.949–11.772 0.060
TNM III + IV 1.474 0.819 4.368 0.878–21.737 0.045*

US = Ultrasound, B = regression coefficient, SE = standard error, OR= Odds 
Ratios.
* Statistically significant difference.
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testing cohort. In predicting TERT promoter mutation group, the clinical 
model with age, male, size, lymphatic metastasis, and TNM III/IV stages 
achieved an AUC of 0.784 in the training cohort and 0.772 in the testing 
cohort. In predicting coexisting dual mutations group, six clinically 
significant features were included in the clinical model, which showed 
an AUC of 0.788 in the training cohort and 0.781 in the testing cohort 
(Table 5).

Construction and validation of the ML-based clinical plus 
radiomics models

According to the previous analysis, the age and TNM III/IV stage in 
clinical predictors and 12 radiomics predictors were input together to 
predict BRAF V600E mutation, the result provided an AUC of 0.839 in 
the training cohort and 0.810 in the testing cohort. Likewise, using 5 
significantly clinical features and 8 radiomics predictors to constructed 
TERT promoter mutations prediction models which got an AUC of 0.914 
for the training set and 0.897 for the testing set, and using 6 clinical 

predictive factors and 7 radiomics predictors to establish dual mutations 
prediction, which obtained an AUC of 0.913 for the training cohort and 
0.900 for the independent testing cohort. The average accuracy, sensi
tivity, specificity, PPV, and NPV were present in Table 5.

Comparison of the three prediction models in different mutation 
groups

There were statistically significant differences between the clinical 
model and the ML-based US radiomics incorporated clinical model when 
it came to predicting the BRAF V600E mutation (AUC: 0.691 vs. 0.810, 
p < 0.001), the TERT promoter mutations (AUC: 0.784 vs. 0.914, p <
0.001), and the dual mutations group (AUC: 0.788 vs. 0.913, p < 0.001) 
in the training cohort. The similar results were also reflected in the 
testing cohort (AUC: 0.643 vs. 0.810 for the BRAF mutation group, 
0.772 vs. 0.897 for the TERT promoter mutations group, and 0.775 vs. 
0.900 for the dual mutations group). Moreover, the US radiomics- 
incorporated clinical characteristics model also showed superiority 

Fig. 4. Graph shows receiver operating characteristic curves (AUCs) of the optimal model (black pentagram) and other eight machine learning models (blue circle) 
for predicting BRAF V600E mutation (A-B), TERT promoter mutations (C-D) and the genetic duet (E-F) in training and validation cohorts.
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over the ML-based US radiomics method in training (AUC: 0.813 vs. 
0.839 for the BRAF group, 0.812 vs. 0.914 for the TERT promoter group, 
and 0.818 vs. 0.913 for the coexisting BRAF V600E and TERT promoter 
group) and in the testing cohort (AUC: 0.767 vs. 0.810 for the BRAF 
group, 0.802 vs. 0.897 for the TERT promoter group, and 0.811 vs. 
0.900 for the coexisting BRAF V600E and TERT promoter group). And 
the prediction performance of the three mutation groups did not differ 
statistically between the training and testing sets (Table 5, Fig. 5).

Discussion

In this study, we present an ML-based US radiomics approach 
capable of predicting the mutation status of BRAF V600E, TERT pro
moter, or the coexistence of BRAF V600E and TERT promoter mutations 
in PTC patients. The results demonstrate that ML-based US radiomics 
features achieved moderate predictive performance for the three mu
tation groups, with AUC values ranging from 0.547 to 0.767 for BRAF 
V600E mutation, 0.525 to 0.802 for TERT promoter mutations, and 
0.695 to 0.805 for the dual mutations. Furthermore, after incorporation 
of clinical characteristics, the predictive performance improved from 
0.767 to 0.810 for predicting BRAF V600E mutation, from 0.802 to 
0.897 for predicting TERT promoter mutations, and from 0.818 to 0.900 
for predicting the dual promoter mutations. These promising results 
could be attributed to the advantages of a standardized lesion outline, a 
large-scale sample size from a multicenter database, and the utilization 
of nine ML algorithms.

In the current cohort, the prevalence of BRAF mutation (80.8 %) was 
higher and the TERT promoter mutations (4.7 %) was lower compared 
with western countries [23,24]. These findings could be explained by 
population-specific variations or methodological differences: (i) In 
Chinese cohorts, BRAF V600E rates in PTC have been reported as high as 
76–86 % [25–27], potentially indicating regional genetic. (ii) The use of 
Next-Generation Sequencing enhances sensitivity compared to conven
tional Sanger sequencing approaches [28]. In thyroid cancer, genetic 
mutations have played a useful role in determining the appropriate 
initial treatment, risk-adapted management, and postoperative follow- 
up [3,4,29]. For instance, patients with 1–4 cm intrathyroidal PTC 
without TERT promoter mutations typically only require lateral lobec
tomy for favorable outcomes [30]. The dual mutations of PTC have 
higher recurrence and mortality [31], which affects the postoperative 

treatment and follow-up time of patients [30]. Moreover, the dual mu
tations can further strengthen the risk assessment based on the ATA or 
TNM staging system [32]. Our study demonstrates a strong predictive 
performance for dual mutations (AUC: 0.900) and TERT promoter mu
tations (AUC: 0.897), may providing valuable insights for clinicians in 
risk stratification, treatment decisions, and patient management, 
particularly in environments where genetic testing may not be readily 
available.

Previous studies have reported that some grayscale US features are 
associated with molecular mutations in PTC [16,21,33]. Hypo
echogenicity, spiculated/microlobulated margins, microcalcifications, 
non-parallel orientation, and mixed-type non-increased vascularity have 
been shown to be predictive factors of the BRAF V600E mutation [34]. 
Tumors with typically multifocal, microlobulated margin, micro
calcifications, taller-than-wide shape, and capsule contact or involve
ment are frequently associated with TERT promoter mutations [35]. 
Furthermore, Watutantrige et al. reported that the coexistence of BRAF 
V600E and TERT mutations was more likely to exhibit bilateral, multi
focal, angio-invasive, extrathyroid tissue involvement and intratumoral 
necrosis [36]. These findings suggested a strong link between molecular 
mutations and US imaging features. However, it is difficult to identify 
molecular mutations by visual identification of ultrasonic features in 
actual clinical work.

In recent studies, artificial intelligence (AI) methods based on US 
images have been utilized to assess the genetic mutations in PTC. Kwon 
et al. and Yoon et al. attempted to predict the BRAF V600E mutation 
utilizing US-based radiomics and machine learning techniques, attain
ing modest performance with AUC values between 0.516 and 0.742 
[21,37]. Similarly, our research also yielded unsatisfactory results 
despite applying more machine learning algorithms (AUC, 
0.547–0.767). This may result from the predictive performance being 
undermined by data biases that fit more closely with real-world events 
or from a weak connection between the radiomic characteristics and 
BRAF mutations. The optimal predictive outcomes were attained for 
TERT promoter mutations (AUC: 0.802) and dual mutations (AUC: 
0.805). To date, studies using radiomics features based US images to 
predict TERT promoter mutations and dual mutations have not been 
found. These results indicate that ML-based US radiomics approaches 
hold promise for predicting genetic mutations of PTCs.

Clinical features are also considered as factors associated with the 

Table 4 
Predictive performance of the nine Machine learning models based on radiomics features for the training and validation cohorts.

SVM ANN LR DT GBT KNN NB RF AB

BRAF V600E 
group

​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Training set AUC 0.683 0.608 0.648 0.813 0.646 0.651 0.650 0.735 0.635
95 % 
CI

0.628–0.736 0.533–0.662 0.536–0.673 0.744–0.876 0.565–0.751 0.561–0.652 0.529–0.727 0.682–0.779 0.572–0.736

Validation set AUC 0.619 0.547 0.654 0.767 0.615 0.653 0.639 0.675 0.604
​ 95 % 

CI
0.576–0.681 0.521–0.612 0.592–0.687 0.726–––0.815 0.579–0.664 0.526–0.663 0.597–0.689 0.586–0.789 0.569–0.677

TERT-p group ​ ​ ​ ​ ​ ​ ​ ​ ​ ​
Training set AUC 0.651 0.701 0.812 0.652 0.677 0.525 0.573 0.676 0.683
​ 95 % 

CI
0.612–0.764 0.592–0.722 0.779––0.841 0.688–0.812 0.676–0.789 0.612–0.732 0.521–0.621 0.611–0.754 0.556–0.776

Validation set AUC 0.651 0.701 0.802 0.652 0.677 0.525 0.573 0.676 0.683
​ 95 % 

CI
0.553–0.751 0.632–0.783 0.761––0.838 0.513–0.717 0.552–0.741 0.489–0.662 0.512–0.691 0.562–0.752 0.538–0.756

BRAF V600E þ
TERT-p group

​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Training set AUC 0.774 0.767 0.839 0.736 0.767 0.652 0.701 0.761 0.737
95 % 
CI

0.613–0.887 0.653–0.863 0.712–0.912 0.656–0.813 0.627–0.876 0.628–0.756 0.621–0.823 0.617–0.839 0.587–0.883

Validation set AUC 0.743 0.737 0.805 0.703 0.714 0.678 0.695 0.711 0.721
95 % 
CI

0.612–0.812 0.629–0.816 0.719–0.879 0.581–0.812 0.632–0.816 0.582–0.705 0.598–0.793 0.611–0.812 0.625–0.802

AUC = the area under the receiver operating characteristic curve, SVM = support vector machine, ANN = artificial neural network, LR = logistic regression, DT =
decision tree, GBT = gradient boosting tree, KNN = K-nearest neighbor classification, NB = naïve bayes, RF = random forest, AB = adaptive boosting.
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prediction of molecular mutations in PTC [5,38,39]. Older age, male 
patients, larger tumor size, extrathyroidal extension, multifocality, 
lymph node metastasis, and TNM III/IV stage are associated with TERT 
promoter mutations [40,41]. The age at diagnosis, advanced TNM stage, 
and extrathyroidal extension are somewhat associated with the BRAF 
V600E mutation. Dual mutations are substantially correlated with age, 
female, advanced TNM stage, extrathyroidal extension, lymph node 
metastases, and distant metastasis [5]. This work employed mutation- 
related clinical data to develop predictive models, which yielded sub
optimal performance (AUC: 0.663 for BRAF V600E mutant, 0.784 for 
TERT promoter mutations, and 0.788 for dual mutations). By integrating 
statistically significant clinical characteristics and radiomic features to 
develop machine learning-based clinical and ultrasound radiomic 
models, the predictive capability across three mutation groups has been 
markedly enhanced (AUC: 0.810 for the BRAF V600E mutation group, 
0.897 for the TERT promoter mutations group, and 0.900 for the dual 
mutations group). The results indicate that although clinical features 
provide limited predictive capability for genetic mutations, their inte
gration with imaging radiomics features can substantially enhance 
prediction accuracy.

There are several limitations in this study. Firstly, this study did not 
include non-PTC controls, so the potential scope of application of this 

model would be only in patients with confirmed PTC and not in patients 
with non-PTC thyroid cancers or benign thyroid nodules. Secondly, this 
retrospective study may have selection bias, as it only included PTC 
patients who underwent simultaneous testing for both BRAF V600E and 
TERT promoter status. Thirdly, the use of a limited number of US 
equipment for preoperative US examinations in the main cohort may 
have impacted the texture information of the US images and the 
generalizability of our findings. Therefore, future research may benefit 
from the inclusion of images from various ultrasonic machines. Lastly, it 
is essential to consider the potential bias in the data due to variations in 
the prevalence of BRAF V600E and TERT promoter mutations across 
different countries and ethnic groups. Larger prospective studies are 
needed to validate our results and assess their potential for clinical 
application in diverse populations in the future.

In conclusion, our study demonstrates the potential of ML-based US 
radiomics plus clinical characteristics as a non-invasive diagnostic 
method to predict genetic mutations, particularly for coexisting BRAF 
V600E and TERT mutations in PTCs. This integrated method may pro
vide valuable insights for preoperative screening of patients necessi
tating genetic testing, personalized therapies, and risk-stratified 
individualized management in patients with PTCs. In addition, this 
approach may be less time-consuming and more cost-effective than 

Table 5 
The diagnostic performance of three different methods for predicting three groups mutation status.

Methods Cohorts AUC Sensitivity 
(%)

Specificity 
(%)

PPV 
(%)

NPV 
(%)

P1 P2

BRAF V600E group ​ ​ ​ ​ ​ ​ ​ ​
Clinical model Training set 0.691 

(0.653–0.726)
57.2 
(52.8–61.5)

75.0 
(66.4–82.3)

90.5 
(86.7–93.4)

29.7 
(24.7–35.1)

/ <0.001*

Testing set 0.643 
(0.596–0.688)

56.3 
(51.0–61.6)

67.5 
(56.3–77.4)

88.1 
(83.2–92.0)

26.5 
(20.7–33.0)

0.128 <0.001*

US radiomics method Training set 0.813 
(0.744–0.876)

78.0 
(51.6–61.6)

72.5 
(65.3–84.6)

91.0 
(86.4–94.4)

44.4 
(37.3–55.8)

/ 0.032#

Testing set 0.767 
(0.726–0.815)

75.1 
(50.2–60.7)

67.5 
(64.0–83.6)

90.4 
(85.7–93.9)

38.3 
(30.1–45.7)

0.099 0.025#

US radiomics + Clinical information method Training set 0.839 
(0.775–0.913)

81.4 
(77.0–85.3)

72.4 
(61.8–81.5)

92.4 
(88.9–95.1)

45.5 
(39.6–58.4)

/ /

Testing set 0.810 
(0.768–0.857)

76.9 
(72.2–81.2)

72.3 
(61.6–81.5)

92.0 
(88.4–94.8)

43.2 
(35.0–51.6)

0.309 /

TERT-p group ​ ​ ​ ​ ​ ​ ​ ​
Clinical model Training set 0.784 

(0.750–0.815)
63.3 
(43.9–80.1)

82.7 
(79.5–85.7)

15.3 
(9.5–22.9)

97.9 
(96.2–98.9)

/ <0.001*

​ Testing set 0.772 
(0.729–0.810)

76.2 
(52.8–91.8)

73.1 
(68.6–77.3)

12.5 
(7.3–19.5)

98.4 
(96.3–99.5)

0.913 <0.001*

US radiomics method Training set 0.812 
(0.779–0.841)

70.0 
(50.6–85.3)

77.5 
(73.9–80.7)

13.3 
(8.4–19.6)

98.1 
(96.5–99.1)

/ <0.001#

Testing set 0.802 
(0.761–0.838)

71.4 
(47.8–88.7)

76.5 
(72.1–80.5)

13.3 
(7.6–20.9)

98.2 
(96.0–99.3)

0.317 <0.001#

US radiomics + Clinical information method Training set 0.914 
(0.890–0.935)

83.33 
(65.3–94.4)

87.34 
(84.4–89.9)

24.5 
(16.5–34.0)

99.1 
(97.8–99.7)

/ /

Testing set 0.897 
(0.865–0.924)

85.71 
(63.7–97.0)

85.61 
(81.9–88.8)

23.1 
(14.3–34.0)

99.2 
(97.6–99.8)

0.098 /

BRAF V600E þ TERT-p group ​ ​ ​ ​ ​ ​ ​ ​
Clinical model Training set 0.788 

(0.704–0.873)
64.3 
(44.1–81.4)

84.6 
(81.5–87.4)

16.1 
(9.8–24.2)

98.1 
(96.5–99.1)

/ <0.001*

​ Testing set 0.775 
(0.733–0.813)

57.1 
(34.0–78.2)

81.1 
(77.0–84.7)

13.2 
(7.0–21.9)

97.4 
(95.1–98.8)

0.896 <0.001*

US radiomics method Training set 0.839 
(0.721–0.911)

76.1 
(52.8–91.8)

78.4 
(74.2–82.3)

15.1 
(8.9–23.4)

98.5 
(96.5–99.5)

/ <0.001#

Testing set 0.805 
(0.717–0.900)

79.6 
(76.3–82.8)

77.8 
(74.4–81.1)

13.4 
(5.1–26.8)

98.9 
(97.4–99.6)

0.425 <0.001#

US radiomics + Clinical information method Training set 0.913 
(0.857–0.970)

85.7 
(67.3–96.0)

83.44 
(80.3–86.3)

19.2 
(12.7–27.2)

99.2 
(98.0–99.8)

/ /

Testing set 0.900 
(0.868–0.927)

85.7 
(63.7–97.0)

81.3 
(77.2–84.9)

18.8 
(11.5–28.0)

99.1 
(97.5–99.8)

0.105 /

US = Ultrasound, AUC = the area under the receiver operating characteristic curve,
P1 = Comparison the AUC between training group and independent testing group.
P2 = The training and testing cohorts of the clinical model or ultrasound radiomics model were respectively compared with the corresponding cohorts of the integrated 
US radiomics + Clinica linformation method.
* Statistically significant difference between the clinical model and US radiomics + Clinical information methods.
# Statistically significant difference in US radiomics methods compared with US radiomics + Clinical information methods.
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routine genetic testing as it leverages existing imaging data and could be 
performed without additional invasive procedures. However, inte
grating these US radiomics into PACS software faces challenges now. 
Image preprocessing, feature extraction and selection, compatibility 
with the PACS system, as well as the performance and stability of the 
PACS system after the integration of image auto-recognition algorithms, 
are all issues that need to be addressed. We believe that with later ef
forts, the incorporation of ML-based US radiomics algorithms into PACS 
software could facilitate the prediction of BRAF and/or TERT mutations, 
thereby improving disease diagnosis and treatment in the future.
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