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Abstract
Background Whether prophylactic central lymph node dissection is necessary for patients with clinically node-
negative (cN0) papillary thyroid microcarcinoma (PTMC) remains controversial. Herein, we aimed to establish an 
ultrasound (US) radiomics (Rad) score for assessing the probability of central lymph node metastasis (CLNM) in such 
patients.

Methods 480 patients (327 in the training cohort, 153 in the validation cohort) who underwent thyroid surgery for 
cN0 PTMC at two institutions between January 2018 and December 2020 were included. Radiomics features were 
extracted from the US images. Least absolute shrinkage and selection operator logistic regression were utilized to 
generate a Rad score. A nomogram consisting of the Rad score and clinical factors was then constructed for the 
training cohort. Both cohorts assessed model performance using discrimination, calibration, and clinical usefulness.

Results Based on the six most valuable radiomics features, the Rad score was calculated for each patient. A 
multivariate analysis revealed that a higher Rad score (P < 0.001), younger age (P = 0.006), and presence of capsule 
invasion (P = 0.030) were independently associated with CLNM. A nomogram integrating these three factors 
demonstrated good calibration and promising clinical utility in the training and validation cohorts. The nomogram 
yielded areas under the curve of 0.795 (95% confidence interval [CI], 0.745–0.846) and 0.774 (95% CI, 0.696–0.852) in 
the training and validation cohorts, respectively.

Conclusions The radiomics nomogram may be a clinically useful tool for the individual prediction of CLNM in 
patients with cN0 PTMC.
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Introduction
Thyroid cancer remains the most common endocrine 
malignancy, with papillary thyroid cancer (PTC) account-
ing for > 90% of new cases [1–3]. Papillary thyroid micro-
carcinoma (PTMC) refers to PTC with a maximum size 
of < 10  mm, and its incidence has continually increased 
in recent years [4]. Although PTMC generally has excel-
lent outcomes, patients with some risk factors (e.g., node 
metastases) are more likely to experience local recur-
rence and metastasis [5–6].

Central lymph node metastasis (CLNM) is prevalent in 
PTC. Even in clinically node-negative (cN0) PTMC, the 
rate of CLNM is high due to the low sensitivity of pre-
operative examinations (e.g., ultrasound [US]) [7–9]. 
However, whether to perform prophylactic central lymph 
node dissection (PCLND) in patients with cN0 PTMC 
remains controversial [10]. PCLND may increase post-
operative morbidity, such as by causing permanent hypo-
thyroidism [11].

Screening patients at high preoperative risk of CLNM 
is crucial to determining the indications for PCLND 
[12]. Numerous studies have analyzed the risk factors 
for CLNM in patients with cN0 PTMC. However, they 
included only limited clinicopathological and US char-
acteristics, preventing sufficient predictive accuracy. 
Radiomics is a novel technology that converts imaging 
data into a large panel of quantitative features [13]. Here, 
we used US radiomics features to develop and validate 
a predictive model for the individualized prediction of 
CLNM in patients with cN0 PTMC.

Materials and methods
Study design
This retrospective case-control study was conducted at 
two institutions. Its aim was to develop and validate a 
model for the individual prediction of CLNM in patients 
with PTMC. Data were collected from 327 patients at 
Cangzhou Hospital of Integrated TCM-WM·Hebei for 
the training cohort between January 2018 and December 
2020. Data were obtained from Hebei Medical Univer-
sity Health System (n = 153) during the same period for 
the validation cohort. The study was approved by each 
institution’s institutional review board. Written informed 
consent was obtained from all patients. This study was 
conducted in accordance with the Declaration of Hel-
sinki (2013 revision) and followed the Strengthening 
the Reporting of Observational Studies in Epidemiology 
reporting guideline.

Inclusion and exclusion criteria
The inclusion criteria were as follows: (1) age > 18 years; 
(2) histologically confirmed PTMC that was clinical N0 
assessed by preoperative US; and (3) having undergone 
standard thyroidectomy and PCLND.

The exclusion criteria were as follows: (1) concurrent 
malignant disease of other organs; (2) recurrent or meta-
static thyroid cancer; (3) history of previous surgery or 
radiotherapy of the neck; and (4) incomplete US or clini-
copathological data (Figure S1).

Data collection
All clinicopathological data, including age, sex, and BRAF 
status, were collected from the medical records. For 
the BRAF mutation analysis, an AmoyDx® BRAF Muta-
tion Detection Kit (V2) (ADx-BR02; Amoy Diagnostics 
Co., Ltd., Xiamen, China) was utilized. The detection 
of the mutation was performed using a next-generation 
sequencing method, followed by a real-time fluorescence 
polymerase chain reaction–amplification refractory 
mutation system.

US examinations were performed using a 5–14-MHz 
transducer (Siemens, ACUSON Sequoia, Siemens Medi-
cal Solutions USA, Inc., Malvern, PA, USA) by radi-
ologists with at least 8 years of experience performing 
thyroid US evaluations. The US characteristics of each 
lesion, including diameter, texture, echo, boundary rule, 
presence of calcification, and capsule invasion, were eval-
uated by an independent radiologist (W.L.).

Feature extraction and selection
US images were retrieved from the picture archiving and 
communication system (Carestream, Toronto, Canada) 
for further feature extraction. The region of interest (ROI) 
of each lesion was manually segmented on the largest 
diameter image using ITK-SNAP software. To measure 
the interobserver agreement, all the manual segmenta-
tions were performed by two experienced radiologists 
who were blinded to patients’ characteristics. Moreover, 
one of the radiologists delineated the ROIs again after 
two weeks to measure the intraobserver agreement. 
The ROIs delineated by this radiologist in the second 
round were used for subsequent feature extraction. The 
radiomics feature extraction was performed using the 
open-source platform Pyradiomics (version 3.1.0). This 
platform allows the extraction of 851 radiomics features, 
which can be classified into shape features, first-order 
features, gray-level co-occurrence matrix features, gray-
level size zone matrix features, gray-level run length 
matrix features, and gray-level dependence matrix fea-
tures. The interclass correlation coefficient (ICC) was 
used to evaluate the inter- and intraobserver agreements 
of the feature extraction. Features with good consistency 
(ICC > 0.75) were subjected to further analysis.

Before the feature selection, the values of the extracted 
features were standardized with z scores. A three-step 
procedure was performed to select the robust radiomics 
features in the training cohort [14]. First, a univariable 
logistic regression analysis was performed to identify 
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significant CLNM predictors with P < 0.05. Second, the 
Pearson correlation coefficient for each of the two fea-
tures was calculated, and we excluded the one with a 
higher P value for those feature pairs with a strong cor-
relation (Pearson r > 0.90). Overall, 107 features were 
screened out for the last selection. Third, the least abso-
lute shrinkage and selection operator (LASSO) logistic 
regression model was performed to determine the opti-
mal combination of radiomics features and calculate a 
radiomics (Rad) score by 10-fold cross-validations via the 
1–standard error criteria.

Statistical analysis
Categorical variables are expressed as frequencies and 
percentages and were compared using the chi-squared 
test. We calculated the hazard ratios (HRs) and 95% con-
fidence intervals (CIs) of CLNM using the logistic regres-
sion model with uni- and multivariate analyses. Pearson 

correlation coefficients were calculated to evaluate corre-
lations among the parameters.

To provide a quantitative tool to predict the individual 
probability of CLNM, we generated the radiomics nomo-
gram based on the multivariate analysis of the train-
ing cohort. The discrimination of the nomogram was 
assessed using receiver operating characteristic curves by 
calculating the area under the curve (AUC). The model’s 
calibration was assessed using calibration curves by com-
paring the predicted and actual probability. A decision 
curve analysis was utilized to assess the clinical useful-
ness of the nomogram.

All statistical analyses were performed using SPSS soft-
ware (version 22.0; IBM Corporation, Armonk, NY, USA) 
and R software version 4.1.3 (R Foundation for Statistical 
Computing, Vienna, Austria). Statistical significance was 
set at a two-tailed value of P < 0.05.

Results
Patients’ baseline characteristics
Between January 2018 and December 2020, 327 and 
153 patients were included in the training and valida-
tion cohorts. For the training cohort, the mean age was 
45.0 years (range, 18–74 years); there were 260 women 
(79.5%) and 67 men (30.5%). For the validation cohort, 
the mean age was 46.2 years (range, 23–72 years); there 
were 123 (80.4%) women and 30 men (19.6%). The demo-
graphic and ultrasound characteristics of the two cohorts 
are summarized in Table S1.

Table 1 shows the association between CLNM and the 
patients’ characteristics. CLNM was significantly asso-
ciated with younger age (< 45 years: 60.9% vs. 44.7%, 
P = 0.006), larger tumors (≥ 7  mm: 59.1% vs. 36.9%, 
P < 0.001), the presence of calcification (56.4% vs. 39.2, 
P = 0.003), capsule invasion (12.7% vs. 5.1%, P = 0.014), 
and BRAF V600E mutation (68.2% vs. 53.0%, P = 0.009).

Derivation of rad score
A Rad score was developed using LASSO regression 
analysis based on six of the 107 radiomics features in the 
training cohort (Fig. 1). The formula used to calculate this 
score is as follows:

Rad score = 0.048135878 × originalshapeMaxi-
mum2DDiameterSlice + 0.034883446 × wave-
let-LLHfirstorderKurtosis + 0.016035799 × 
wavelet-LLHglszmGrayLevelNonUniformityNormal-
ized + 0.007692882 × wavelet-LLLglrlmRunLengthNon-
Uniformity + 0.051670164 × wavelet-HHLglrlmRunLength-
NonUniformity - 0.009525348  × originalngtdmContrast.

In the training and validation cohorts, a significant lin-
ear relationship was observed between the Rad score and 
the risk of CLNM (non-linear, P > 0.05; Fig.  2): a higher 
score was associated with a higher risk of CLNM.

Table 1 Clinicopathological and ultrasound characteristics 
of patients according to central lymph node metastasis in the 
training cohort
Characteristic CLNM group 

(N = 110)
Non-CLNM 
group (N = 217)

P 
value

Age, years 0.006
 < 45 67 (60.9%) 97 (44.7%)
 ≥ 45 43 (39.1%) 120 (55.3%)
Sex 0.061
 Female 81 (73.6%) 179 (82.5%)
 Male 29 (26.4%) 38 (17.5%)
Tumor size, cm < 0.001
 < 0.7 45 (40.9%) 137 (63.1%)
 ≥ 0.7 65 (59.1%) 80 (36.9%)
Multifocality 0.097
 No 67 (60.9%) 152 (70.0%)
 Yes 43 (39.1%) 65 (30.0%)
Laterality 0.100
 Unilateral 84 (76.4%) 182 (83.9%)
 Bilateral 26 (23.6%) 35 (16.1%)
Margin 0.365
 Smooth 34 (30.9%) 78 (35.9%)
 Irregular 76 (69.1%) 139 (64.1%)
Calcification 0.003
 Absent 48 (43.6%) 132 (60.8%)
 Presence 62 (56.4%) 85 (39.2%)
Capsule invasion 0.014
 Absent 96 (87.3%) 206 (94.9%)
 Present 14 (12.7%) 11 (5.1%)
Hypoechoic 0.530
 No 12 (10.9%) 19 (8.8%)
 Yes 98 (89.1%) 198 (91.2%)
BRAF V600E mutation 0.009
 Wild-type 35 (31.8%) 102 (47.0%)
 Mutant 75 (68.2%) 115 (53.0%)
Data are expressed as N (%)
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Uni- and multivariate analyses
In the training cohort, the univariate analysis revealed 
that age, tumor size, calcification, capsule invasion, and 
Rad score was significantly associated with the risk of 
CLNM (P < 0.05). In the multivariate analysis, age < 45 
years (HR, 0.461; 95% CI, 0.267–0.798; P = 0.006), pres-
ence of capsule invasion (HR, 2.885; 95% CI, 1.108–7.514; 
P = 0.030), and a higher Rad score (HR, 2.376; 95% CI, 

1.843–3.063; P < 0.001) independently predicted the risk 
of CLNM (Table 2).

Association between Rad score and BRAF status
Rad score was significantly associated with BRAF sta-
tus in the training (Pearson r = 0.313, P < 0.001) and vali-
dation (Pearson r = 0.256, P = 0.001) cohorts. After the 
adjustment for age, capsule invasion, and BRAF status, 
the Rad score remained independently associated with 

Fig. 2 Univariate logistic analysis of central lymph node metastasis with restricted cubic splines (RCS) in the training (A) and validation (B) cohorts

 

Fig. 1 Radiomics feature selection using the least absolute shrinkage and selection operator (LASSO) logistic regression model. (A) Ten-fold cross-vali-
dation for tuning parameter selection in the LASSO logistic model. Solid vertical lines represent binomial deviance ± standard error. The vertical lines are 
drawn at the optimal values by minimum criteria and 1 - S.E. criteria. (B) LASSO coefficient profiles of the 107 radiomics features. A coefficient profile plot 
was produced against the log (λ) sequence. A vertical line was drawn at the value selected using ten-fold cross-validation, where optimal λ resulted in 
six nonzero coefficients
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the risk of CLNM (HR, 2.316; 95% CI, 1.826–2.938; 
P < 0.001; Table S2). Moreover, the predictive accuracy 
of the Rad score was not associated with BRAF status in 
either cohort (Figure S2).

Nomogram construction
A nomogram that combined the Rad score and other 
independent predictors was established to quantitatively 
predict the probability of CLNM (Fig. 3A).

Model performance
The AUC values of the Rad score for predicting CLNM 
were 0.768 (95% CI, 0.714–0.821) and 0.745 (95% CI, 
0.665–0.826), respectively, in the training and valida-
tion cohorts (Table 3). The AUC value of the nomogram 
reached 0.795 (95% CI, 0.745–0.846) in the training 
cohort and 0.774 (95% CI, 0.696–0.852) in the validation 
cohort (Fig. 3C; Table 3). Calibration curves showed that 
the nomogram had a good fit for CLNM in the training 
and validation cohorts (Fig.  3B). Moreover, the nomo-
gram demonstrated promising clinical utility for most 
risk thresholds (Fig. 3D).

Discussion
This is the first study to explore the value of US radiomics 
features for predicting CLNM in patients with cN0 
PTMC. The six feature–based Rad score exhibited a sig-
nificant association with the risk of CLNM. Moreover, 
combining this score with other clinical and US factors, 
the nomogram provided strong predictive power in the 
training and validation cohorts. These results suggest 
that this radiomics-based predictive model is a noninva-
sive, objective, and reliable tool for the preoperative pre-
diction of CLNM.

Radiomics, an emerging algorithm that translates 
unseen aspects of images into a readable value, has been 
utilized to predict nodal metastasis in various malignan-
cies [15–17]. Radiomics enables the noninvasive assess-
ment of intratumor heterogeneity and facilitates a better 
understanding of tumor behavior [18]. For example, Yan 
et al. established a radiomics score based on US images, 
which showed good performance for predicting CLNM 
among patients with PTC [19]. Wang et al. developed 
a computed tomography radiomics signature for the 
preoperative prediction of CLNM in PTC [20]. In the 

Table 2 Univariate and multivariate analyses for central lymph node metastasis in the training cohort. Abbreviations: HR, hazard ratio; 
CI, confidence interval
Characteristic Univariate analysis Multivariate analysis

HR 95% CI P value HR 95% CI P value
Age, years
 < 45 Reference Reference
 ≥ 45 0.519 0.325–0.828 0.006 0.461 0.267–0.798 0.006
Sex
 Female Reference
 Male 1.686 0.973–2.923 0.063
Tumor size, cm
 < 0.7 Reference Reference
 ≥ 0.7 2.474 1.547–3.956 < 0.001 1.205 0.688–2.110 0.514
Multifocality
 No Reference
 Yes 1.501 0.928–2.427 0.098
Laterality
 Unilateral Reference
 Bilateral 1.610 0.911–2.845 0.101
Margin
 Smooth Reference
 Irregular 1.254 0.768–2.048 0.365
Calcification
 Absent Reference Reference
 Presence 2.006 1.260–3.194 0.003 1.496 0.869–2.575 0.146
Capsule invasion
 Absent Reference Reference
 Present 2.731 1.196–6.238 0.017 2.885 1.108–7.514 0.030
Hypoechoic
 No Reference
 Yes 1.158 0.530–2.528 0.713
Rad score (per 0.1 increment) 2.481 1.948–3.160 < 0.001 2.376 1.843–3.063 < 0.001
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Fig. 3 (A) A nomogram combining the Rad score, age, and capsule invasion for predicting probability of central lymph node metastasis (CLNM). (B) 
Plots depict the calibration of the nomogram in terms of agreement between predicted probability and actual probability in the training and validation 
cohorts. (C) Areas under the receiver operating characteristic curves for CLNM in the training and validation cohorts. (D) Decision curve analysis for the 
nomogram in the training and validation cohorts
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present study, the Rad score was independently associ-
ated with the risk of CLNM, confirming the radiomics 
signature’s value for assessing intratumoral heterogene-
ity. For patients with PTMC and a higher Rad score, more 
aggressive treatments, such as PCNLD, should be recom-
mended, even among those with cN0 disease.

This study incorporated Rad score and conventional 
clinical and US characteristics into a nomogram as in 
a previous study [13]. In addition to the Rad score, age 
and capsule invasion were independent risk factors for 
CLNM. In most previous studies, younger age was closely 
correlated with a high incidence of CLNM irrespective of 
the threshold [12, 21–22]. This may be explained by the 
negative association between age and PTMC promotion 
rate [23]. Capsule invasion is defined as tumor cells that 
invade the thyroid capsule, contributing to a high risk of 
CLNM [12, 21–22]. A feasible explanation for this is that 
the tumor could more easily metastasize to the central 
lymph nodes upon breaching the capsule [24].

Molecular alterations associated with BRAF mutations 
influence PTMC initiation, progression, and metasta-
sis. Some studies reported a high incidence of CLNM in 
patients with PTMC and BRAF mutations [21, 25]. In the 
present study, BRAF status was also significantly associ-
ated with the risk of CLNM. Moreover, the predictive 
accuracy of the Rad score was not influenced by BRAF 
status, confirming its value.

Some limitations of this study should be discussed. 
First, this was a retrospective study with a small sample 
size, which may lead to selection bias. Second, although 
the Rad score was verified in an external cohort, exter-
nal validation cohorts from other countries were lacking 
to confirm its generalizability. Third, the AUC values of 
the radiomics nomogram were lower than we expected, 
indicating that the radiomics data from only grayscale US 
images were insufficient. Multimodal US images, such as 
contrast-enhanced and elastography, are needed in fur-
ther studies.

Conclusions
In conclusion, the nomogram constructed based on US 
radiomics features combined with clinical and US char-
acteristics is a reliable tool with high accuracy for pre-
dicting CLNM in patients with cN0 PTMC to enable the 
tailoring of individualized treatment strategies for them. 

A prospective international large-scale study must fur-
ther validate this predictive model.
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