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Background: Prophylactic central neck dissection (pCND) in patients with well-differentiated primary 
papillary thyroid carcinoma (PTC) has become controversial. Several attempts have been made to predict 
central compartment lymph node metastasis (CLNM) based on clinical and conventional ultrasonic 
parameters. This study aimed to develop a decision tree (DT) model for predicting the risk of CLNM in 
patients with PTC based on clinical and preoperative multimodal ultrasound (US) characteristics.
Methods: A total of 148 PTC nodules confirmed by surgical pathology at Beijing Tiantan Hospital were 
retrospectively analyzed. All nodules underwent multimodal US examinations preoperatively from January 
2020 to September 2021. Correlation analysis of CLNM with clinical characteristics as well as multimodal 
US parameters of PTC lesions based on gray-scale US, color Doppler flow imaging (CDFI), superb 
microvascular imaging (SMI), contrast-enhanced ultrasound (CEUS), and shear wave elastography (SWE) 
technology was carried out. Finally, the chi-squared automatic interaction detector (CHAID) with a 10-fold 
cross-validation was used to establish DTs for CLNM prediction. The area under the curve was calculated to 
compare the predictive performance.
Results: Univariate analysis indicated that CLNM was positively correlated with thyroglobulin level, 
maximum size, taller-than-wide, the number of microcalcifications greater than or equal to 5, contact capsule, 
abnormal cervical lymph node on conventional US, noncentripetal perfusion, delayed clearance, the average 
shear wave velocity (SWV mean), and the SWV ratio (P<0.05). The multimodal US DT based on taller-
than-wide, contact capsule, abnormal cervical lymph node on conventional US, and centripetal enhancement 
as independent variables showed good discrimination: the sensitivity, specificity, accuracy, and area under the 
receiver operating characteristic curve were 80.0%, 76.7%, 78.4%, and 0.837 [95% confidence interval (CI): 
0.771–0.902]. There was a significant difference between the multimodal and conventional US DTs (P=0.009). 
Conclusions: Our results indicated that the DT based on the preoperative multimodal US characteristics 
of PTCs has a reasonable predictive ability for CLNM and can be conveniently used for clinical decision-
making of individualized treatment in patients with well-differentiated PTC.
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Introduction

According to the latest Global Cancer Incidence, Mortality 
and Prevalence (GLOBOCAN) statistics provided by the 
International Agency for Research in 2020, it is estimated 
that 586,202 people were newly diagnosed with thyroid 
cancer, accounting for 3.0% of all new cancer cases (1). 
Papillary thyroid carcinoma (PTC) is the most typical 
pathological type of thyroid cancer. Although more than 
90% of PTCs are well-differentiated tumors, central 
compartment lymph node metastasis (CLNM) can still 
occur in the early stage, which is closely related to local 
recurrence (2,3). The role of prophylactic central neck 
dissection (pCND) in patients with well-differentiated 
PTCs has become controversial in recent years (4-6). 
Unnecessary pCND may increase the probability of 
postoperative hypoparathyroidism and recurrent laryngeal 
nerve injury, while well-differentiated PTCs have limited 
recurrence incidence. Accurately assessing the risk of 
CLNM by preoperative imaging examination is vital to 
avoid the excessive physical and mental trauma caused by 
overdiagnosis and treatment (7).

Ultrasound (US) is a safe, convenient, and cost-effective 
examination method. Even though high-resolution probes 
have been widely used to diagnose abnormal cervical 
lymph nodes and have achieved good diagnostic efficiency, 
there are still limitations in distinguishing CLNM from 
non-CLNM due to the deep anatomical position and the 
complex surrounding relationship. A previous meta-analysis 
showed that the sensitivity of conventional US for direct 
diagnosis of CLNM was only 38–64%, which is much 
lower than that of lateral compartment cervical lymph 
node metastasis (LLNM) (8). Advances in US technology, 
including contrast-enhanced ultrasound (CEUS), shear 
wave elastography (SWE), and superb microvascular 
imaging (SMI) for tumors have immensely improved its 
diagnostic efficiency. Several studies have shown that the 
SWE and CEUS characteristics of PTCs are closely related 
to the extrathyroidal extension (ETE) and lymph node 
metastasis of PTCs, suggesting that multimodal US may 
have great potential in predicting CLNM (9-13).

There remains an existing need for improved CLNM 
prediction performance. Current studies have established 

a prediction model using a regression algorithm and 
nomogram, making it possible to forecast CLNM risk 
in clinical application (14-16). Machine learning (ML) 
algorithms have also been widely used in image diagnosis 
over the last few years. Prior limited studies have shown 
that ML models can predict CLNM based on clinical 
information and conventional US features (17,18). 
However, the applicability of existing models in this field is 
restricted due to a lack of multimodal US characteristics of 
PTCs. The present study aimed to predict CLNM more 
accurately than the currently performed conventional US. 
Therefore, we developed a prediction model for CLNM 
by integrating the clinical and multimodal US features 
of PTCs as model input parameters and using a decision 
tree (DT) as a classification method. We present the 
following article in accordance with the TRIPOD reporting 
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-22-650/rc).

Methods

Study population

Patients who underwent multimodal US examination of 
thyroid nodules at the Beijing Tiantan Hospital, Capital 
Medical University from January 2020 to September 
2021 were analyzed retrospectively. Consecutive patients 
satisfying the inclusion and exclusion criteria were collected. 
The inclusion criteria are as follows: (I) adults over 18 years 
old, (II) patients who were examined preoperatively through 
multimodal US examination [if the patient had multiple 
nodules on 1 side, only 1 of the nodules with the highest 
Thyroid Imaging Reporting & Data System (TI-RADS) 
level was included], and (III) patients who underwent 
thyroidectomy and central compartment lymph node 
dissection (area VI) in our hospital. After the operation, 
we determined whether the pathological diagnosis was 
well-differentiated PTC (pathological type was classic or 
follicular subtype PTC) and whether the central lymph 
nodes were metastatic. The exclusion criteria were as 
follows: (I) patients lacking important information, (II) 
patients with other head or neck malignancies, and (III) 
patients who had previously undergone thyroidectomy. 
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The scope of thyroid surgery was mainly determined 
according to the 2015 management guidelines of the 
American Thyroid Association (ATA) (5). This study was 
reviewed and approved by the ethics committee of Beijing 
Tiantan Hospital, Capital Medical University, and was 
performed in accordance with the Declaration of Helsinki 
(as revised in 2013). Written informed consent was obtained 
from all participants of this study. Among the 852 thyroid 
nodules examined using multimodal US preoperatively, 173 
nodules received thyroidectomy in our hospital, 163 nodules 
were pathologically confirmed as well-differentiated PTCs, 
10 pathologically confirmed as other types of thyroid cancer 
or benign nodules were excluded, and 15 were excluded 
due to having higher TI-RADS grade nodules on the same 
side or a lack of pivotal data. Finally, 148 PTCs from 142 
patients were included in this retrospective study (Figure 1). 
All cases had undergone pCND, and CLNM was confirmed 
by pathology.

Clinical characteristics

The baseline clinical characteristics, including age, gender, 
body weight, body mass index (BMI), thyroid-stimulating 
hormone (TSH), thyroglobulin (Tg), thyroglobulin 
antibody (TgAb), and thyroid peroxidase antibody (TPOAb) 
were collected from the patients’ medical records within  
1 month before surgery. The tumor number, location, ETE, 

and Hashimoto thyroiditis (HT) status were confirmed 
using the pathological results.

Multimodal ultrasonographical features

An Aplio i900 (Toshiba, Tokyo, Japan) equipped with a 
linear array i18LX5 probe at a transmitting frequency of 
5–18 MHz was used for all US examinations. All patients 
were in a supine position with head flexion backward. US 
examination was performed by examiners with more than 
10 years of working experience. During the procedure, 
we recorded all of the raw data in real time. The use 
of precision imaging, ApliPure composite imaging, 
and second-generation differential harmonic imaging 
technologies improved the image quality and penetration 
depth while reducing artifacts and speckle noise. The 
machine settings for multimodal US examination are 
summarized in Table 1. 

Conventional US is considered to include gray-scale US 
and color Doppler flow imaging (CDFI). Three diameter 
lines (longitudinal, transverse, and thick) of the thyroid 
nodules were measured on gray-scale US, and the following 
characteristics were evaluated: shape (regular, irregular), 
margin (well defined, poorly defined, and unable to define; 
nodule margins covered by macrocalcification with acoustic 
shadows were classified as unable to define), echogenicity 
(isoechoic, hyperechoic, or hypoechoic), type of calcification 

Thyroid nodules examined by multimodal 
ultrasound before surgery

N=852

Thyroid nodules that underwent 
thyroidectomy at Beijing Tiantan Hospital

N=173

Nodules were pathologically confirmed as 
well-differentiated PTCs

N=163

Total number of nodules included
N=148

679 nodules were excluded:
no pathological results

10 nodules were excluded: other types of 
thyroid cancer or benign nodules

15 were excluded: 
malignant nodules not predominant or 

lack of pivotal data

Figure 1 Flow diagram of patient selection. PTC, papillary thyroid carcinoma. 
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(absent, macrocalcification, or microcalcification; 
microcalcification was defined as strong echo spots less 
than 1 mm in the nodule), microcalcification quantities (less 
than 5, greater than or equal to 5), peripheral halo (absent, 
present), taller-than-wide (anteroposterior/transverse ratio 
>1 or ≤1), contact capsule (absent, present, and whether 
the nodules contact the hyperechoic line of the capsule;  
Figure 2), and diffused background (absent, present). 

CDFI grading was divided into 3 levels based on the 
Alder standard: (I) none, no blood flow inside or around 
the nodule; (II) moderate, fewer than 5 punctate blood 
flows or 2 strip blood flows in the nodule; and (III) marked, 
5 or more punctate blood flows or more than 2 main 

vessels in the nodule (19). The characteristics of abnormal 
cervical lymph nodes on conventional US (ACLN) and 
abnormal central lymph nodes on conventional US 
(ACCLN) included microcalcifications, cystic aspect, 
hyperechogenicity, and round shape or peripheral 
vascularity, according to the 2015 ATA guidelines (5). The 
color SMI and monochrome SMI were employed to assess 
the vascular distribution of the nodules on the section 
with the most abundant blood flow. The SMI blood flow 
estimation standard was similar to that of CDFI (Figure 3). 
The SMI vascular index was obtained by calculating the 
percentage of color pixels divided by the total pixels in the 
region of interest. 

Figure 2 A 24-year-old female with postoperative pathology confirmed papillary thyroid carcinoma in the right lobe with central 
compartment lymph node metastasis. (A) Gray-scale ultrasound showed that the nodule was in contact with the thyroid capsule (white arrow 
heads). (B) Contrast-enhanced ultrasound showed diffuse isoenhancement 10 seconds after injection. (C) Hematoxylin and eosin-stained 
thyroidectomy of the specimen (original magnification ×4; scale bar 600 μm) confirmed that the nodule had extrathyroidal extension. 

Table 1 Machine settings for multimodal ultrasound examination

Machine settings Gray scale CDFI SMI SWE CEUS

Frequency (MHz) 15 7 4–11 7 5.5

Frame rate (FPS) 27–38 8–17 28–30 0.2 10

Dynamic range (dB) 65 65 65 65 60

Multimodal gain 75–90 32–35 39–40 – 70–80

Machine index ≤1.6 ≤1.6 ≤1.6 ≤1.6 ≤1.6

Precision 4–6 – – – 3

ApliPure+ 2–4 – – – –

Filter – 3–5 2 2–3 –

Precision imaging is a unique signal enhancement technology that improves signal strength and image quality by processing the 
information between beams. ApliPure composite imaging can collect multilevel information from echoes in different directions for imaging, 
reducing artifacts and speckle noise. The second-generation differential harmonic imaging resolves the paradox of resolution and 
penetration while improving image quality and penetration depth. CDFI, color Doppler flow imaging; SMI, superb microvascular imaging; 
SWE, shear wave elastography; CEUS, contrast-enhanced ultrasound; FPS, frames per second. 

600 μm

A B C
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CEUS was conducted using the same equipment as that 
used in the conventional US. The mechanical index was 
set to 0.08–0.10. SonoVue (Bracco Imaging, Milan, Italy) 
was mixed well with 5 mL of saline as the contrast agent 
of CEUS. After this, 1.6–1.8 mL of the suspension was 
rapidly injected into the patient’s vena intermedia cubiti, 
which was followed immediately by 5.0 mL of 0.9% saline. 
The CEUS imaging lasted 2 minutes and was stored in 
the device digitally for analysis. Next, the time-intensity 
curve was obtained for nodules and the surrounding 
parenchyma. Quantitative parameters were automatically 
calculated, including the peak intensity, time to peak, 
mean transit time, and area under the time-intensity 
curve. Meanwhile, the examiners evaluated the qualitative 
parameters, including the enhancement homogeneity 
(homogeneous or heterogeneous), enhancement direction 
(centripetal or noncentripetal), enhancement intensity (mostly 
no enhancement, hypoenhancement, isoenhancement, 
hyperenhancement), peripheral enhancement (absent, 
present), and enhancement type (wash-in and wash-out order, 
which are classified as earlier and synchronous or later).

Shear wave elasticity imaging was applied to evaluate 
tumor stiffness.  After the waveform was stable,  3 
measurements of shear wave velocity (SWV) were taken 
by placing a region of interest inside the nodule and in 
the surrounding parenchyma. Soon afterward, the average 
SWV (SWV mean) of the nodules and the SWV ratio (SWV 
ratio = SWV of the nodules/surrounding parenchyma) were 
calculated.

Statistical analysis

Normally distributed data are expressed as the mean 

± standard deviation and analyzed with a t-test, while 
nonnormally distributed data are shown as the median with 
interquartile range (IQR) and compared with the Mann-
Whitney test. The χ2 test or Fisher exact probability method 
was used to compare categorical variables, while Pearson 
chi-squared test was applied for stratified or matched 
categorical data. Based on previous studies and the relevant 
formula, the sample size required was calculated to be 
144. Finally, all available data on the database were used to  
maximize the power and generalizability of the results (20).

The chi-squared automatic interaction detector (CHAID) 
growth method was used to build the prediction model 
based on conventional and multimodal US individually. The 
CHAID algorithm selects the independent variable and 
displays them as “parent nodes” in the tree structure. Parent 
nodes represent the choices that will result in the splitting 
of samples. Therefore, a “branch” on the tree is formed. At 
end of the branch, no further split can be made, a “terminal 
node” is created, and these samples are classified as CLNM 
or non-CLNM (21). The maximum depth was set to 3, 
and the minimum number of cases of the parent and child 
nodes were 10 and 5, respectively. The significance level of 
the CHAID DT node splitting was P<0.05. Ten-fold cross-
validation was used to verify the misjudgment rate of the 
model. 

R software (version 4.1.2, The Foundation for Statistical 
Computing, Vienna, Austria) with the “caret” package was 
used to build a predictive model based on the random forest 
(RF) algorithm. Receiver operating characteristic (ROC) 
and precision-recall curves were used to manifest the 
diagnostic capability between the models. The diagnostic 
efficacy of the models was compared by calculating the 
sensitivity, specificity, positive predictive value, negative 

Figure 3 Superb microvascular imaging grading based on Adler classification. (A) None, absent microvascular flow inside the nodule. (B) 
Moderate, fewer than 5 punctate blood flows or 2 strip blood flows in the nodule. (C) Marked, 5 or more punctate blood flows or more than 
2 main vessels in the nodule.

A B C
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predictive value, accuracy, and the area under the ROC 
curve (AUROC) with 95% confidence intervals (CIs) of the 
different models. All statistical tests were performed using 
SPSS software (version 26.0, IBM Corporation, Armonk, 
NY, USA). For all tests, P<0.05 was considered statistically 
different.

Results

Demographic characteristics

A total of 142 patients were enrolled in this study, including 
31 (21.8%) males and 111 (78.2%) females, aged from 19 
to 72 years, with an average age of 42.2 years. The median 
body weight and BMI of all patients were 65.0 (IQR: 56.0–
75.0) and 23.9 (IQR: 21.5–27.6), respectively. Among the 
142 patients, 94 (66.2%) had a single PTC and 48 (33.8%) 
had multiple PTCs (Table 2). 

Analysis of the clinical and multimodal ultrasonic 
parameters

Among the 148 nodules that met the inclusion requirements, 
75 (50.7%) had accompanying CLNM status (as shown in 
Table 3). There were significant differences in age, ETE, 
ipsilateral gland with HT, and Tg levels between the 
CLNM and non-CLNM groups (P<0.05). In contrast, there 
were no significant differences in gender, body weight, 

BMI, tumor location, tumor multifocality, TSH, TgAb, 
and TPOAb levels (P>0.05). The correlation between 
multimodal ultrasonic characteristics and CLNM is shown 
in Table 4. Univariate analysis indicated that CLNM was 
positively correlated with maximum size, taller-than-wide, 
the number of microcalcifications greater than or equal to 5, 
capsule contact, ACLN, ACCLN, noncentripetal perfusion, 

Table 2 Demographic characteristics of the patients

Clinicopathological characteristic Data

All patients, n (%) 142 (100.0)

Age (years) 42.2±11.4

Gender, n (%)

Male 31 (21.8)

Female 111 (78.2)

Weight (kg) 65.0 (56.0, 75.0)

BMI (kg/m2) 23.9 (21.5, 27.6)

Multifocality, n (%)

No 94 (66.2)

Yes 48 (33.8)

Normally distributed data are expressed as the mean ± standard 
deviation, and nonnormally distributed data are expressed as 
the median with interquartile range. BMI, body mass index.

Table 3 Correlation analysis of CLNM and the clinicopathological 
characteristics

Characteristic Non-CLNM (n=73) CLNM (n=75) P

Age (years) 44.38±11.55 40.21±10.85 0.025

Gender 0.184

Male 12 19

Female 61 56

Weight (kg) 64.0 (57.0, 70.5) 66.0 (55.0, 80.0) 0.246

BMI (kg/m2) 23.57 (21.47, 26.98) 24.22 (21.08, 28.13) 0.768

Multifocality 0.828

No 47 47

Yes 26 28

Location 0.623

Left 34 40

Isthmus 2 3

Right 37 32

ETE 0.007

No 66 55

Yes 7 20

HT 0.028

No 42 56

Yes 31 19

TSH (μIU/mL) 1.88 (1.24, 2.94) 1.97 (1.20, 2.96) 0.947

Tg (IU/mL) 5.37 (2.26, 12.69) 10.95 (3.69, 19.20) 0.004

TgAb (IU/mL) 0.90 (0.90, 3.63) 0.90 (0.90, 3.61) 0.433

TPOAb (IU/mL) 1.33 (0.46, 38.58) 0.79 (0.41, 3.01) 0.072

Normally distributed data are expressed as mean ± standard 
deviation, and nonnormally distributed data are expressed as 
median with interquartile range. CLNM, central compartment 
lymph node metastasis; BMI, body mass index; ETE, 
extrathyroidal extension; HT, Hashimoto thyroiditis; TSH, thyroid-
stimulating hormone; Tg, thyroglobulin; TgAb, thyroglobulin 
antibody; TPOAb, thyroid peroxidase antibody. 
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Table 4 Univariate analysis of multimodal ultrasound parameters associated with CLNM

Parameters Non-CLNM (n=73) CLNM (n=75) P

Conventional ultrasound features

Size (cm) 0.7 (0.6, 0.9) 1.1 (0.7, 1.6) <0.001

Shape 1.000

Regular 4 5

Irregular 69 70

Margin 0.324

Well defined 7 9

Poorly defined 64 66

Unable to define 2 0

Echogenicity 0.973

Isoechoic or hyperechoic 3 3

Hypoechoic 70 72

Calcification 0.372

Absent 24 20

Macrocalcification 3 1

Microcalcification 46 54

Microcalcification quantities 0.033

<5 41 29

≥5 32 46

Peripheral halo 0.133

Absent 64 71

Present 9 4

Taller-than-wide <0.001

Absent 28 53

Present 45 22

Contact capsule <0.001

Absent 35 15

Present 38 60

Diffused background 0.118

Absent 48 58

Present 25 17

ACLN <0.001

Absent 68 45

Present 5 30

Table 4 (continued)
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Table 4 (continued)

Parameters Non-CLNM (n=73) CLNM (n=75) P

ACCLN 0.003

Absent 69 58

Present 4 17

CDFI Flow grade 0.106

None 25 20

Moderate 40 37

Marked 8 18

SMI features

SMI flow grade 0.785

None 1 0

Rare 40 41

Rich 32 34

mSMI-VI (%) 38.90 (26.00, 55.95) 40.95 (28.70, 52.75) 0.886

cSMI-VI (%) 21.90 (13.10, 33.70) 21.07 (12.50, 36.35) 0.750

CEUS feature

Homogeneity 0.380

Homogeneous 5 3

Heterogeneous 67 72

Unable to define 1 0

Centripetal enhancement 0.001

Absent 34 55

Present 39 20

Enhanced intensity 0.599

Mostly no enhancement 1 1

Hypoenhancement 59 59

Isoenhancement 10 6

Hyperenhancement 3 9

Peripheral enhancement rings 0.063

Absence 72 69

Present 1 7

Wash-in 0.502

Earlier 54 59

Synchronous or later 19 16

Table 4 (continued)
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delayed clearance on CEUS, higher SWV mean, and SWV 
ratio on SWE (P<0.05).

Predictive performance of the DT models

A total of 33 preoperative clinical features and US 
parameters of PTC nodules were used to determine the 
correlation with CLNM. Finally, clinical characteristics 
(including age and Tg level), 6 conventional US features 
(including tumor size, taller-than-wide, the number of 
microcalcifications, capsule contact, ACLN, and ACCLN), 
and 4 multimodal US features (including centripetal 
enhancement, delayed clearance, SWV mean, and SWV 
ratio) showed a significant correlation with CLNM (as 
shown in Tables 3,4). Three conventional US parameters 
and four multimodal US parameters were identified as 
independent variables to train the conventional US and 
multimodal US prediction models (Figures 4,5). The 
independent variables of conventional US DT were ACLN 
(adj. P<0.001), taller-than-wide (adj. P=0.001), and contact 
with capsule (adj. P=0.046). The conventional US DT 
model included a total of 6 nodes with 4 terminal nodes 
(number 1, 4, 5, and 6). Meanwhile, the independent 
variables of multimodal US DT were ACLN (adj. P<0.001), 

centripetal perfusion (adj. P=0.001), contact with capsule 
(adj. P<0.001), and taller-than-wide (adj. P=0.004). The 
multimodal US DT model included a total of 8 nodes 
with 5 terminal nodes (number 1, 5, 6, 7, and 8). Other 
variables that did not reach the adjusted significance level 
of 0.05 were not included in the models. The 10-fold cross-
validation results showed that the misjudgment rates of 
the multimodal and conventional US models were 28.4% 
and 31.8%, respectively. Taking postoperative pathology as 
the gold standard, the AUROC of multimodal US DT in 
predicting CLNM was 0.837 (95% CI: 0.771–0.902), the 
sensitivity was 80.0%, the specificity was 76.7%, and the 
accuracy was 78.4%; the AUROC of CLNM predicted by 
conventional US DT was 0.773 (95% CI: 0.696–0.849), the 
sensitivity was 73.3%, the specificity was 74.0%, and the 
accuracy was 73.6%; the AUROC of CLNM predicted by 
ACLN was 0.666 (95% CI: 0.578–0.754), the sensitivity 
was 40.0%, the specificity was 93.2%, and the accuracy was 
66.2%. The ROC and precision-recall curves were analyzed 
to compare the effectiveness of these models (Figure 6). 
The AUROC of the multimodal US DT was remarkably 
greater than that of the conventional US DT and ACLN 
(P=0.009; P<0.001), whose prediction efficiency was the 
best among the 3 models (Table 5). To determine the final 

Table 4 (continued)

Parameters Non-CLNM (n=73) CLNM (n=75) P

Wash-out 0.028

Earlier 73 69

Synchronous or later 0 6

Time-intensity curve analysis

PI 1.43 (0.61, 2.30) 1.42 (0.49, 3.30) 0.513

TTP (s) 3.7 (3.0, 4.7) 3.7 (2.8, 4.5) 0.569

MTT (s) 7.4 (5.6, 9.8) 6.9 (5.0, 10.7) 0.470

AUTIC 0.8 (0.6, 1.6) 0.8 (0.5, 1.4) 0.427

SWE parameters

SWV mean (ms) 3.13 (2.71, 3.78) 3.63 (2.93, 4.87) 0.009

SWV ratio 1.29 (1.12, 1.54) 1.50 (1.24, 1.85) 0.004

Nonnormally distributed data are expressed as the median with interquartile range. Nodule margins covered by macrocalcification with 
acoustic shadows were classified as unable to define. CLNM, central compartment lymph node metastasis; ACLN, abnormal cervical 
lymph node on conventional ultrasound; ACCLN, abnormal central cervical lymph node on conventional ultrasound; CDFI, color Doppler 
flow imaging; SMI, superb microvascular imaging; mSMI-VI, monochrome SMI vascular index; cSMI-VI, color SMI vascular index; CEUS, 
contrast-enhanced ultrasound; PI, peak intensity; TTP, time to peak; MTT, mean transit time; AUTIC, area under the time-intensity curve; 
SWE, shear wave elastography; SWV, shear wave velocity. 
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Figure 4 Decision tree obtained using parameters from the gray-scale ultrasound. Each node contains 3 statistical values (category, %, n): “n” 
stands for the CLNM or non-CLNM population in this category, while “%” is the percentage of the CLNM or non-CLNM population. 
CLNM, central compartment lymph node metastasis; ACLN, abnormal cervical lymph node on conventional ultrasound; adj. P value, 
adjusted P value; df, degree of freedom.
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Figure 5 Decision tree obtained using parameters from the multimodal ultrasound. Each node contains 3 statistical values (category, 
%, n): “n” stands for the CLNM or non-CLNM population in this category, while “%” is the percentage of the CLNM or non-CLNM 
population. CLNM, central compartment lymph node metastasis; ACLN, abnormal cervical lymph node on conventional ultrasound; adj. P 
value, adjusted P value; df, degree of freedom. 

Pathological results

Node 0

Node 2

Node 6 Node 8

Node 4

Node 1

Node 5 Node 7

Node 3

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

Category

Non-CLNM

CLNM

Total

%

49.3

50.7

100.0

%

60.2

39.8

76.4

%

77.8

22.2

18.2

%

92.9

7.1

18.9

%

79.5

20.5

29.7

%

14.3

85.7

23.6

%

28.6

71.4

28.4

%

56.2

43.8

10.8

%

47.8

52.2

46.6

n

73

75

148

n

68 

45 

113

n

21

6

27

n

26

2 

28

n

35

9

44

n

5

30

35

n

12

30

42

n

19

7

16

n

33

36

69

Non-CLNM
CLNM

ACLN
Adj. P value =0.000,  

Chi-square =22.516, df =1

Centripetal enhancement 
Adj. P value =0.001,  

Chi-square =11.280, df =1

Contact capsule 
Adj. P value =0.000,  

Chi-square=15.947, df =1

Taller-than-wide
Adj. P value =0.004,  

Chi-square =8.386, df =1

− −

Yes

Yes Yes

Yes

No

No No

No

−

−



Wan et al. Decision trees for lymph node metastasis prediction2092

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2023;13(4):2081-2097 | https://dx.doi.org/10.21037/qims-22-650

Table 5 Predictive value analysis of different models for central compartment lymph node metastasis

Methods Sen, % Spe, % PPV, % NPV, % Acc, % AUROC (95% CI) P

ACLN 40.0 93.2 85.7 60.2 66.2 0.666 (0.578–0.754) <0.001*

Conventional US DT 73.3 74.0 74.3 73.0 73.6 0.773 (0.696–0.849) 0.002#

Multimodal US DT 80.0 76.7 77.9 78.9 78.4 0.837 (0.771–0.902) 0.009^

*, ACLN vs. multimodal US DT; #, conventional US DT vs. ACLN; ^, multimodal US DT vs. conventional US DT. ACLN, abnormal cervical 
lymph node on conventional ultrasound; US, ultrasound; DT, decision tree; Sen, sensitivity; Spe, specificity; PPV, positive predictive value; 
NPV, negative predictive value; Acc, accuracy; AUROC, area under the receiver operating characteristic curve; CI, confidence interval. 

Figure 6 Evaluation of the predictive models. (A) The left picture shows the receiver operating characteristic curve analysis for predicting 
central compartment lymph node metastasis. The area under the curve for the multimodal US decision tree was the largest among the 3 
models. (B) The right picture shows the precision-recall curves of the 3 models. US, ultrasound; ACLN, abnormal cervical lymph node on 
conventional ultrasound.

model for predicting CLNM, Table S1 and Figure S1  
provided a performance comparison of the multimodal 
RF and DT models; the multimodal DT algorithm had a 
higher AUROC compared to the multimodal RF algorithm 
(P=0.017).

Discussion

Traditional methods to evaluate CLNM

The central lymph node is the first stop of thyroid 
lymphatic drainage. The methods of preoperative diagnosis 
of CLNM include US, computed tomography (CT), 
magnetic resonance imaging (MRI), and fine needle 
aspiration (FNA), among others. According to the ATA 

guidelines, preoperative US and US-guided FNA are 
recommended for assessing lymph node involvement in 
PTC. It has been reported that dual-energy CT reliably 
distinguishes metastatic and nonmetastatic lymph nodes 
smaller than 0.5 cm in patients with PTC (22). However, 
CT scans are expensive and may present a radiation risk, 
and contrast-enhanced CT cannot be applied for severe 
hepatic or renal insufficiency. MRI may be an alternative 
or complementary imaging modality for the detection of 
CLNM in PTC in addition to US and CT, but its sensitivity 
is limited (23). F-18 fluorodeoxyglucose positron emission 
tomography (F-18 FDG PET)-CT is sensitive to neck or 
mediastinal involvement and may reveal distant metastasis. 
It has been proven useful in the detection of cervical 
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Table 6 Correlation analysis of multimodal ultrasound features and pathological features

Features Maximum size
Taller-than-

wide (−)
Taller-than-

wide (+)
Capsule 

contact (−)
Capsule 

contact (+)
Centripetal 

enhancement (−)
Centripetal 

enhancement (+)

ETE (−) 0.8 (0.6, 1.2) 65 56 47 74 70 51

ETE (+) 1.1 (0.7, 1.9)* 16 11 3 24* 19 8

Capsule invasion (−) 0.7 (0.6, 1.0) 44 46 40 50 56 34

Capsule invasion (+) 1.1 (0.7, 1.6)* 37 21 10 48* 33 25

HT (−) 0.9 (0.7, 1.3) 61 37 32 66 64 34

HT (+) 0.7 (0.6, 0.9)* 20 30* 18 32 25 25

LLNM (−) 0.8 (0.6, 1.2) 67 61 47 81 77 51

LLNM (+) 1.3 (0.9, 2.1)* 14 6 3 17# 12 8

*, P<0.05; #, P=0.056. ETE, extrathyroidal extension; HT, Hashimoto thyroiditis; LLNM, lateral compartment cervical lymph node 
metastasis.

lymph node metastasis by visualizing abnormal glucose 
metabolism in the abnormal cells, showing great potential 
in patients with negative US and CT scans (24). Similar to 
CT, the radiation risk of F-18 FDG PET-CT is unfavorable 
compared to US; meanwhile, FNA is an invasive operation. 
When the abnormal lymph nodes are located in the deep 
layer of the neck or adjacent to the carotid sheath, the risk 
of serious complications is increased. 

US is a safe, convenient, and cost-effective examination 
method. However, considering the complicated anatomical 
structure of the central compartment and the shelter of 
bone and the strong echo of gas, the diagnostic accuracy 
of conventional US for CLNM is much lower than that of 
LLNM. Our study showed that only a minority of CLNM 
can be directly identified by conventional US. Moreover, 
some CLNM is too minimal to be found in conventional 
US. Therefore, researchers have exerted efforts to study the 
association between US characteristics of PTCs and CLNM 
and have discovered that it may be a promising strategy 
to predict CLNM preoperatively to avoid unnecessary 
pCND (13,25). Previous studies have shown that the 
most important contributing factors for CLNM include 
the patient’s age, male gender, multifocality, tumor size, 
location, margin, microcalcification, ETE, and concomitant 
HT (14,26,27). In this study, some conventional US 
characteristics of PTCs were found to be predictors of 
CLNM, including larger maximum size, taller-than-wide, 
capsule contact, and ACLN. We also found that a large 
maximum diameter and capsule contact had a marked 
positive correlation with ETE and capsule invasion (Table 6).  

Moreover, large size or contact with the capsule, which 
reveals aggressive biological behaviors, also increased the 
likelihood of LLNM (P<0.001; P=0.056; Table 6). Only 
7.4–22.5% of PTCs are accompanied by “jump metastasis”  
(28-30). Thus, ACLN often suggests CLNM-positive 
status. When ACLN was added as the independent variable 
of DT, the maximum size was no longer included in the 
model due to interactions between the variables.

Multimodal ultrasonic parameters predicting CLNM

Microvascular Doppler modalities, CEUS, and SWE 
combined with grayscale and color Doppler US procedures 
have made decent progress in tumor diagnosis (31). SMI 
is very valuable for displaying low-speed blood flow and 
perforating vessels (32,33). However, in the present study, 
none of the SMI blood flow grading or the microvascular 
density of PTC nodules was correlated with CLNM 
(Table 4). Previous reports have pointed out that the iso- 
or hyperenhancement CEUS pattern is an independent 
risk factor for CLNM (9-11). Instead, PTCs presented 
centripetal enhancement as a protective factor for CLNM 
in this study, which is different from the findings of previous 
studies (34,35). It is considered that the blood perfusion 
of nodules is insufficient presenting centripetal perfusion, 
which restricts tumor progression. Further research is 
needed to clarify whether and how centripetal perfusion 
affects CLNM. Real-time SWE employs an acoustic pulse 
generated by the probe to measure tissue stiffness, which 
quantifies the elasticity as SWV or Young’s modulus (36). 
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The finding in this study that a larger SWV mean and SWV 
ratio are associated with CLNM is similar to that reported 
in previous literature (P=0.005; P=0.004) (13,37). It may 
be that the invasive tumor leads to interstitial collagen 
remodeling, making the nodule stiffer in the CLNM  
group (38).

In recent years, ML has been widely used in the field 
of medicine, especially in medical imaging. It takes 
full advantage of high-throughput imaging features by 
extracting crucial features from complex clinical contexts to 
assist in diagnosis and individualized treatment (39). As for 
the methods to predict the CLNM of thyroid cancer, the 
AUROC varied between 0.73 to 0.83 in previously reported 
ML algorithms that used clinical and conventional US 
features (17,18,40). However, multimodal US information 
has not been collected in this context. DT is one of the 
earliest and most commonly used supervised learning 
classification methods that can directly reflect the data 
characteristics and militate in favor of clinical interventions. 
It is a tree-structured classification scheme based on the “if…
then” principle (41). The nodes represent the independent 
variables, while the leaves determine the final classification, 
which represented the CLNM or non-CLNM in our 
research. 

The best  DT model  based on mult imodal  US 
characteristics that included the ACLN, taller-than-
wide, capsule contact, and CEUS centripetal perfusion 
as independent variables suggested that these above 
characteristics of well-differentiated PTC contribute to 
CLNM. These key factors are grouped into 2 classification 
options to make diagnosis easier. In addition, CEUS is 
usually performed for suspicious patients; in our study, it 
was not only used for CLNM prediction but also for PTC 
diagnosis. CEUS characteristics may be the clue to further 
improving the accuracy of CLNM prediction in large-
scale ML models. The sensitivity and specificity of the 
multimodal US DT model proposed in our research were 
more than 70%, and the AUROC was 0.837, indicating that 
its diagnostic performance was significantly better than that 
of the conventional US DT and some other risk-scoring 
models published previously (16,25,27). Unlike other ML 
models, such as support vector machines and RF, the results 
of DT can be interpreted very quickly (42). Thus, the 
multimodal US DT model does not increase the time cost 
and improves the accuracy of CLNM diagnosis. Making 
clinical decisions through our proposed model can relieve 
doctors of a heavy burden and reduce the time of diagnosis. 

We also developed a model based on the RF algorithm. 
RF is a representative ML algorithm that uses bootstrap 
aggregation, which integrates all of the basic DT voting 
results (43). It has the advantages of efficient management 
of large databases and high prediction accuracy (44,45). 
However,  we did not f ind that the RF algorithm 
performance was better than that of DT when applied in 
our study (Table S1, Figure S1). We speculated that the 
simple data structure (only 12 multimodal features showed 
a significant difference between the groups) cannot take full 
advantage of the RF algorithm. The multimodal US DT 
proposed in this study has good sensitivity and specificity 
in predicting CLNM, which indicates that the model has 
good predictive ability not only for identifying CLNM but 
also for identifying non-CLNM. Thus, our study may help 
reduce the incidence of pCND.

Limitations

One of the limitations of this study is that patients with 
multifocal PTCs (n=54) were not excluded, as there was no 
significant correlation between multifocality and CLNM 
(P=0.828). Moreover, since the incidence of LLNM was 
only 13.5% (20/148), we did not analyze the relevance of 
US characteristics and LLNM. As with any retrospective 
study, selection bias can affect the data. Additionally, we 
did not use multimodal US to evaluate the CLNM directly. 
Further research should be performed to understand 
the value of multimodal US in detecting central lymph 
node abnormalities. Finally, this single-center study was a 
preliminary exploration of DT to predict CLNM. Only the 
10-fold crossover method was used for internal verification, 
and without sufficient external testing, the generalizability 
of the model is restricted. In the future, research with a 
larger sample size conducted in multiple centers using 
various equipment types is required for model establishment 
and real-world verification. With the rapid growth of big 
data, establishing artificial intelligence models based on 
multimodal clinical and radiomic signatures will be critical 
to improving the prediction precision and clinical relevancy 
of CLNM (20,46).

Conclusions

The preoperative multimodal US parameter DT prediction 
model established in this study has reliable predictive 
ability and good specificity for predicting CLNM in well-
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differentiated PTCs. As a result, this model may help 
clinicians identify those patients with a high risk of CLNM 
to avoid unnecessary pCND.
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Supplementary

Table S1 Predictive value analysis of different models for central compartment lymph node metastasis

Methods Sen, % Spe, % PPV, % NPV, % Acc, % AUROC (95% CI) P

Conventional US DT 73.3 74.0 74.3 73.0 73.6 0.773 (0.696–0.849) 0.569*

Multimodal US DT 80.0 76.7 77.9 78.9 78.4 0.837 (0.771–0.902) 0.009#

Multimodal US RF 64.0 74.0 71.6 66.7 68.9 0.753 (0.675–0.832) 0.017^

*, multimodal US RF vs. conventional US DT; #, conventional US DT vs. multimodal US DT; ^, multimodal US RF vs. multimodal US DT. US, 
ultrasound; DT, decision tree; RF, random forest; Sen, sensitivity; Spe, specificity; PPV, positive predictive value; NPV, negative predictive 
value; Acc, accuracy; AUROC, area under the receiver operating characteristic curve; CI, confidence interval.

Figure S1 Evaluation of the RF predictive models. (A) The left picture shows the receiver operating characteristic curve analysis for 
predicting central compartment lymph node metastasis based on the RF and DT algorithm. The area under the ROC curve for the 
multimodal US RF was the smallest among the 3 models. (B) The right picture shows the precision-recall curves of the 3 models. US, 
ultrasound; DT, decision tree; RF, random forest; ROC, receiver operating characteristic. 
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