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A B S T R A C T 

Introduction: This study aimed to develop and 
validate a clinical prediction model to assist 
radiologists in optimising the diagnostic classification 
of the Chinese Thyroid Imaging Reporting and Data 
System (C-TIRADS).
Methods: A total of 1659 patients from two hospitals 
were included in this study. The derivation cohort 
comprised 909 patients for model development 
and internal validation, while 750 patients 
formed the external validation cohort. A binary 
logistic regression model was constructed. Model 
performance in the derivation set was evaluated 
using receiver operating characteristic (ROC) curves 
and visualised with a nomogram. In the external 
validation set, ROC and calibration curves were 
used to assess discrimination and calibration.
Results: The original C-TIRADS category, abnormal 
cervical lymph node sonographic findings, 
and changes in thyroid nodule size emerged as 
significant predictors of C-TIRADS optimisation. 
The optimised nomogram demonstrated an 
area under the ROC curve (AUC) of 0.730 (95% 
confidence interval=0.697-0.762), with a sensitivity 
of 63.2%, specificity of 74.9%, and overall accuracy of 
67.7% for predicting optimisation. Using probability 
thresholds of ≥60% to recommend an upgrade and 
<30% to recommend a downgrade, the calibration 
curve showed good agreement, and decision curve 
analysis demonstrated a favourable net clinical 
benefit. External validation confirmed excellent 
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Introduction
Thyroid nodules are a common clinical finding, 
with a prevalence of approximately 4% to 7% in the 
general population, and are most often detected 
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by ultrasonography.1,2 Although most thyroid 
nodules are benign, distinguishing malignant 
from benign nodules remains a clinical priority to 
avoid unnecessary procedures and ensure timely 
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discrimination (AUC=0.865; 95% confidence 
interval=0.839-0.891).
Conclusion: An optimised C-TIRADS model that 
integrates imaging features of thyroid nodules with 
clinical risk factors may aid radiologists in improving 
the diagnostic efficiency and clinical utility of the 
TIRADS classification.

This article was 
published on 30 Jan 
2026 at www.hkmj.org.

New knowledge added by this study
•	 This is the first study to integrate clinical risk factors with imaging features to optimise the Chinese Thyroid 

Imaging Reporting and Data System (C-TIRADS) classification.
•	 This work established a risk threshold–based decision-making framework to guide C-TIRADS classification 

adjustments.
•	 External validation demonstrated the model’s generalisability across diverse clinical settings.
Implications for clinical practice or policy
•	 Our model improved diagnostic precision through the integration of imaging and clinical risk factors.
•	 This research has the potential to optimise resource allocation and reduce interobserver diagnostic variability.
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甲狀腺結節惡性風險的列線圖預測模型的開發與
優化策略

賀鵬、梁羽、鄒媛、鄒舟、任波、彭珊、袁紅梅、陳琴

引言：本研究旨在開發及驗證一個臨床預測模型，以協助放射科醫生

優化「中國甲狀腺影像報告與資料系統」（C-TIRADS）的診斷分類
準則。

方法：本研究納入來自兩所醫院共1659名患有甲狀腺結節患者，當中
909名屬於模型開發及內部驗證組（推導組），其餘750名則用作外
部驗證組。研究團隊構建了一個二元邏輯迴歸模型，並透過接收者操

作特徵（ROC）曲線評估模型的診斷效能，並以列線圖方式視覺化結
果。外部驗證則使用ROC及校準曲線來評估模型的鑑別力與準確性。

結果：原始的C-TIRADS分級、頸部淋巴結超聲波異常表現，以及甲
狀腺結節大小的變化均為影響C-TIRADS分類優化的重要預測因素。
優化後的列線圖模型在ROC曲線下面積（AUC）為0.730（95%置信
區間=0.697-0.762），靈敏度為63.2%，特異度為74.9%，整體準確
率為67.7%。當預測機率達到或高於60%時，建議提升原始分級；低
於30%時則建議調低分級。使用這些門檻值所得的校準曲線顯示模型
預測與實際結果吻合良好，而決策曲線分析亦顯示具良好臨床效益。

外部驗證結果進一步確認該模型具備優秀的鑑別能力（AUC=0.865； 
95%置信區間=0.839-0.891）。

結論：優化版C-TIRADS模型結合了甲狀腺結節的影像特徵及臨床風
險因素，有助放射科醫生提升診斷準確率及臨床應用效益。

intervention.3 To standardise risk stratification, 
various Thyroid Imaging Reporting and Data Systems 
(TIRADS) have been developed,4,5 including the  
ACR-TIRADS (American College of Radiology),6 the 
K-TIRADS (Korean Society of Thyroid Radiology),7 
and the European Thyroid Association.8 Recognising 
the need for a system tailored to the Chinese 
healthcare context, the Chinese Artificial Intelligence 
Alliance for Thyroid and Breast Ultrasound proposed 
the Chinese TIRADS (C-TIRADS) in 2021.2 
However, existing TIRADS models primarily focus 
on sonographic characteristics and often overlook 
relevant clinical risk factors (eg, patient age, sex, 
and cervical lymph node [LN] involvement).9 In 
clinical practice, radiologists frequently incorporate 
such clinical information into their assessments, 
contributing to inconsistency and variability in 
TIRADS classification.
	 Papillary thyroid carcinoma accounts for 
approximately 80% to 90% of all thyroid cancers and 
is typically characterised by indolent behaviour.10,11 A 
substantial proportion of new cases involve papillary 
thyroid microcarcinoma, defined as tumours 
measuring less than 10 mm in diameter, which 
generally carry a favourable clinical prognosis.12 
Increasing recognition of the indolent nature 
of papillary thyroid microcarcinoma has raised 
concerns regarding potential overdiagnosis and 
overtreatment. However, current risk stratification 
strategies that rely solely on imaging features may 
either overestimate or underestimate malignancy 
risk, depending on the patient’s broader clinical 
context. Approaches that incorporate clinical risk 
factors into TIRADS classification could address 
these limitations and enhance diagnostic accuracy, 
supporting more individualised patient management.
	 This study aimed to develop and externally 
validate a predictive model that integrates both 
imaging characteristics and clinical risk factors to 
refine the C-TIRADS classification system. To our 
knowledge, this is the first nomogram-based model 
to incorporate clinical risk factors into the C-TIRADS 
framework. The tool is designed to assist radiologists 
in improving diagnostic consistency and supporting 
more informed and individualised clinical decision 
making in the management of thyroid nodules.

Methods
Study design and population
This retrospective diagnostic study included patients 
with thyroid nodules who underwent surgical 
resection at two tertiary hospitals in China. The 
derivation cohort comprised patients treated at 
Sichuan Provincial People’s Hospital from January to 
December 2022, while the external validation cohort 
was drawn from Affiliated Hospital of North Sichuan 
Medical College during the same period. Inclusion 

criteria were: (1) thyroid nodules confirmed by 
postoperative pathology and (2) preoperative 
ultrasonography of the thyroid and cervical LNs with 
complete imaging and clinical records. Exclusion 
criteria were: (1) unclear pathological diagnosis; 
(2) incomplete clinical data; or (3) poor-quality 
ultrasound images.

Imaging evaluation and classification
Two junior radiologists, blinded to clinical and 
pathological information, independently classified 
all nodules according to the C-TIRADS criteria. 
Subsequently, two senior radiologists re-evaluated 
the cases and adjusted the classifications based on 
additional clinical risk factors, including patient 
demographics and cervical LN findings. Any 
modification from the initial C-TIRADS classification 
was defined as ‘classification optimisation’ (*C-
TIRADS), encompassing both upgrades and 
downgrades.

Data collection
Structured data collection forms were used to record 
clinical and sonographic variables. The collected data 
included patient sex, age, nodule size, number of 
nodules, C-TIRADS classification, and the presence 
of abnormal cervical LNs on ultrasonography.
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Predictor variables
Sonographic features that directly determine the 
C-TIRADS score (such as solidity, echogenicity, 
aspect ratio, microcalcification, and margin 
irregularity) were not included independently in the 
multivariable analysis to avoid collinearity. Based on 
clinical relevance and univariate regression analysis, 
six predictors were selected for model development, 
namely, patient sex, age-group (≤40, 40-60, and >60 
years),13,14 nodule size, number of nodules (single vs 
multiple), presence of abnormal cervical LNs, and 
original C-TIRADS classification.

Model development and internal validation
A binary logistic regression model was developed 
using the derivation cohort from Sichuan Provincial 
People’s Hospital (n=909). For categorical variables 
with more than two levels, dummy variables were 
created. The C-TIRADS category 5 was used as the 
reference group as it represents the highest level 
of suspicion and the most definitive management 
pathway (surgical resection), making it an appropriate 
clinical baseline to estimate relative malignancy risk 
and the need for reclassification. Model performance 
in the derivation cohort was evaluated using the 
area under the receiver operating characteristic 
(ROC) curve (AUC), and calibration was assessed by 
comparing predicted probability (PP) with observed 
outcomes using calibration plots.
	 We emphasise that the primary outcome 
variable for model training was the pathological 
diagnosis (binary: malignant vs benign). The C-
TIRADS optimisation, defined as upgrading or 
downgrading the original category based on PP 
thresholds, was a post-model clinical decision rule 
applied to the model output, not the outcome used 
for model development.
	 Internal validation was performed using 
bootstrap resampling with 1000 samples to obtain 
bias-corrected estimates of model performance and 
95% confidence intervals (95% CIs). A fixed random 
seed was set to ensure reproducibility. The bias-
corrected C-statistic was 0.728, compared with the 
original apparent performance of 0.730 (a difference 
of 0.002), confirming the model’s stable discriminative 
ability (online supplementary Table 1).

External validation
The final model was applied to the external cohort 
from Affiliated Hospital of North Sichuan Medical 
College (n=750) to evaluate its generalisability. 
Model discrimination was evaluated by calculating 
the AUC in the validation set, and calibration was 
assessed using calibration curves.

Nomogram construction
A nomogram was developed based on the final 

multivariable regression model to provide a visual 
tool for clinical application. Each predictor was 
assigned a score, and the total score corresponded 
to the PP of C-TIRADS classification optimisation.

Decision curve analysis and risk thresholds
Decision curve analysis and clinical impact curves 
were used to evaluate the clinical utility of the 
nomogram by quantifying the net benefit across 
a range of threshold probabilities. Specifically, 
the nomogram generates a PP indicating whether 
a nodule’s original C-TIRADS classification 
should be modified after integrating clinical 
information. For clinical decision making, we pre-
specified probability cut-offs: PP ≥60% (upgrade), 
PP <30% (downgrade), and PP ≥30% but <60% 
(unchanged). Based on these thresholds, the model’s 
recommendations were translated into optimised  
C-TIRADS categories, which were then compared 
with radiologists’ optimisation decisions and surgical 
pathology findings, as appropriate. These thresholds 
are reported in the Results section and were applied 
consistently across all performance tables.

Model performance evaluation
To ensure consistent ROC analysis, all AUCs were 
calculated using continuous PPs rather than ordinal 
risk categories. For the original C-TIRADS system, 
the five-level ordinal classification was transformed 
into a continuous malignancy probability score using 
proportional-odds (ordinal logistic) regression. This 
standard statistical method was employed to model 
the ordered nature of the C-TIRADS categories and 
to derive a continuous probability of malignancy 
for each category, enabling fair comparison in ROC 
analysis against other models. For the optimised  
*C-TIRADS system, PPs were directly obtained  
from the final multivariable logistic regression  
model. The ROC curves and corresponding 
AUCs were constructed using these continuous  
predictions.

Statistical analysis
Statistical analyses and data visualisation were 
performed using SPSS (Windows version 26.0; IBM 
Corp, Armonk [NY], United States) and RStudio 
(version 2022). Categorical variables were reported 
as number of cases or percentages, with group 
comparisons conducted using Chi squared test or 
Fisher’s exact test, as appropriate. Multivariable 
logistic regression analysis was conducted to identify 
independent predictors. Model discrimination 
was evaluated using ROC curves, while calibration 
curves were used to assess model accuracy. Clinical 
decision and impact curves were established to 
assess practical clinical utility. A two-tailed P value 
of <0.05 was considered statistically significant.
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Results
Baseline characteristics
All models were trained to predict pathological 
malignancy. The optimised *C-TIRADS 
classifications presented here were derived by 
applying predefined probability thresholds to the 
model’s malignancy predictions.
	 A total of 1659 patients with thyroid nodules 
were included in the study, comprising 909 patients 
in the derivation cohort and 750 in the external 
validation cohort. In the derivation cohort, 71.8% 
of patients were women, and the majority (90.8%) 
had nodules measuring ≤30 mm. Approximately 
81.7% of patients showed no abnormal cervical 
LNs on ultrasonography. The rate of C-TIRADS 
optimisation was 60.6%. In the external validation 
cohort, similar distributions were observed, with a 
higher proportion of nodules >30 mm (Table 1).

Univariate analysis
Univariate binary regression analysis revealed that 
several variables were either significantly associated 
(P<0.05) or showed a trend towards association 
(0.05 < P < 0.1) with C-TIRADS optimisation. These 
variables included patient sex, age, nodule size 
(10-30 mm), number of nodules, solid composition, 
blurred margins, aspect ratio >1, abnormal cervical 
LNs, and C-TIRADS category (Table 2 and online 
supplementary Table 2).

Multivariable model development
A multivariable binary logistic regression model 
was developed to identify independent predictors 
associated with C-TIRADS optimisation. Six 
predictors were independently associated with 
the outcome. The key predictors of C-TIRADS 
optimisation were male sex, age 40 to 60 years, 
thyroid nodule size (per 1-mm increase), multiple 
thyroid nodules, presence of abnormal cervical 
LNs, and original C-TIRADS 4A category (online 
supplementary Table 3). A nomogram model 
was constructed based on these six independent 
predictors (Fig 1).

Model performance in the derivation cohort
The model demonstrated good discrimination, 
with an AUC of 0.730 (95% CI=0.697-0.762) in 
the derivation cohort (online supplementary 
Fig a). Internal validation using 1000 bootstrap 
samples yielded a bias-corrected C-statistic of 
0.728, indicating stable model performance (online 
supplementary Table 1). Calibration curves showed 
good agreement between PPs and observed 
outcomes (online supplementary Fig b).
	 Diagnostic thresholds were evaluated to 
stratify risk. A PP of ≥60% or <30% was considered 

TABLE 1.  Patient and nodule characteristics (n=1659)*

Derivation 
population 

(n=909)

External 
validation 
population 

(n=750)

Sex

Female 653 (71.8%) 519 (69.2%)

Male 256 (28.2%) 231 (30.8%)

Age, y

<40 419 (46.1%) 266 (35.5%)

40-60 402 (44.2%) 380 (50.7%)

>60 88 (9.7%) 104 (13.9%)

Nodule size, mm

<10 483 (53.1%) 253 (33.7%)

10-30 343 (37.7%) 296 (39.5%)

>30 83 (9.1%) 201 (26.8%)

No. of nodules

Single 654 (71.9%) 413 (55.1%)

Multiple 255 (28.1%) 337 (44.9%)

Composition

Mixed 57 (6.3%) 196 (26.1%)

Solid 843 (92.7%) 536 (71.5%)

Cystic 9 (1.0%) 18 (2.4%)

Echogenicity

Isoechoic or hyperechoic 71 (7.8%) 123 (16.4%)

Hypoechoic 566 (62.3%) 411 (54.8%)

Very hypoechoic 272 (29.9%) 216 (28.8%)

Calcification

None 402 (44.2%) 350 (46.7%)

Micro 458 (50.4%) 358 (47.7%)

Coarse 49 (5.4%) 42 (5.6%)

Blurred margin

No 291 (32.0%) 424 (56.5%)

Yes 618 (68.0%) 326 (43.5%)

Aspect ratio >1

No 613 (67.4%) 140 (18.7%)

Yes 296 (32.6%) 610 (81.3%)

Abnormal cervical LN

No 743 (81.7%) 605 (80.7%)

Yes 166 (18.3%) 145 (19.3%)

C-TIRADS category

3 62 (6.8%) 181 (24.1%)

4A 107 (11.8%) 124 (16.5%)

4B 162 (17.8%) 104 (13.9%)

4C 518 (57.0%) 296 (39.5%)

5 60 (6.6%) 45 (6.0%)

Outcome measures

Classification optimisation 551 (60.6%) 492 (65.6%)

Upgrade 333 (36.6%) 327 (43.6%)

Downgrade 218 (24.0%) 165 (22.0%)

Classification unchanged 358 (39.4%) 258 (34.4%)

Abbreviations: C-TIRADS = Chinese Thyroid Imaging Reporting 
and Data System; LN = lymph node
*	 Data are shown as No. (%)
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indicative of a high likelihood of classification 
change: a PP of ≥60% suggested upgrading, while a 
PP of <30% suggested downgrading; PPs between 
30% and 60% indicated that the classification was 
likely to remain unchanged. A detailed summary 
of sensitivity, specificity, and overall accuracy 
across these thresholds is presented in online 
supplementary Table 4.

External validation
When applied to the external cohort, the model 
achieved an AUC of 0.865 (95% CI=0.839-0.891) 
[online supplementary Fig c], demonstrating 
excellent generalisability. Calibration plots again 
confirmed close agreement between predicted and 
observed probabilities (online supplementary Fig 
d). At the 60% probability threshold, sensitivity was 
85.0%, specificity was 69.0%, and overall accuracy 
was 79.7% in the external validation cohort. 
Diagnostic performance metrics across various 
risk thresholds of the final prediction model were 
analysed in the external validation population 
(online supplementary Table 5).

Clinical utility
Decision curve analysis (Fig 2a) demonstrated that 
the nomogram model provided greater net clinical 
benefit across a wide range of threshold probabilities 
compared with treating all or no patients. The 
clinical impact curve (Fig 2b) showed that the 
number of true positives closely approximated the 
predicted number across relevant thresholds. The 
observed distribution of histopathological outcomes 
was as follows: in the derivation cohort, 769 nodules 
(84.6%) were confirmed malignant and 140 (15.4%) 
were benign; in the validation cohort, 434 nodules 
(57.9%) were malignant and 316 (42.1%) were benign.
	 Comparison of diagnostic efficacy between 
the original C-TIRADS and optimised C-TIRADS 
classifications demonstrated superior performance 
of the optimised model in both the derivation and 
validation cohorts (Fig 2c and d, respectively). 
The optimised classification achieved higher AUC 
values for differentiating benign from malignant 
nodules (AUC=0.97 vs 0.94 in the derivation cohort; 
AUC=0.97 vs 0.95 in the external validation cohort). 
The predictive model tended to improve C-TIRADS 
classification by upgrading category 4A nodules 
to category 4B or 4C, reflecting enhanced clinical 
utility (Table 3 and Fig 2).

Application example of the nomogram model
A 55-year-old man underwent ultrasound 
examination, which revealed a solid hypoechoic 
thyroid nodule in the right lobe measuring 
approximately 7.1 × 6.4 mm2 (Fig 3a). Simultaneously, 
abnormal LNs were detected on the ipsilateral side of 

TABLE 2.  Predictor distribution and univariate logistic regression odds ratios for 
malignancy (n=909)

Optimisation 
(n=551)

Unchanged 
(n=358)

Odds ratio (95% 
CI)

P value

Sex N/A

Female 384 (69.7%) 269 (75.1%) 1.00 (Ref)

Male 167 (30.3%) 89 (24.9%) 1.31 (0.97-1.77) 0.08

Age, y

<40 257 (46.6%) 162 (45.3%) 1.51 (0.95-2.40) 0.07

40-60 249 (45.2%) 153 (42.7%) 1.55 (0.97-2.47) 0.06

>60 45 (8.2%) 43 (12.0%) 1.00 (Ref) N/A

Nodule size, mm

<10 297 (53.9%) 186 (51.9%) 1.42 (0.89-2.27) 0.14

10-30 221 (40.1%) 122 (34.1%) 1.58 (0.97-2.56) 0.06

>30 33 (6.0%) 50 (14.0%) 1.00 (Ref) N/A

No. of nodules

Multiple 161 (29.2%) 94 (26.3%) 1.30 (0.96-1.76) 0.08

Single 390 (70.8%) 264 (73.7%) 1.00 (Ref) N/A

Composition

Solid 542 (98.4%) 301 (84.1%) 10.12 (1.12-91.34) 0.04

Cystic 1 (0.2%) 8 (2.2%) 1.30 (0.14-11.89) 0.81

Mixed 8 (1.5%) 49 (13.7%) 1.00 (Ref) N/A

Echogenicity  

Isoechoic or 
hyperechoic

42 (7.6%) 29 (8.1%) 1.00 (Ref) N/A

Hypoechoic 351 (63.7%) 215 (60.1%) 1.12 (0.86-1.86) 0.64

Very hypoechoic 158 (28.7%) 114 (31.8%) 0.95 (0.56-1.62) 0.87

Calcification type

None 238 (43.2%) 164 (45.8%) 1.00 (Ref) N/A 

Micro 280 (50.8%) 178 (49.7%) 0.70 (0.37-1.32) 0.27

Coarse 33 (6.0%) 16 (4.5%) 0.76 (0.40-1.42) 0.39

Blurred margin

Yes 389 (70.6%) 229 (64.0%) 0.73 (0.55-0.98) 0.04

No 162 (29.4%) 129 (36.0%) 1.00 (Ref) N/A

Aspect ratio >1

Yes 165 (29.9%) 131 (36.6%) 1.35 (1.01-1.79) 0.03

No 386 (70.1%) 227 (63.4%) 1.00 (Ref) N/A

Abnormal cervical LN

Yes 136 (24.7%) 30 (8.4%) 0.27 (0.18-0.42) <0.01

No 415 (75.3%) 328 (91.6%) 1.00 (Ref) N/A

C-TIRADS category

3 6 (1.1%) 56 (15.6%) 0.15 (0.05-0.40) <0.01

4A 80 (14.5%) 27 (7.5%) 4.14 (2.11-8.13) <0.01

4B 114 (20.7%) 48 (13.4%) 3.32 (1.79-6.14) <0.01

4C 326 (59.2%) 192 (53.6%) 2.37 (1.38-4.09) <0.01

5 25 (4.5%) 35 (9.8%) 1.00 (Ref) N/A

Abbreviations: C-TIRADS = Chinese Thyroid Imaging Reporting and Data System; LN = 
lymph node; N/A = not applicable; Ref = reference
*	 Data are shown as No. (%), unless otherwise specified
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the neck, characterised by indistinct corticomedullary 
differentiation and suspected microcalcifications 
(Fig 3b). According to the conventional C-TIRADS 
system, the nodule was initially classified as 
category 4B. However, application of the nomogram 
model yielded a cumulative score of 155 points, 
corresponding to a malignancy risk of >90%. Based 
on this result, the TIRADS category was optimised 
and upgraded to category 5 (Fig 3c). Subsequent 

histopathological examination confirmed the 
diagnosis of papillary thyroid microcarcinoma with 
cervical LN metastasis.

Discussion
This study retrospectively analysed the sonographic 
characteristics and clinical risk factors of 1659 thyroid 
nodules from two large tertiary hospitals in western 

Abbreviations: AUC = area under the receiver operating characteristic curve; C-TIRADS = Chinese Thyroid Imaging Reporting and 
Data System
*	 Data are shown as No. (%), unless otherwise specified

TABLE 3.  Clinical diagnostic performance of the final predictive model in thyroid nodules (n=1659)*

FIG 1.  Nomogram prediction model to aid radiologists in optimising the Chinese Thyroid Imaging Reporting and Data System 
classification
Abbreviation: C-TIRADS = Chinese Thyroid Imaging Reporting and Data System

Points

Sex

Age

No. of nodules

Nodule size

Ultrasound of cervical 
lymph nodes

C-TIRADS classification

Total points

Probability of C-TIRADS 
optimisation

Male

Female

<40 years

>60 years	 40-60 years

Multiple

Single

Abnormal

Normal

0	 10	 20	 30	 40	 50	 60	 70	 80	 90	 100

0	 10	 20	 30	 40	 50	 60

Category 5 Category 4B

Category 4C Category 4ACategory 3

0	 20	 40	 60	 80	 100	 120	 140	 160	 180

0.05	 0.1	 0.2	 0.3	 0.4	 0.5	 0.6	 0.7	 0.8	 0.9	 0.95

C-TIRADS 
category

Derivation population (n=909) External validation population (n=750)

Original C-TIRADS Optimised C-TIRADS Original C-TIRADS Optimised C-TIRADS

Benign Malignant Benign Malignant Benign Malignant Benign Malignant

3 58 (6.4%) 4 (0.4%) 100 (11.0%) 5 (0.6%) 178 (23.7%) 3 (0.4%) 193 (25.7%) 4 (0.5%)

4A 55 (6.1%) 52 (5.7%) 29 (3.2%) 45 (5.0%) 97 (12.9%) 27 (3.6%) 94 (12.5%) 9 (1.2%)

4B 22 (2.4%) 140 (15.4%) 9 (1.0%) 178 (19.6%) 30 (4.0%) 74 (9.9%) 21 (2.8%) 91 (12.1%)

4C 5 (0.6%) 513 (56.4%) 2 (0.2%) 274 (30.1%) 11 (1.5%) 285 (38.0%) 6 (0.8%) 92 (12.3%)

5 0 60 (6.6%) 0 267 (29.4%) 0 45 (6.0%) 2 (0.3%) 238 (31.7%)

AUC 0.93; P<0.01 0.97; P<0.01 0.95; P<0.01 0.97; P<0.01
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China, with the aim of optimising the C-TIRADS 
classification. A predictive model integrating clinical 
parameters and imaging features was developed and 
externally validated, demonstrating high diagnostic 
performance (AUC=0.865 in external validation) 
and clinical benefit, as evidenced by decision curve 
analysis.
	 Despite the widespread adoption of various 
TIRADS frameworks globally,2,4-8 fundamental 
methodological limitations persist. Current 
models, such as ACR-TIRADS,6 primarily focus 

on ultrasound features and rely heavily on 
consensus-driven rather than statistically validated 
risk stratification systems.6,15 Although TIRADS 
demonstrates robust sensitivity in clinical settings, its 
specificity remains relatively limited.16 Interobserver 
variability is another key concern—radiologists’ 
subjective interpretation of ultrasound features 
can result in inconsistent classification outcomes.17 
To address these limitations, various strategies 
have been proposed, including the integration 
of artificial intelligence techniques to reduce 

FIG 2.  Comparison of the diagnostic efficacy of the Chinese Thyroid Imaging Reporting and Data System (C-TIRADS) and optimised C-TIRADS 
(*C-TIRADS) in the diagnosis of benign and malignant thyroid nodules. (a) Clinical decision curve of the predictive model for radiologist-optimised 
*C-TIRADS classification in the derivation cohort. (b) Comparison of the diagnostic efficacy of C-TIRADS and *C-TIRADS for the diagnosis of 
benign and malignant thyroid nodules in the derivation cohort. (c) Clinical impact curves of the predictive model for radiologist-optimised C-TIRADS 
classification in the derivation cohort, showing the number of patients classified as high risk (solid curve) and the number of true positives among 
them (dashed curve) across probability thresholds. (d) Comparison of the diagnostic efficacy of C-TIRADS and *C-TIRADS for the diagnosis of benign 
and malignant thyroid nodules in the validation cohort
Abbreviation: AUC = area under the receiver operating characteristic curve 
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FIG 3.  Representative case demonstrating the diagnostic utility of the nomogram-assisted model. (a) A 55-year-old man 
presenting with a solid hypoechoic nodule in the right lobe of the thyroid gland (arrow). (b) Ultrasound revealing abnormal 
cervical lymph node architecture, characterised by poorly defined corticomedullary borders and suspected microcalcifications 
(arrow). (c) Application of the predictive model to the thyroid nodule described above. By summing the scores assigned to six 
individual indicators, the final total score is approximately 155 points, corresponding to a malignancy risk of >90%. According to 
the optimised classification system, the lesion should be upgraded from category 4B to category 5
Abbreviation: C-TIRADS = Chinese Thyroid Imaging Reporting and Data System

Points

Sex

Age

No. of nodules

Nodule size

Ultrasound of cervical 
lymph nodes

C-TIRADS classification

Total points

Probability of C-TIRADS 
optimisation

Male

Female

<40 years

>60 years	 40-60 years

Multiple

Single

Abnormal

Normal

0	 10	 20	 30	 40	 50	 60	 70	 80	 90	 100

0	 10	 20	 30	 40	 50	 60

Category 5 Category 4B

Category 4C Category 4ACategory 3

0	 20	 40	 60	 80	 100	 120	 140	 160	 180

0.05	 0.1	 0.2	 0.3	 0.4	 0.5	 0.6	 0.7	 0.8	 0.9	 0.95

(a)

(c)

(b)

observer subjectivity.18-20 Artificial intelligence has 
shown promise in matching or even surpassing the 
specificity achieved by radiologists; however, their 
clinical implementation remains constrained by 
challenges in interpretability and low acceptance in 
routine practice.
	 Integrating clinical risk factors may enhance 
risk stratification for thyroid nodules, as suggested 
by a growing body of evidence.21 In alignment 
with this, our study incorporated clinical variables 
including patient age, sex, number of nodules, and 
cervical LN status into the predictive model, thereby 
more accurately reflecting routine clinical diagnostic 

workflows. While previous studies22-24 suggested 
that male patients with thyroid nodules, particularly 
those with indeterminate fine-needle aspiration 
cytology undergoing molecular testing, exhibit a 
higher malignancy risk,25 our study did not identify 
a significant difference in thyroid cancer incidence 
between sexes. This discrepancy may be attributable 
to methodology differences, as molecular testing was 
not performed in our cohort and all diagnoses were 
confirmed through postoperative histopathology. 
The absence of statistical significance for male sex 
may reflect population-specific characteristics, 
such as regional variation in risk factor distribution 
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or age composition.26 These methodological and 
demographic differences may have attenuated the 
observed sex-related effect. Nonetheless, male 
patients in our study were assigned higher risk 
scores, suggesting an association with malignancy 
risk, despite the lack of statistical significance.
	 Compared with previous models that 
primarily focused on intrinsic ultrasound features 
of thyroid nodules,27-29 our nomogram offers a more 
comprehensive assessment. Although the individual 
contributions of factors such as sex and age were 
relatively modest, they reflected subtle clinical 
patterns often considered by radiologists during 
decision making. The C-TIRADS optimisation 
approach demonstrated clear advantages, 
particularly in reducing unnecessary invasive 
procedures without compromising diagnostic 
accuracy, achieving an AUC of 0.972. Furthermore, 
the new model indicated that a risk threshold of 
≥60% favoured the recommendation for C-TIRADS 
optimisation, whereas a threshold of <30% favoured 
exclusion. The integration of complex imaging 
data with clinical information represents a core 
competency for radiologists.30 With appropriate 
standardised training and communication 
frameworks in place, radiologists are well positioned 
to leverage quantitative metrics generated by the 
new model into routine diagnostic workflows. This 
advancement holds promise for improving diagnostic 
consistency and accuracy in clinical practice.

Limitations
This study has several limitations that should 
be acknowledged. First, the optimisation of 
the TIRADS classification was influenced by 
radiologists’ subjective judgement, which may have 
contributed to interobserver variability. Second, 
although data collection was conducted by trained 
junior radiologists, observer variation and the 
subjective nature of ultrasound interpretation may 
have affected the model’s performance.31 Third, 
internal validation using bootstrap resampling may 
have overestimated model performance due to 
potential overfitting; therefore, external validation 
was essential to confirm generalisability. Fourth, 
owing to the retrospective design, only a limited 
set of clinical parameters (eg, sex, age, and cervical 
LN status) was included. Other relevant factors 
such as body mass index, environmental exposures, 
nodule location, family history of thyroid cancer, and 
radiation exposure history,32,33 were not assessed. 
Finally, the study cohort exclusively comprised 
cases confirmed by surgical pathology, resulting 
in a relatively low proportion of benign lesions, 
which may have introduced selection bias. The 
exclusion of patients diagnosed solely by fine-needle 
aspiration was intentional but may have affected the 
generalisability of the findings.

Future directions
To address the limitations of the present study, future 
research should aim to standardise the application 
of TIRADS by adopting unified classification 
frameworks and implementing regular training 
programmes to enhance interobserver consistency. 
Prospective multicentre studies involving broader 
and more diverse populations are warranted, 
incorporating a wider range of clinical risk factors 
to improve predictive accuracy. In particular, 
data regarding family history, radiation exposure, 
and other relevant variables across centres would 
support more comprehensive risk assessment 
and enhance the generalisability of prediction 
models. In addition, including patients with fine-
needle aspiration–confirmed benign nodules may 
help achieve a more balanced representation of 
benign and malignant cases. The development and 
application of nomogram-based structured training 
programmes for radiologists could also be explored 
to further improve diagnostic consistency and 
clinical utility. While the widespread adoption of a 
revised classification system will require time, we 
hope that the findings of this study may contribute 
to that transition.

Conclusion
We developed and externally validated a nomogram-
based predictive model that integrates imaging 
features and clinical risk factors to optimise  
C-TIRADS classification for thyroid nodules. The 
model demonstrated good discrimination and 
calibration across internal and external cohorts, 
offering a practical tool to assist radiologists in 
refining diagnostic assessments and improving 
clinical decision making. Future research 
incorporating additional clinical variables and 
prospective validation is warranted to further 
strengthen the model’s applicability across diverse 
clinical settings.
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