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ABSTRACT
Objectives  To develop and validate a machine learning 
(ML) model to differentiate malignant from benign thyroid 
nodules (TNs) based on the routine data and provide 
diagnostic assistance for medical professionals.
Setting  A qualified panel of 1649 patients with TNs 
from one hospital were stratified by gender, age, free 
triiodothyronine (FT3), free thyroxine (FT4) and thyroid 
peroxidase antibody (TPOAB).
Participants  Thyroid function (TF) data of 1649 patients 
with TNs were collected in a single centre from January 
2018 to June 2022, with a total of 273 males and 1376 
females, respectively.
Measures  Seven popular ML models (Random Forest, 
Decision Tree, Logistic Regression (LR), K-Neighbours, 
Gaussian Naive Bayes, Multilayer Perception and Gradient 
Boosting) were developed to predict malignant and benign 
TNs, whose performance indicators included area under 
the curve (AUC), accuracy, recall, precision and F1 score.
Results  A total of 1649 patients were enrolled in this 
study, with the median age of 45.15±13.41 years, and 
the male to female ratio was 1:5.055. In the multivariate 
LR analysis, statistically significant differences existed 
between the TNs group and thyroid cancer group in 
gender, age, free triiodothyronine (FT3), free thyroxine 
(FT4) and TPOAB. Among the seven tested ML models, the 
best performance was achieved in the Gradient Boosting 
model in terms of precision, AUC, accuracy, recall and 
F1 score, with the AUC of 0.82, accuracy of 79.4% and 
precision of 0.814 after experimental verification. FT4, 
TPOAB and FT3 were validated as the top three features in 
the Gradient Boosting model.
Conclusions  This study innovatively developed a 
predictive model for benign and malignant TNs based on 
the Gradient Boosting Decision Tree algorithm. For the 
first time, it validated the clinical predictive value of TF 
parameters (FT4, FT3) and TPOAB as key biomarkers.

BACKGROUND
Thyroid nodules (TNs), as one of the 
commonly found disorders in endocrinology, 
are mainly triggered by local abnormal growth 
of thyroid cells1 and have become a clinical 
consensus for early and timely differentia-
tion of malignant TNs. Varying according to 

countries and regions, it is estimated that the 
prevalence of TNs in the general population 
is higher than 67%,2 3 with a palpation detec-
tion rate of 4%–7%4 and an ultrasound (US) 
detection rate of 19%–68%.1 Probably cancer-
ated from the severe TNs, thyroid cancer 
(TC) is predicted to become the fourth most 
common type of cancer worldwide.5 Overall, 
China, the USA and India have witnessed the 
highest incidence of TC in the world,5 6 which 
has posed tremendous medical and finan-
cial burden on society, with the cost of well-
identified TC care in the USA only having 
reached $3.5 billion.7 To date, differentiating 
malignant from benign nodules has played 
a crucial role in the management of thyroid 
diseases, and early identification of malignant 
TNs is still regarded as a clinical consensus.8 
Therefore, it is quite necessary for clinicians 
and researchers to devote sufficient energy 
to optimising the diagnostic and therapeutic 
process to screen malignant TNs.

Currently, US, fine needle aspiration 
biopsy (FNAB) examination, frozen section 
(FS), molecular detection, surgery9 or these 
in combination are often utilised to screen 
benign and malignant TNs. However, the 
limitations of the above-mentioned technol-
ogies can be clearly seen. For instance, US 
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diagnosis of thyroid diseases can be influenced by the 
clinical experience of physicians,10 while the clinical value 
and necessity of FNAB and FS are still of controversy as 
they are still sophisticated and time-consuming.11 12 In 
addition, molecular means are still not easily accessible 
so far in many countries like in China,13 which necessi-
tates the development of a diagnostic tool that can collect 
data from existing diagnostic tests to improve the predict-
ability of benign and malignant risk of TNs.14

As artificial intelligence (AI) has been widely utilised in 
analysing the healthcare data,15 machine learning (ML) 
models are adopted today to predict various diseases by 
learning the embedded relationships between features. 
Researchers worldwide have reported a variety of AI appli-
cations in the field of thyroid,16 but most of them focus on 
the prediction of TNs using US, radiology and genomics 
data.17–20 The ML algorithms, however, have not been 
adequately used to predict thyroid function (TF)-based 
malignant TNs through numerical data with the most 
common, readily available and cost-effective characteris-
tics in today’s clinical practice.

Some malignant TNs may not affect TF as TF indica-
tors are subject to the low sensitivity to malignant TNs. 
It may also be associated with the accuracy of prediction 
results that can be easily affected by a variety of factors 
such as disease and medication. However, an increasing 
number of studies have shown that TF is significantly 
correlated with TC.21 For some patients, the chance of 
success for preferred treatment protocols would be 
greatly impacted.22 Other studies suggest that patients 
would feel more satisfied when treatments are given with 
consideration of their preferences.23

This study aims to investigate the utility of numerical TF 
data obtained during initial consultations of patients with 
TNs to train an optimised ML model to predict the occur-
rence of malignant TNs. The proposed predictive tool is 
designed to assist clinical decision-making by providing 
patients with valuable prognostic information, potentially 
enhancing the successful treatment rates through timely 
medical intervention and facilitating informed shared 
decision-making regarding the optimal treatment strate-
gies in the current medical management system.24 Partici-
pants’ consents are unnecessary, since the data we utilised 
in this study were anonymous and all patients’ informa-
tion was deidentified at the point of collection.

METHODS
Participants
A total of 1649 cases with TNs were collected from 
January 2018 to June 2022 in the Endocrinology Depart-
ment of Hubei Provincial Hospital of Traditional Chinese 
Medicine. Among them, 1096 patients (150 males and 
946 females) were diagnosed with benign TNs, with the 
median age of 45.31±13.34 years; while the other 553 (123 
males and 430 females) were pathologically confirmed 
with TC, with the median age of 46.35±14.08 years.

Inclusion criteria
The included cases are those conforming to TNs and 
TC diagnostic criteria designated in the 2015 Amer-
ican Thyroid Association Management Guidelines for 
Adult Patients with Thyroid Nodules and Differentiated 
Thyroid Cancer.9

Exclusion criteria
The excluded cases are the pregnant and lactating 
patients, and those with acute infections, or with immune 
system diseases, or with neurological diseases, and without 
follow-up information. This study strictly observed the 
Helsinki Declaration, and all patients’ information was 
kept confidential.

Clinical data collection
Clinical data of patients were collected by well-trained 
professional medical workers from the Information 
Department of Hubei Provincial Hospital of Traditional 
Chinese Medicine, including demographic information 
(gender and age), TF profiles (five biochemical parame-
ters), thyroid US findings, and surgical pathology reports.

Patient and public involvement statement
None.

Data processing
Data validity assessment
The original data were cross-checked by two workers, and 
researchers then randomly selected 5% of the processed 
data for comparison.

Data processing and cleansing
In the classification framework, patients with patholog-
ically confirmed TC were designated as positive cases, 
whereas those with TNs but without malignant tumours 
were classified as negative ones. Regarding the evaluation 
of model performance, when multiple area under the 
curve (AUC) values were generated from a single predic-
tive model, specifically, multiple test results derived from 
the same model within a specific study, priority was given 
to selecting the predictive occurrence data that demon-
strated optimal model performance.

Machine learning (ML) training
The seven types of ML algorithms employed for data 
modelling are Random Forest, Decision Tree, Logistic 
Regression (LR), K-Neighbours, Gaussian Naive Bayes 
(GNB), Multilayer Perception (MLP) and Gradient 
Boosting. Random Forest (RF) is an integrated learning 
method that performs classification or regression tasks 
by constructing multiple Decision Trees and aggregating 
their outputs to improve accuracy and reduce overfit-
ting. Decision Tree is an interpretable classification and 
regression method that partitions data into subsets based 
on feature values through a series of binary decisions, 
typically represented as ‘yes’ or ‘no’ questions, to assign 
data points to specific categories or predicted numer-
ical values. LR is a statistical method used for binary or 
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multiclass classification problems, estimating probabili-
ties by applying a logistic function to maximise the likeli-
hood of observed data. k-nearest neighbours (k-NN) is a 
non-parametric classification and regression method that 
predicts outcomes by measuring the similarity between 
instances based on distance metrics, such as Euclidean 
distance, and assigning labels based on the majority vote 
of its k-NN. GNB is a probabilistic classifier based on Bayes’ 
theorem with the assumption of feature independence, 
which simplifies computations while maintaining reason-
able performance for many applications. MLP is a type 
of feedforward artificial neural network consisting of an 
input layer, one or more hidden layers and an output layer, 
where information propagates through fully connected 
layers to learn complex patterns in the data. Gradient 
Boosting Trees is an ensemble learning algorithm that 
iteratively adds weak prediction models, typically Deci-
sion Trees, to minimise a loss function and enhance 
predictive performance. To evaluate the predictability of 
each model, the receiver operating characteristic (ROC) 
curve was plotted to reflect the model’s performance,25 
while accuracy, AUC, precision, recall and F1 score were 
used to determine the predictability in comparison with 
the performance of ML algorithms. Then, to eliminate 
the impact of data division on the model performance, 
five-fold Cross-Validation was used for the ML model in 
the experiment.26 Finally, for different ML models, the 
importance of each feature in the models was further 
explored.27

To optimise the performance of ML models, hyperpa-
rameters should be taken into consideration. In our study, 
the employed ML algorithms have their own specific 
hyperparameters, which are detailed as follows:

For the RF algorithm, 100 trees with the Gini criterion 
were used. The minimum number of samples required 
to split an internal node was set to 2, and the minimum 
number of samples required to be at a leaf node was set to 

1. For the Decision Tree, the Gini criterion was also used 
to select the best split strategy at each node. The minimum 
number of samples required to split an internal node was 
2. The LR model was configured with an L2 norm penalty 
and a tolerance for stopping criteria set to 1e-4. The K 
Neighbours algorithm was set with five neighbours, with 
equal weight of all points in each neighbourhood, and 
the Euclidean distance (L2) was used as the Minkowski 
Distance. For the GNB, the portion of the largest variance 
of all features added to variances for calculation stability 
was set to 1e-9. The MLP model used the ReLU activa-
tion function for the hidden layer, the Adam optimizer, 
an L2 regularisation strength of 0.0001 and a constant 
learning rate of 0.001. The Gradient Boosting algorithm 
utilised the binomial and multinomial deviance loss func-
tions, with a learning rate of 0.1 and 100 boosting stages. 
All these algorithms were implemented using the Scikit-
Learn library in Python.

Statistical analysis
The number of cases (%) was adopted for describing the 
count data, the χ2 test for comparison between groups, 
the t-test for measuring data accorded with a normal 
distribution and the ‘mean±SD’ (X±S) for expressing 
results. The median (M) and IQR were exploited for 
those not conforming to a normal distribution, and the 
Mann-Whitney U test for comparison between groups. 
The LR analysis was applied for variables with statistical 
differences in univariate analysis, so as to further screen 
variables. The influence of each prognostic factor was 
judged by calculating the OR of each variable. The two-
tailed test was utilised to examine all statistical tests, and 
p<0.05 was considered statistically significant.

Table 1  Baseline distribution of 1649 patients

Variables
Number of cases 
(1649)

Benign nodules 
(1096)

Malignant nodules
(553) t/z/x2 95% CI P value

Age 44.72±12.99 45.58±13.85 43.54±12.21 −2.628 −3.106 to −0.451 0.009

≤50 1067 (64.7%) 688 (64.5%) 379 (35.5%) 5.849 1.052 to 1.624 0.016

50 582 (35.3%) 408 (70.1%) 174 (29.9%)

Male 273 (16.6%) 150 (13.7%) 123 (22.2%) 19.478 0.426 to 0.722 0.000

Female 1376 (83.4%) 946 (86.3%) 430 (77.8%)

FT3 4.56 (0.80) 4.58 (0.67) 4.49 (1.64) −5.305 −0.29 to 0.12 0.000

FT4 15.29 (3.81) 15.47 (3.35) 14.8 (15.58) −5.782 −1.42 to 0.70 0.000

TSH 1.90 (1.98) 1.98 (2.11) 1.81 (1.78) −2.479 −0.326 to −0.034 0.013

TGAB 48.8 (166.8) 54.0 (201.00) 46.1 (79.48) −2.238 −15.40 to −1.50 0.025

TPOAB 46.05 (1243.3) 62.0 (1268.7) 37.0 (85.1) −8.197 −21.60 to −11.10 0.000

FT3, free triiodothyronine; FT4, free thyroxine; TGAB, thyroglobulin antibody; TPOAB, thyroid peroxidase antibody; TSH, third generation 
thyroid stimulating hormone.
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RESULTS
Demographic characteristics
A total of 1649 patients participated in the study, of which 
553 suffered from TC confirmed with postsurgery patho-
logical findings, and 1096 were randomly selected with 
benign TNs. Ranging from 9 to 89 years, the median age 
of patients was 45.15±13.41 years, with the male to female 
ratio of 1:5.055. Details are shown in table 1.

Univariate and multivariate LR analysis of benign and 
malignant TNs
In the univariate LR analysis, statistically significant differ-
ences existed between the two groups in age, gender, FT3, 
FT4, TGAB and thyroid peroxidase antibody (TPOAB) 
(p<0.05). In the multivariate LR analysis, there were statis-
tically significant differences between the two groups in 
age, gender, FT3, FT4 and TPOAB (p<0.05). Details are 
shown in table 2.

Development and validation of the predictive model
Seven distinct ML algorithms were constructed to 
develop predictive models, with precision scores ranging 
from 0.571 to 0.814. Comparative analysis revealed that 
the Gradient Boosting model outperformed other algo-
rithms across multiple evaluation metrics, including 
precision, AUC, accuracy, recall and F1 score, as detailed 
in table  3. Based on its superior performance, the 

Gradient Boosting algorithm was consequently selected 
as the optimal predictive model. The corresponding ROC 
curves, illustrating the performance characteristics of all 
developed models, are presented in figure 1.

Relative importance of features in the ML algorithms
Figure 2 illustrates the variable importance profiles across 
different ML algorithms for distinguishing between 
benign and malignant TNs. The analysis reveals consistent 
patterns in feature importance rankings. While minor 
variations in variable significance were observed among 
the algorithms, thyroid-related biomarkers including 
FT4, FT3 and TPOAB consistently demonstrated high 
predictive importance across all the models. Notably, 
in the optimal Gradient Boosting model, these three 
biomarkers maintained their prominence, with FT4, 
TPOAB and FT3 emerging as the top-ranked features, 
respectively.

DISCUSSIONS
In this study, seven ML algorithms were established for 
differentiating benign and malignant TNs using TF 
profiles from patients with TNs. Through the comprehen-
sive analysis, the Gradient Boosting algorithm was identi-
fied as the most robust predictive model, demonstrating 

Table 2  Univariate and multivariate LR analysis of the influence on benign and malignant TNs

Variables Control group

Univariate LR Multivariate LR

95% CI P value 95% CI P value

Age Thyroid nodule 0.982 to 0.997 0.009 0.975 to 0.992 0.000

Gender Female 1.390 to 2.355 0.000 1.478 to 2.665 0.000

FT3 Thyroid nodule 0.490 to 0.650 0.000 0.662 to 0.965 0.020

FT4 Thyroid nodule 0.863 to 0.903 0.000 0.871 to 0.926 0.000

TSH Thyroid nodule 0.975 to 1.012 0.488  �   �

TGAB Thyroid nodule 0.998 to 0.999 0.000 0.999 to 1.000 0.139

TPOAB Thyroid nodule 0.999 to 0.999 0.000 0.999 to 0.999 0.000

FT3, free triiodothyronine; FT4, free thyroxine; LRs, logistic regression; TGAB, thyroglobulin antibody; TNs, thyroid nodules; TPOAB, thyroid 
peroxidase antibody; TSH, thyroid stimulating hormone.

Table 3  Comparative validation of the predictive performance of seven ML algorithms

Model type Precision AUC Accuracy Recall F1

K-Neighbours 0.572 0.71 0.700 0.436 0.493

Gradient Boosting 0.814 0.82 0.794 0.499 0.616

Multilayer Perceptron 0.518 0.66 0.671 0.364 0.423

Gaussian Naive Bayes 0.369 0.62 0.434 0.962 0.533

Decision Tree 0.571 0.67 0.711 0.570 0.568

Random Forest 0.771 0.81 0.784 0.506 0.608

Logistic Regression 0.723 0.70 0.727 0.302 0.425

AUC, area under the curve; ML, machine learning.
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Figure 1  ROC curve of the ML models. (A) Decision Tree; (B) Gaussian Naive Bayes; (C) Gradient Boosting; (D) K-Neighbours; 
(E) Logistic Regression; (F) MLP; (G) Random Forest. MLP, Multilayer Perception; ROC, receiver operating characteristic.
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Figure 2  Importance ranking of features in the ML models. (A) Decision Tree; (B) Gaussian Naive Bayes; (C) Gradient Boosting; 
(D) K-Neighbours; (E) Logistic Regression; (F) MLP; (G) Random Forest. FT3, free triiodothyronine; FT4, free thyroxine; ML, 
machine learning; MLP, Multilayer Perception; TGAB, thyroglobulin antibody; TPOAB, thyroid peroxidase antibody; TSH, thyroid 
stimulating hormone.
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superior accuracy and reliability in TC prediction. 
Furthermore, an in-depth feature importance analysis 
was conducted to elucidate the relative contribution of 
various clinical parameters within the optimal model.

Previous studies on ML-based prediction of malignant 
TNs have predominantly focused on imaging and histo-
logical characteristics, including morphological features, 
nodule dimensions and textural patterns as primary 
predictive indicators.18 This preference stems from the 
perceived limited diagnostic utility of TF indexes, which 
are often considered less reliable due to their suscepti-
bility to various confounding factors. However, emerging 
evidence has increasingly demonstrated a significant asso-
ciation between TF profiles and TC risk.28 Previous epide-
miological studies have shown that thyroid dysfunction is 
associated with elevated TC risk,29 while specific thyroid 
hormone levels show distinct correlation patterns: FT3 
exhibits an inverse relationship with TC risk,30 and 
enhanced FT4 levels demonstrate positive correlation 
with TC incidence. These results actually underscore the 
clinical relevance of our study, providing valuable insights 
for enhancing patient counselling and clinical decision-
making. By providing more accurate risk stratification, 
our findings may inform critical decisions regarding 
therapeutic approaches, potentially guiding the choice 
between pharmacological intervention and surgical 
management.31

The ML models in this study demonstrated significant 
predictive capabilities for malignant TNs by leveraging 
TF data, offering a more direct and objective assessment 
of patients’ conditions. This approach laid a scientifically 
robust and precise foundation for the clinical diagnosis 
of thyroid disorders. In countries with a high incidence 
of TC, such as China and India, predicting the availability 
and affordability indicators can reduce expenditures on 
further medical examinations, thereby mitigating the 
financial burden on society. Given that evidence-based 
consultations have been shown to yield better outcomes 
followed by shared decision-making and the application 
of patients’ preferred treatment options,23 31 this person-
alised and patient-oriented predictive model has the 
potential to significantly enhance treatment efficacy util-
ising simple parameters.

To minimise the impact of confounding factors on 
the TF data, this study collected and analysed the TF 
data from patients’ initial visits. Multivariate LR analysis 
revealed significant differences in age, gender, FT3, FT4 
and TPOAB between the two groups, identifying these 
variables as independent risk factors for both benign and 
malignant TNs. Previous studies have found that the inci-
dence of TC is age-dependent, with a notably higher prev-
alence among women compared with men.32 In our study, 
the TC group exhibited a younger age distribution than 
the TN group, potentially attributable to earlier detection 
and intervention in TC cases. While some studies have 
linked lower levels of FT3 and FT4 to an increased risk 
of TC,33 others have found no significant association28 or 
even reported an inverse correlation between elevated 

FT3 levels and TC risk.34 Furthermore, the relationship 
between FT4 levels and TC appears to be non-linear, with 
a marked increase in TC risk observed when FT4 levels 
exceed approximately 2.2 ng/dL.35 Our findings align 
with certain prior studies, underscoring the intricate rela-
tionship between TNs, TF and TC.36 Although TPOAB is 
primarily utilised for diagnosing Hashimoto’s thyroiditis 
and Graves’ disease,37 two fine needle aspiration cytology 
(FNAC) studies from the same institution have estab-
lished TPOAB as an independent risk factor for malig-
nant thyroid tumours, highlighting a critical association 
between TPOAB and TC.38 This conclusion is consistent 
with the results of our study.

This study demonstrated distinct advantages over 
previous studies in predicting the risk of malignant TNs. 
First, while significant differences in the TF data have 
been observed between patients with benign TNs and TC, 
few studies have focused on TF as a predictive marker. 
In contrast, our study leveraged the TF data routinely 
collected and readily accessible in clinical practice. 
Furthermore, although ML methods have shown diag-
nostic potential in distinguishing benign from malignant 
TNs using genomics, radiological and US data, there are 
still scarce studies employing ML algorithms with TF as 
a key feature. To the best of our knowledge, this study is 
among the first to develop an ML-based predictive model 
utilising TF data for real-time risk assessment of TNs, thus 
achieving high levels of accuracy and reliability.

However, this study still has its usual limitations. First, 
all data in the study were collected from a single centre, 
and the findings lack validation using external data sets. 
Second, the retrospective design of this work may intro-
duce selection and information bias, potentially affecting 
the robustness of the results. Third, the model lacks a 
graphical user interface. All these factors should be care-
fully considered in future studies so that the generalis-
ability and precision of the findings can be elevated.

CONCLUSIONS
This study innovatively developed a predictive model 
for benign and malignant TNs based on the gradient 
boosting decision tree algorithm. For the first time, it vali-
dated the clinical predictive value of TF parameters (FT4, 
FT3) and TPOAB as key biomarkers. By leveraging ML 
interpretability techniques, the dose–response relation-
ship between these indicators and the malignant risk of 
nodules was elucidated, providing a quantitative basis for 
early TC screening. This study will facilitate the transition 
of TN diagnosis and treatment from static assessment to a 
dynamic intelligent decision-making framework, offering 
a novel paradigm for the application of precision medi-
cine in endocrine tumour management.
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