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Abstract
Background: Carotid atherosclerosis (CAS) is often regarded as an early
warning sign of cardiovascular disease (CVD). Its diagnostic technique, carotid
Doppler ultrasound examination, has not been included in public health
service programs, while the Framingham Risk Score (FRS) exhibits insufficient
accuracy in assessing CAS risk, which is not conducive for primary healthcare
personnel to identify CAS. Currently, research on using machine learning
methods to identify CAS in medium- and high-risk populations according to
FRS remains lacking.

Objective: To construct CAS prediction models for medium- and high-risk FRS
populations using machine learning methods, compare their discriminative per-
formance, select the model with optimal performance, with the aim of assisting
primary healthcare personnel in identifying CAS more conveniently and accu-
rately.

Methods: A total of 674 local residents who met the inclusion and exclusion
criteria were selected from two townships in Liuzhou City, Guangxi Zhuang
Autonomous Region, during 2019–2021 and 2023 as study subjects. Relevant
information was collected, and fasting blood and urine samples were obtained
to detect biochemical indicators. The FRS was used to assess CVD risk, and
carotid ultrasound was employed to diagnose CAS. The 517 study subjects from
2019–2021 were randomly divided into training and validation sets at an 8:2 ra-
tio; the training set was used to construct Logistic regression, Random Forest
(RF), Support Vector Machine (SVM), eXtreme Gradient Boosting (XGBoost),
and Gradient Boosting Decision Tree (GBDT) models, while the validation set
was used for internal validation. The 157 study subjects from 2023 served as a
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test set for external validation. Feature variables were selected through Lasso
regression analysis, and discriminative performance was evaluated using sensi-
tivity, specificity, accuracy, F1 score, and area under the curve (AUC) values.
External validation employed AUC values to assess the generalization ability
of the optimal model, and the Shapley Additive exPlanation (SHAP) method
was used to explore important variables influencing CAS identification by the
optimal model.

Results: Lasso regression selected 15 non-zero feature variables: age, BMI, sys-
tolic blood pressure (SBP), smoking, alcohol consumption, hypertension, to-
tal cholesterol, high-density lipoprotein cholesterol, C-reactive protein (CRP),
fasting blood glucose, apolipoprotein B (ApoB), lipoprotein(a) (LPA), aspar-
tate aminotransferase (AST), AST/alanine aminotransferase ratio, and urinary
albumin-to-creatinine ratio. The constructed Logistic regression, RF, SVM,
XGBoost, and GBDT models all achieved high AUC values, among which the
GBDT model demonstrated optimal discriminative performance with sensitiv-
ity, specificity, accuracy, F1 score, and AUC values of 0.7551, 0.8364, 0.7981,
0.7789, and 0.8349, respectively; the external validation AUC value was 0.7940.
The SHAP method identified age, SBP, CRP, LPA, and ApoB as the top 5
factors influencing CAS identification by the GBDT model.

Conclusion: The Logistic regression, RF, SVM, XGBoost, and GBDT models
based on machine learning for CAS identification all demonstrated high discrim-
inative performance, with the GBDT model exhibiting the best comprehensive
discriminative efficacy and strong generalization ability.
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Abstract
Background: Carotid atherosclerosis (CAS) is often considered an early warn-
ing signal for cardiovascular diseases (CVD). However, carotid Doppler ultra-
sonography, the diagnostic technique for CAS, has not been included in public
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health service programs, and the Framingham Risk Score (FRS) lacks suffi-
cient accuracy in assessing CAS risk, hindering primary healthcare personnel
from identifying CAS effectively. Currently, research on using machine learn-
ing methods to identify CAS in the FRS-defined medium-high risk population
remains scarce.

Objective: To construct CAS prediction models for the FRS medium-high
risk population using machine learning methods, compare their discriminative
efficacy, and identify the optimal model to assist primary healthcare personnel
in identifying CAS more conveniently and accurately.

Methods: A total of 674 local residents from two townships in Liuzhou City,
Guangxi Zhuang Autonomous Region, who met the inclusion and exclusion
criteria during 2019–2021 and 2023 were selected as study subjects. Relevant
information was collected, and fasting blood and urine samples were obtained
for biochemical testing. The FRS was used to assess CVD risk, and carotid
ultrasound was employed to diagnose CAS. Among the 517 subjects from 2019–
2021, an 8:2 random split was used to create a training set and a validation set.
The training set was used to build Logistic regression, Random Forest (RF),
Support Vector Machine (SVM), Extreme Gradient Boosting (XGBoost), and
Gradient Boosting Decision Tree (GBDT) models, while the validation set was
used for internal validation. The 157 subjects from 2023 served as a test set
for external validation. Feature variables were selected using Lasso regression
analysis. Discriminative efficacy was evaluated using sensitivity, specificity, ac-
curacy, F1 score, and area under the curve (AUC). External validation assessed
the generalization ability of the optimal model using AUC, and the Shapley
Additive exPlanation (SHAP) method was used to explore important variables
influencing the optimal model’s identification of CAS.

Results: Lasso regression identified 15 non-zero feature variables: age, BMI,
systolic blood pressure (SBP), smoking, alcohol consumption, hypertension, to-
tal cholesterol, high-density lipoprotein cholesterol, C-reactive protein (CRP),
fasting plasma glucose, apolipoprotein B (ApoB), lipoprotein(a) (LPA), aspar-
tate aminotransferase (AST), AST/alanine aminotransferase ratio, and urinary
microalbumin-to-creatinine ratio. All constructed models (Logistic regression,
RF, SVM, XGBoost, and GBDT) achieved high AUC values. The GBDT model
demonstrated the best discriminative performance, with sensitivity, specificity,
accuracy, F1 score, and AUC values of 0.7551, 0.8364, 0.7981, 0.7789, and 0.8349,
respectively. The external validation AUC was 0.7940. SHAP analysis revealed
that age, SBP, CRP, LPA, and ApoB were the top five factors influencing the
GBDT model’s identification of CAS.

Conclusion: All machine learning models (Logistic regression, RF, SVM, XG-
Boost, and GBDT) showed high discriminative performance for identifying CAS,
with the GBDT model exhibiting the best comprehensive discriminative efficacy
and strong generalization ability.

Keywords: cardiovascular diseases; carotid atherosclerosis; machine learning;
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Introduction
Cardiovascular disease (CVD) is one of the leading causes of death among urban
and rural residents in China, with its incidence and mortality continuing to rise,
representing the primary health risk factor for Chinese residents [1]. Atheroscle-
rosis is the main pathological basis of CVD, and the carotid artery is often the
earliest affected site. Consequently, carotid atherosclerosis (CAS) is generally
considered an early warning signal for CVD [2]. In terms of diagnosis, Doppler
ultrasonography measuring carotid intima-media thickness (CIMT) is a reliable
technique for assessing CAS severity [3]. Since 2009, the Basic Public Health
Service Program has been continuously expanded, reaching 12 service categories
by 2019 [4]; however, carotid Doppler ultrasonography has not been included,
failing to meet the needs of early CVD prevention and control. The Framing-
ham Risk Score (FRS) is a widely used cardiovascular risk assessment tool, but
it lacks accuracy in evaluating CAS risk [5,6], potentially preventing primary
healthcare personnel from accurately identifying CAS. Therefore, there is an
urgent need to explore more convenient and effective methods for early CAS
identification. In recent years, an increasing number of scholars have employed
machine learning to identify diseases using easily obtainable factors, achieving
promising results for both individual self-assessment and clinical applications
[7].

Currently, research on using machine learning to identify CAS in the FRS-
defined medium-high risk population remains relatively limited. To strengthen
research in this area, this study selected Logistic regression, Random Forest
(RF), Support Vector Machine (SVM), Extreme Gradient Boosting (XGBoost),
and Gradient Boosting Decision Tree (GBDT) to construct CAS prediction
models for the FRS medium-high risk population (FRS > 6%), compare their
performance, and identify the optimal model. Our goal is to assist primary
healthcare personnel in identifying CAS more conveniently, accurately, and ear-
lier, providing a scientific basis for clinical prevention and treatment.

Methods
1.1 Study Subjects

Using convenience sampling, 1,169 local residents from two townships in Li-
uzhou City, Guangxi Zhuang Autonomous Region, were selected as potential
study subjects during 2019–2021 and 2023. Among them, 852 residents from
2019–2021 were intended for model construction and internal validation, while
317 residents from 2023 were designated for external validation. Inclusion cri-
teria were: (1) aged 30–74 years; (2) FRS > 6%; (3) willingness to undergo
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carotid Doppler ultrasonography. Exclusion criteria included: (1) individuals
with major diseases such as malignant tumors, severe infectious diseases, or
psychiatric disorders; (2) those already diagnosed with coronary heart disease,
stroke, or peripheral arterial disease; and (3) subjects with missing covariates.
Based on these criteria, 674 subjects were ultimately enrolled (517 from 2019–
2021 and 157 from 2023). This study was approved by the Ethics Commit-
tee of Guangxi Medical University (2019-SB-094), and all participants provided
informed consent.

1.2 Research Methods

1.2.1 General Data Collection and Physical Examination General data
were collected through a questionnaire designed by the research team, includ-
ing information on gender, age, ethnicity, education level, physical activity,
smoking history, alcohol consumption history, disease history, and medication
use. Physical examinations primarily included measurements of BMI, waist
circumference, heart rate, systolic blood pressure (SBP), and diastolic blood
pressure (DBP). Laboratory test indicators comprised total cholesterol (TC),
triglycerides (TG), low-density lipoprotein cholesterol (LDL-C), high-density
lipoprotein cholesterol (HDL-C), fasting plasma glucose (FPG), urinary microal-
bumin (ALB), C-reactive protein (CRP), urinary creatinine (UCR), lipopro-
tein(a) (LPA), apolipoprotein A (ApoA), apolipoprotein B (ApoB), alanine
aminotransferase (ALT), and aspartate aminotransferase (AST). The urinary
microalbumin-to-creatinine ratio (ACR) was calculated as ALB/UCR. Physical
activity was calculated using the International Physical Activity Questionnaire
(Short Form) [8] and expressed as metabolic equivalent (MET-min/week).

1.2.2 FRS Criteria This study used the FRS to assess CVD risk in the
population, with FRS > 6% defined as medium-high CVD risk [9].

1.2.3 CAS Diagnosis CAS was defined as increased CIMT ≥ 1 mm or pres-
ence of plaque [10]. The definition of CIMT and detailed measurement methods
were described in a previous study [11]. Plaque was defined as a focal structure
encroaching into the arterial lumen by at least 0.5 mm or 50% of the surround-
ing CIMT value, or CIMT > 1.5 mm [12]. Professional ultrasound physicians
performed carotid Doppler ultrasonography, and trained investigators recorded
the corresponding data. Based on CAS diagnosis results, the 517 residents were
divided into two groups: normal group (272 cases) and CAS group (245 cases).

1.2.4 Definitions of Relevant Variables

(1) Smoking: Never smoking was defined as total cigarette consumption <
100 cigarettes; former smoking as > 100 cigarettes but no smoking in the 30
days before the survey; current smoking as > 100 cigarettes and smoking
in the 30 days before the survey [13]. (2) Alcohol consumption: Never
drinking was defined as < 12 standard drinking units; former drinking as ≥
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12 standard drinking units previously but < 1 unit in the most recent year;
current drinking as ≥ 12 standard drinking units previously and ≥ 1 unit
in the most recent year [14]. (3) Renal function: Estimated glomerular
filtration rate (eGFR) was calculated using the Chronic Kidney Disease
Epidemiology Collaboration formula. eGFR ≥ 90 mL・min−1・(1.73 m2)−1

was defined as normal renal function, and eGFR < 90 mL・min−1・(1.73
m2)−1 as decreased renal function [15]. (4) Hypertension: According to
the Chinese Guidelines for the Prevention and Treatment of Hypertension
(2018 Revision), hypertension was defined as SBP ≥ 140 mmHg (1 mmHg
= 0.133 kPa) and/or DBP ≥ 90 mmHg, previous diagnosis of hyperten-
sion, or current use of antihypertensive medication [16]. (5) Diabetes:
Defined as FPG ≥ 7.0 mmol/L in this survey, or self-reported current use
of hypoglycemic medication or diabetes diagnosis [17]. (6) Dyslipidemia:
Defined as meeting any of the following criteria: TC ≥ 200 mg/dL, TG ≥
150 mg/dL, LDL-C ≥ 130 mg/dL, HDL-C < 40 mg/dL, or current use of
lipid-lowering medication [18,19]. (7) Metabolic syndrome: Defined ac-
cording to the International Diabetes Federation criteria [20]. (8) Family
history of disease in first-degree relatives: Defined as at least one
first-degree relative (father, mother, sibling, son, or daughter) having the
disease [11].

1.3 Model Construction and Evaluation

Models were constructed using Python 3.7.4 with the scikit-learn 2.2.2 library.
Feature variables selected by Lasso regression (with continuous variables nor-
malized) were used as input variables, and CAS was the outcome variable. The
train_{{{test}}_{{split}}} module in scikit-learn 2.2.2 was used to randomly
divide all samples into training and validation sets at an 8:2 ratio while main-
taining the same ratio of positive to negative cases as in the full dataset. In the
training set, LogisticRegression, RandomForestClassifier, SVC, XGBClassifier,
and GradientBoostingClassifier modules were used to build Logistic regression,
RF, SVM, XGBoost, and GBDT models, respectively. The GridSearchCV mod-
ule (grid search algorithm) was used for parameter optimization for each model,
with the area under the curve (AUC) as the evaluation metric. In the validation
set, sensitivity, specificity, accuracy, F1 score, and AUC were used to evaluate
the discriminative performance of the five models and select the optimal model.
The optimal model was externally validated in the test set using AUC to as-
sess generalization ability. The Shapley Additive exPlanation (SHAP) method
was used to explore the specific impact of each feature variable on the optimal
prediction model.

1.4 Statistical Analysis

Statistical analysis was performed using R (4.1.3). Normally distributed con-
tinuous variables were expressed as mean ± standard deviation (x̄ ± s) and
compared between groups using independent samples t-tests. Non-normally
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distributed continuous variables were expressed as median (P25, P75) and com-
pared using Mann-Whitney U tests. Categorical variables were expressed as
percentages and compared using �2 tests. Lasso regression analysis was per-
formed with CAS as the dependent variable to select feature variables. Receiver
operating characteristic (ROC) curves were plotted for each model in the val-
idation set, and AUC values were calculated and compared. P < 0.05 was
considered statistically significant.

Results
2.1 General Characteristics of Study Subjects

Among the 517 residents, 210 (40.6%) were male and 307 (59.4%) were female,
with a mean age of 60.2 ± 7.9 years. CAS was diagnosed in 245 cases (47.4%),
while 272 cases (52.6%) were normal. There were no statistically significant dif-
ferences between the two groups in gender, ethnicity, education level, waist cir-
cumference, heart rate, DBP, smoking history, alcohol consumption history, di-
abetes, physical activity, FPG, TC, LDL-C, dyslipidemia, metabolic syndrome,
ApoA, ApoB, ApoA/ApoB ratio, ALT, AST, UCR, ALB, or ACR (P > 0.05).
However, significant differences were observed between the groups in age, BMI,
SBP, hypertension, HDL-C, TG, renal function, CRP, LPA, and AST/ALT
ratio (P < 0.05) .

2.2 Feature Variable Selection Using Lasso Regression

With CAS diagnosis as the dependent variable and 36 potential influencing
factors as independent variables, Lasso regression was performed to select vari-
ables. The assignment table for categorical variables is shown in , while con-
tinuous variables including age, heart rate, waist circumference, BMI, physical
activity, SBP, DBP, FPG, TC, HDL-C, LDL-C, TG, CRP, LPA, ApoA, ApoB,
ApoA/ApoB ratio, UCR, ALB, ALT, AST, AST/ALT ratio, and ACR were
included as measured values. The analysis identified 15 variables with non-zero
coefficients: age, BMI, SBP, smoking, alcohol consumption, hypertension, TC,
HDL-C, CRP, FPG, ApoB, LPA, AST, AST/ALT ratio, and ACR [Figure 1:
see original paper] and .

2.3 Construction of Machine Learning Models

The 15 variables selected by Lasso regression were incorporated into Logistic
regression, RF, SVM, XGBoost, and GBDT models. Using grid search
with AUC as the evaluation metric, the optimal parameters for each model
were determined in the training set as follows: Logistic regression: solver
= “liblinear”, max_{iter} = 500, penalty = “l2”; RF: bootstrap = True,
max_{depth} = 20, max_{features} = “auto”, min_{{{samples}}{{leaf}}}
= 2, min{{{samples}}{{split}}} = 2; SVM: kernel = “rbf”, C = 1, gamma =

chinarxiv.org/items/chinaxiv-202405.00235 Machine Translation

https://chinarxiv.org/items/chinaxiv-202405.00235


0.01; XGBoost: learning{rate} = 0.007, n_{estimators} = 500, max_{depth}
= 2, min_{{{child}}{{weight}}} = 8, gamma = 0.8, subsample = 0.8,
colsample{bytree} = 0.8, objective = “binary:logistic”, nthread = 4; GBDT:
n_{estimators} = 500, learning_{rate} = 0.008, max_{depth} = 2, sub-
sample = 0.8, max_{features} = “sqrt”, min_{{{samples}}{{split}}} = 5,
min{{{samples}}{{leaf}}} = 2, random{state} = 1117.

2.4 Comparison of Discriminative Performance Among Models

Internal validation in the validation set showed that all models achieved high
AUC values. While SVM had the highest AUC value, the GBDT model achieved
the highest sensitivity, specificity, accuracy, and F1 score. Overall, the GBDT
model demonstrated the optimal discriminative performance [Figure 2: see orig-
inal paper] and .

2.5 External Validation

The GBDT model, which performed best in internal validation, was externally
validated to assess its generalization ability. The results showed that the AUC
in the external validation set was 0.7940, slightly lower than that in the in-
ternal validation set (0.8349) but still >0.7, indicating that the GBDT model
constructed in this study possesses strong external generalization capability.

2.6 Interpretation of the Optimal Model Using SHAP

[Figure 3: see original paper]A displays the factors influencing CAS identifica-
tion by the model, sorted by mean absolute SHAP values, providing an intuitive
understanding of each factor’s contribution to model identification. In [Figure
3: see original paper]B, the y-axis shows the importance of each variable, with
the most important at the top and least important at the bottom. The x-axis
represents SHAP values, which measure each variable’s contribution to model
identification. Positive values increase the likelihood of identification, while
negative values decrease it. This visualization clearly shows the relationship
between original variable values (color-coded: red for high values, blue for low
values) and their impact on identification. The results indicate that the top
five variables affecting the GBDT model’s discriminative performance were age,
SBP, CRP, LPA, and ApoB. [Figure 3: see original paper]B shows that higher
values of these variables increase CAS risk.

Discussion
This study found that 52.6% of individuals in the FRS medium-high risk popu-
lation were not identified as having CAS, consistent with previous research [5,6],
suggesting that the FRS has insufficient accuracy for CAS identification. To im-
prove early CAS identification accuracy in this population, we constructed CAS
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risk prediction models and identified the optimal model to enable more accurate
identification, optimize individual prevention and treatment strategies, reduce
medical burden, and avoid waste of medical resources.

This study constructed five prediction models using Logistic regression, RF,
SVM, XGBoost, and GBDT algorithms based on machine learning. All mod-
els achieved high AUC values, with the GBDT model demonstrating the best
comprehensive discriminative performance (sensitivity = 0.7551, specificity =
0.8364, accuracy = 0.7981, F1 score = 0.7789, AUC = 0.8349). Compared with
similar studies [21-23], this model is considered to have high predictive accuracy.
The model also showed strong generalization ability in external validation (AUC
= 0.7940). GBDT, a machine learning method also known as multiple additive
regression trees, offers more accurate identification and a more sophisticated al-
gorithm than Logistic regression, decision trees, and RF [24]. It features numer-
ous nonlinear transformations and robust representation capabilities without
requiring complex feature engineering and transformation [25]. GBDT models
have been widely applied in disease identification and have demonstrated good
discriminative performance. WU et al. [21] used four machine learning methods
(XGBoost, GBDT, RF, and SVM) to construct a carotid plaque identification
model in an asymptomatic population, with the GBDT model achieving an AUC
of 0.8367 and high discriminative performance. YE et al. [26] used multiple in-
dicators including vital signs and laboratory tests from the Medical Information
Mart for Intensive Care (MIMIC) IV database to establish machine learning-
based prediction models for in-hospital mortality in intensive care unit patients
with chronic kidney disease and coronary artery disease, with the GBDT model
as the optimal model achieving an AUC of 0.946. LIU et al. [27] constructed
an artificial intelligence-based risk prediction model for myocardial infarction
to warn of its occurrence in hospitalized patients, with the GBDT model as the
optimal model achieving an AUC of 0.91. LIU et al. [28] used machine learn-
ing methods to construct a sepsis risk prediction model for acute pancreatitis
patients and compared the optimal GBDT model with Logistic regression and
scoring systems, showing superior discriminative performance. SU et al. [29]
used machine learning methods combined with longitudinal data to predict the
2-year risk of chronic kidney disease development in Chinese elderly, with the
GBDT model showing good discriminative performance.

The feature variables in this study’s CAS risk prediction model are detection
indicators included in public health service programs, making them easily ob-
tainable and enhancing the model’s practicality. This can improve the con-
venience and accuracy of CAS identification by primary healthcare personnel,
facilitating early identification and effective preventive and treatment strategies
before disease progression, thereby improving patients’quality of life. By re-
ducing cardiovascular events caused by CAS, this approach is expected to yield
significant social and economic benefits, alleviate medical burden, and improve
health resource utilization efficiency.

This study used SHAP method for visual interpretation of the GBDT model.

chinarxiv.org/items/chinaxiv-202405.00235 Machine Translation

https://chinarxiv.org/items/chinaxiv-202405.00235


The top five variables affecting model discriminative performance were age, SBP,
CRP, LPA, and ApoB, indicating that younger age, lower SBP, lower CRP,
lower LPA, and lower ApoB can reduce CAS risk. ZHANG et al. [30] demon-
strated that with increasing age, the proportion of collagen and elastic fibers in
arterial wall structure becomes imbalanced, leading to arterial wall thickening
and reduced compliance, combined with vascular endothelial dysfunction and
structural abnormalities caused by some diseases, promoting atherosclerosis de-
velopment. TANG et al. [31] also found that age is a risk factor for carotid
plaque formation, with plaque increasing significantly with age, and many stud-
ies consider it an independent risk factor. Research shows that CAS incidence
is higher in hypertensive patients, with more pronounced SBP elevation [32].
Previous studies have demonstrated that inflammation alone can trigger CAS
formation even without other CVD risk factors [33]. High inflammation levels
may cause excessive increase in endothelial permeability, indicating compro-
mised integrity of the endothelial barrier. Damaged endothelial cells further
express adhesion molecules and chemokines, enabling leukocytes to roll, adhere,
and ultimately enter the vascular wall, thereby promoting vascular wall inflam-
mation development [34]. Studies have shown that LPA is closely related to
carotid atherosclerotic plaque occurrence, with mechanisms primarily related
to cholesterol metabolism and fibrinolytic activity. Patients with high LPA
have higher incidence of myocardial infarction and coronary heart disease than
healthy individuals, and LPA in patients with cerebral arteriosclerosis is not
only significantly higher than in healthy individuals but also closely related to
lesion severity [35,36]. A meta-analysis including eight cohort and four case-
control studies concluded that elevated ApoB levels are a risk factor for first
ischemic stroke [37]. These findings are consistent with our results and clinical
practice, demonstrating the strong rationality of our GBDT model.

This study has several limitations. First, convenience sampling may introduce
selection bias. Second, the proportion of females was relatively high, possibly
because more males work away from home. Third, information on medication
use was not available, which may affect the results. Finally, most study subjects
were from township areas, which may limit generalizability of the findings.

In summary, this study identified feature variables related to CAS through
Lasso regression and constructed prediction models for the FRS medium-high
risk population based on Logistic regression, RF, SVM, XGBoost, and GBDT.
Comprehensive evaluation using sensitivity, specificity, accuracy, F1 score, and
AUC showed that the GBDT model achieved the best performance in identify-
ing CAS and demonstrated strong generalization ability. SHAP interpretation
revealed that age, SBP, CRP, LPA, and ApoB were the most important vari-
ables for model discriminative performance and are also CAS risk factors. These
findings are expected to help primary healthcare personnel make more accurate
assessments, improve CAS identification and treatment coverage, facilitate ra-
tional allocation of medical resources, and provide a scientific basis for early
intervention in the FRS medium-high risk population, thereby improving car-
diovascular health, healthcare service levels, and public health in community
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settings. Future research should further validate and expand the model’s ap-
plicability to ensure its effectiveness across different populations.
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