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Abstract

Aims/Background: Precise evaluation of coronary lesion severity is pivotal for the clinical management of coronary heart disease
(CHD). However, because the invasive coronary angiography (ICA) method, which is considered the gold standard for diagnosis, is
relatively invasive, it is not widely used in early risk stratification. This study evaluated the performance of a predictive model based
on a combined triglyceride-glucose (TyG) index and ultrasound radiomics characteristics of carotid plaques for evaluating coronary
artery lesion severity in patients with CHD. Methods: From January 2020 to October 2024, 381 CHD patients were diagnosed by ICA
at Yichang Central People’s Hospital. Radiomics features were extracted from manually divided regions of interest (ROIs) in carotid
plaque ultrasound images. A two-stage feature selection was carried out to identify the essential features, and then logistic regression
was employed to construct a radiomics score (Rad score). Clinical data, such as the TyG index, were also included in the construction of
the combined prediction model, and the predictive performance of this model was evaluated on both the training and test sets. Results:
Multivariate logistic regression shows that the TyG index (odds ratio [OR] = 3.82, 95% confidence interval [CI]: 2.13-6.84), sex (OR
=1.80, 95% CI: 1.08-3.00), and hypertension status (OR = 1.81, 95% CI: 1.14-2.87) are all independent predictors of coronary lesion
severity. Based on 17 essential radiomics features, the Rad score model reached an area under the curve (AUC) of 0.673 (95% CI:
0.613-0.734) for the training set and an AUC of 0.686 (95% CI: 0.567—0.806) for the test set. The combined model including sex, TyG
index, hypertension status, and Rad score performed better, with AUC values of 0.823 (95% CI: 0.777-0.870) for the training set and
0.730 (95% CI: 0.616—0.844) for the test set. Conclusion: The combined model of the TyG index and ultrasound radiomics features
for carotid plaques can be used to predict the severity of coronary artery lesions in patients with CHD. Non-invasively, it can be used to
assess the risk of coronary artery disease and tailor a plan for other treatment options.
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1. Introduction

Coronary artery disease (CAD) is a long-term heart
disease that occurs when there is narrowing in the
coronary arteries, and it is generally caused by coronary
heart disease (CHD). In recent years, due to changes in
lifestyle and environment, more and more young people
have been suffering from CHD [1,2]. Therefore, a new
problem of public health has arisen. From 2010 to 2020,
based on the above data, the annual increase in deaths
from CHD in people aged 25-49 was 0.6%. The increase
was relatively larger in poor countries and reached 1.2%
[3]. As one of the world’s serious health problems, CHD
treatment relies on knowing how serious a person’s heart
disease is [4]. Invasive coronary angiography (ICA) is
now a first-line diagnostic test for CHD. It can precisely
locate atherosclerotic plaques and study the blood flow
conditions at these sites [5]. However, ICA has several
deficiencies and cannot be used widely. They are invasive,

exposed to radiation, high in cost, and carry other
procedural risks. As a result, there is a strong and urgent
need in the clinic for such non-invasive, high-efficacy
tools. ICA are used to observe how far the coronary
arteries have been damaged and assess a person’s risk. The
problems of ICA are not the only reasons for this lack, and
so are the realities of current clinical work.

Triglyceride-glucose (TyG) index is a new metabolic
index. It is equal to the natural logarithm of the product of
fasting triglycerides (TG, mg/dL) and fasting blood
glucose (FBG, mg/dL) divided by two [In(TGXFBG/2)].
A suitable index for insulin resistance and other metabolic
diseases has been selected. A study has shown that,
compared with the older method of diagnosis for insulin
resistance (IR), the TyG index is comparatively simple and
low in cost. Therefore, it can be used to classify metabolic
risk [6]. As evidence, it has been shown that a high TyG
level is strongly correlated with the onset of cardiovascular
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disease [7,8]. The TyG index is now used to measure how
poorly controlled the disease of atherosclerosis is in
clinical practice. It relates to the extent of the disease and
prolonged survival. Higher TyG indices in individuals are
associated with an increased risk of CAD. They are also
more likely to have severe coronary artery disease and
poorer clinical outcomes compared with those with lower
TyG values [9]. Based on the above results, the TyG index
can be used to determine the extent of coronary artery
disease in people with coronary heart disease. Thus, it is
an index of non-invasive risk assessment. Therefore, in
time, some high-risk patients may be identified early on
for personalised treatments and better results.

Heart disease and other diseases of the blood vessels
are caused by atherosclerosis. It is a general state of many
blood vessels in the body. Carotid and coronary
atherosclerosis are two types of the spread of this disease.
They have a close relationship in epidemiology, the
underlying pathological mechanisms, and clinical
outcomes [10]. Notably, an increase in carotid
intima-media thickness (CIMT) or the appearance of
carotid plaques is closely linked to more serious coronary
artery disease [11]. Fuster V et al. [12] have shown in
their research that, as shown by carotid ultrasound
noninvasively, the amount of carotid plaque is positively
associated with the development and severity of coronary
atherosclerosis over time, as well as other adverse health
outcomes. Thus, the carotid artery may serve as a practical
“window” to assess the risk of coronary atherosclerosis in
a person. It is convenient for clinical applications, and
therefore can provide data to help regulate all-around
cardiovascular risk control.

Radiomics is a new field of artificial intelligence (Al)
and medicine that extracts rich features from medical
images. To uncover the underlying disease in the tissues
that are not visible to the naked eye. We have built a
model in this paper for predicting the degree of coronary
artery stenosis. = We combined the TyG index and
radiomics features from carotid ultrasound. The study
combines metabolic data and imaging data to explore the
relationship between them in the disease of atherosclerosis
and assesses the clinical effectiveness of the model. We
will also explore some non-invasive applications of this
study. The above tool can help to develop a rehabilitation
plan for coronary heart disease. The combined model of
operation is expected to be more all-encompassing in
assessing the risks of both types of data.

2. Methods
2.1 Study Population

A retrospective study was conducted on consecutive
patients with CHD who underwent ICA at Yichang
Central People’s Hospital from January 2020 to October
2024.  The inclusion criteria were as follows: (1)
Clinically diagnosed with CHD based on ICA results; (2)

Underwent carotid artery ultrasound examination showing
carotid plaque within 24 hours of ICA. The reasons for
exclusion were: (1) Patients who had a history of
percutaneous coronary intervention (PCI); (2) Participants
lacking complete clinical data or images with insufficient
quality for analysis; (3) Patients with severe hepatic or
renal impairment, haematological disorders, immune
system dysfunction, or malignant neoplasms. A total of
381 CHD patients were included. According to the 2020
European Society of Cardiology (ESC) guidelines, severe
coronary stenosis was defined as 70%-99% luminal
narrowing in major epicardial coronary arteries, >50%
stenosis or complete occlusion of the left main coronary
artery, or 100% vessel occlusion at the ICA [13]. Patients
who did not meet the criteria for severe stenosis were
classified as being in a mild-to-moderate group (Fig. 1).

2.2 Clinical Data

We have collected the first set of clinical data from
electronic medical records. The data included the sex and
age of the people. Laboratory measurements have been
conducted as well, including low-density lipoprotein
(LDL), high-density lipoprotein (HDL), triglycerides
(TG), total cholesterol (TC), and fasting blood glucose
(FBG). Record any past hypertension or diabetes also.
Generally speaking, the above data are used to build an
all-encompassing clinical risk assessment system for
cardiovascular disease. Then a TyG index was calculated.
It uses the formula In[TG (mg/dL) x FBG (mg/dL)/2]; In
is the natural logarithm function in the above formula.

2.3 Ultrasound Imaging

All the patients were carotid ultrasound candidates.
The examination was performed within 24 hours before
their ICA. Philips EPIQ CVs colour Doppler ultrasound
systems were used for all scans. An L12-3 linear array
probe was connected to the machine. The range of
frequencies for this probe is 3—12 MHz. The patient was
lying down during the scan. They were told not to speak.
Extend the neck slightly at the beginning. Turn the head to
the side away from the artery you want to observe, which
can help create the same view more easily. All the
examination protocols for carotid imaging were the same.
Adjust the parameters of a few machines. Gain, depth, and
focus are the parameters listed above. To achieve good
picture quality, optimise it has been carried out. If there
were several carotid plaques, the one with the highest
severity was selected for examination. The image plane
has also been normalised. We used the view that showed
the longest axis of the selected carotid plaque. All
exported digital imaging and communications in medicine
(DICOM) images were preprocessed with a set of
preprocessing routines before feature extraction. The
usual process had many steps. Normalisation of intensity
is used to reduce the contrast difference in the picture;
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Patients from January 2020 to October 2024

Included patients

(1) Clinically diagnosed as CHD after ICA

&
<

A 4

(2) Ultrasound examination about carotid
artery with detected carotid plaque within 24

) ) hours of ICA
Candidate patients
(N=419)
Excluded patients.
(1)Patients with a history of PCI (N=27)
< (2) Participants with incomplete clinical data
Y or insufficient image quality for analysis
Enrolled patient %)
nroried patients (3) Patients presenting with severe hepatic or
(N=381) o . .
renal impairment, hematological disorders,

immune system dysfunction, or malignant
neoplasms (N=3)

Mild-to-moderate group
(N=198)

Severe group
(N=183)

Fig. 1. Patient selection flowchart. CHD, coronary heart disease; ICA, invasive coronary angiography; PCI, percutaneous coronary

intervention.

then, grayscale discretisation is applied to quantify the
intensity range, and finally, a speckle-noise reduction filter
is used to improve the uniformity of the image without
losing structural features. A single experienced sonograp
her (Sonographer A) carried out all the ultrasound
examinations. To reduce the effect of observer bias,
Sonographer A was unaware of any clinical data on the
patients. It is a method of blinding.

2.4 Plaque Segmentation

DICOM images were imported into the Darwin Re
search Platform (http://premium.darwin.yizhun-ai.com).
Standard preprocessing was performed in this platform.
The second skilled sonographer (Sonographer B) manually
contoured the region of interest (ROI). This operator was
also blinded to patient clinical data. The goal was to draw
the boundaries of carotid plaques. To evaluate the
reproducibility of the manual segmentation process and
the stability of the derived radiomics features, inter- and
intra-observer agreement were calculated. A small number
of images were selected for independent segmentation by
Sonographer B and a third, experienced sonographer
(Sonographer C), and then inter-observer reliability was
calculated. Sonographer B also repeated the segmentation
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of the same image set after a two-week period to evaluate
intra-observer reliability. Consistency of segmentation
was measured by the intraclass correlation coefficient
(ICC) for continuous radiomics features, and an ICC value
>(0.75 was considered to indicate good or acceptable
reproducibility; thus, the stability of the manual
contouring step in the radiomics pipeline was assured. The
results showed that the intra-observer ICC was 0.83 (95%
confidence interval [CI]: 0.77—0.89) and the inter-observer
ICC was 0.78 (95% CI: 0.75-0.84); both met the set
criteria, and thus the stability of the manual contouring
step in the radiomics pipeline was confirmed.

2.5 Feature Extraction and Model Construction

ROI segmentation was performed to extract a total of
1125 radiomics features per lesion automatically by the
specified platform. The entire dataset was randomly split
into a training set and a test set at an 8:2 ratio in the study,
and to avoid scale differences and data leakage, feature
standardisation was performed based only on the training
set. To be specific, the mean and standard deviation of
each feature were calculated from the training data, and
then these features were standardised to have a mean of 0
and a standard deviation of 1. The standardised parameters
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were then applied to process the independent test set.
Feature selection is a two-step method that is applied only
to the training data. First, recursive feature elimination
(RFE) was used. This way, we will train a base classifier
on the training set iteratively and then remove the least
important feature in each cycle. The RFE algorithm itself
selected the optimal number of features by considering
cross-validation performance on the training set. A filt
er-based approach was used on the remaining 33 features
at this time. The analysis of variance (ANOVA) F-value
for each one was calculated to determine whether it is
linearly related to the outcome label. Finally, the 17
features with the largest F-values, that could distinguish
the classes best, were chosen for the final model.

The three models built in this paper are for predicting
the extent of coronary artery narrowing. Model A is a
clinical model that uses only demographic and metabolic
variables. Model B is a radiomics model derived from
features extracted from ultrasound images. Model C is a
combined multimodal model that includes both clinical
variables and radiomics. All the models are logistic
regressions. The model gave a specific weight coefficient
(Bi) to each feature in training. The above weights are used
to calculate the individual radiomics score (Rad score) of a
patient via the formula: Rad score = 3y + Z(B; x Feature;).
Model C was built by taking both the original clinical
variables and the new Rad score from Model B as inputs
for another logistic regression classifier. The second is
that an independent test set will be reserved. It did not
participate in feature processing, selection, or model
training; only at the end would its results be displayed.
The seven typical indices that will be used for model
evaluation are as follows: Area under the curve (AUC),
accuracy, sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), and F1 score. A
threshold of 0.5 is set for the probability output of the
model in classification. Calibration curves and decision
curve analysis (DCA) were employed in the subsequent
tests of model reliability to determine how to apply it in
practice. Finally, to understand why the model made
certain predictions, we used SHapley Additive
exPlanations (SHAP) to analyse it. Summary plots were
used to show the results of the above feature importance
analysis.

2.6 Statistical Analysis

All of the above statistics were analysed in IBM
SPSS Statistics 24.0 (IBM Corp., Armonk, NY, USA).
Shapiro—Wilk test was employed to check whether the
continuous variables were normally distributed. Mean +
standard deviation (SD) was used for normally distributed
continuous data, and the median (interquartile range, IQR)
was employed for non-normally distributed continuous
data. Categorical variables are shown as numbers and
percentages. The differences in normally distributed

continuous variables among the groups were tested by an
independent-samples #-test, and the Mann—Whitney U test
was used for non-normally distributed continuous
variables. A chi-squared test was performed on the
categorical variables. Variables with a p value < 0.05 in
the univariate logistic regression analysis were
subsequently included in the multivariate logistic
regression model to determine independent risk factors.
Before building the model, the variance inflation factor
(VIF) of the proposed predictors to test for
multicollinearity was calculated, and a threshold of 10 was
set for severe multicollinearity. The results are presented
as odds ratio (OR), 95% CI, B coefficient, standard error
(SE), and p-value. A DeLong test is used to compare the
statistical differences of AUC for multiple models. A
two-tailed p < 0.05 was taken as the threshold.

3. Results
3.1 Comparison of Baseline Clinical Data

Tables 1,2 show the characteristics of the baseline
patients. The two groups of patients in this study were 198
(52.0%) with mild-to-moderate coronary stenosis and 183
(48.0%) with severe coronary stenosis. When the patients
were divided into groups according to the severity of
stenosis, the severe group had a significantly higher level
of TG (p < 0.001), FBG (p < 0.001), and TyG index (p <
0.001). They also had much lower HDL values (p = 0.003)
compared to those in the mild-to-moderate group. The
severe group was also significantly more likely to be male
(» = 0.013) and had a higher incidence of hypertension (p
< 0.001) and diabetes (p = 0.006). There were no
significant differences between the training and test sets
for any of the baseline clinical variables (all p > 0.05).
Thus, the two datasets are in good agreement and have
been balanced after the split. Therefore, the two need to be
jointly used in model construction and verification.

3.2 Selection of Clinical Features

The VIF analysis indicated collinearity between TG
and the TyG index. Since the TyG index is a metabolic
indicator calculated from both TG and FBG, TG was
excluded in the multivariate analysis, while the TyG index
was retained to improve model stability and estimation
accuracy. Univariate and multiple logistic regression
analysis (Table 3) identified the following three clinical
factors that are correlated with the extent of coronary
artery stenosis: Sex (p = 0.025), TyG index (p < 0.001),
and hypertension status (p = 0.012).

3.3 Radiomics Features

Starting with an initial pool of 1125 features, 17
representative radiomics features were finally selected for
predicting the severity of severe coronary lesions. The
Rad score of each patient was computed by the following
weighted linear combination:
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Table 1. Clinical characteristics of all patients.

Clinical features Mild-to-moderate group (198) Severe group (183)  x*/Z/t P
Age (years) 67.00 (60.0, 73.0) 68.00 (62.0, 73.0) —0.993 0.321
Sex 6.212 0.013
Male 120 (60.6%) 133 (72.7%)
Female 78 (39.4%) 50 (27.3%)
LDL (mmol/L) 2.30(1.81,2.89) 2.44(1.81,3.12) -1.713 0.087
HDL (mmol/L) 1.25 (1.09, 1.46) 1.17 (1.00, 1.37)  -3.016 0.003
TC (mmol/L) 3.98 (3.41,4.62) 4.08(3.41,491) -1.395 0.163
TG (mmol/L) 1.06 (0.77, 1.39) 1.43 (1.05,1.90) —6.508 <0.001
FBG (mmol/L) 5.03 (4.62,5.59) 5.61(491,6.49) 5347 <0.001
TyG index 8.37+0.46 8.77 £ 0.50 -8.174 <0.001
Hypertension status 12.843 <0.001
Yes 96 (48.5%) 122 (66.7%)
No 102 (51.5%) 61 (33.3%)
Diabetes status 7.445 0.006

Yes
No

27 (13.6%)
171 (86.4%)

45 (24.6%)
138 (75.4%)

LDL, low-density lipoprotein; HDL, high-density lipoprotein; TC, total cholesterol; TG, triglycerides;
FBQG, fasting blood glucose; TyG, triglyceride-glucose.

Table 2. Comparison of clinical characteristics between the training set and the test set.

Clinical features

Training set (304)

Test set (77) vIZit  p

Age (years) 67.00 (60.0, 73.0)
Sex

Male 202 (66.4%)

Female 102 (33.6%)
LDL (mmol/L) 2.40 (1.83,3.01)
HDL (mmol/L) 1.22(1.05, 1.41)
TC (mmol/L) 4.06 (3.43,4.78)
TG (mmol/L) 1.19 (0.90, 1.61)
FBG (mmol/L) 5.28 (4.78, 6.07)
TyG index 8.56 £0.51
Hypertension status

Yes 172 (56.6%)

No 132 (43.4%)
Diabetes status

Yes 57 (18.8%)

No 247 (81.2%)
Severity

Mild-to-moderate 158 (52.0%)

Severe 146 (48.0%)

67.00 (62.0,72.0) —0.004 0.965
0.001 0.972

51(66.2%)

26 (33.8%)
2.26(1.74,2.95) —0.754 0.450
122 (1.06, 1.44) —0.587 0.557
4.02 (3.41,4.66) —0.639 0.524
1.26 (091, 1.66) —0.166 0.868
5.06 (4.59,6.21) —1.605 0.108

8544055 0373 0.709
0252 0.616
46 (59.7%)
31 (40.3%)
0.021 0.884
15 (19.5%)
62 (80.5%)
0  1.000
40 (52.0%)

37 (48.0%)

Radscore=+0.525x%original shape2D MaximumDia
meter
+0.475xexponential glrlm GrayLevelNonUniformit

—0.467 x wavelet-HL._glem_InverseVariance

—0.396 x wavelet-HL glem MaximumProbability

+0.337xwavelet-LH gldm LargeDependenceEmpha
sis

—0.286 x wavelet-LH_glrlm RunPercentage

+0.257 x wavelet-LH glem MaximumProbability

—0.251 x square_glrlm GrayLevelNonUniformity
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—0.232 x original_shape2D Perimeter

—0.231 x 1bp-2D_glrlm_GrayLevelNonUniformity

--0.206xwavelet-HL gldm LargeDependenceEmph
asis

+0.196 x gradient glrlm GrayLevelNonUniformity

+0.160 x wavelet-LH glem JointEnergy

+0.135 x wavelet-HL glrlm RunPercentage

—0.067 x 1bp-2D_firstorder Mean

—0.059 x original shape2D MajorAxisLength

+0.005 x Ibp-2D_firstorder RootMeanSquared-0.080
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Table 3. Candidate clinical predictors after logistic regression analysis.

Univariate analysis

Multivariate analysis

Clinical features

OR (95% CI) B (SE) ) OR (95% CI) B (SE) P
Age 1.01 (0.99,1.03) 0.01(0.01) 0.413
Sex 173 (1.12,2.67)  0.55(0.22) 0.013 1.80(1.08,3.00) 0.59(0.26)  0.025
LDL 1.28 (1.00, 1.63)  0.25(0.12)  0.050
HDL 0.31(0.15,0.63) —1.17(0.38) 0.001 0.69 (0.29, 1.65) —0.37 (0.45) 0.403
TC 1.22 (0.9, 1.50)  0.20 (0.10)  0.067
TG 3.12(2.08,4.67) 1.14(0.21) <0.001
FBG 1.84 (1.47,2.29) 0.61 (0.11) <0.001 1.20(0.98,1.46) 0.18(0.10) 0.071

TyG index 5.84 (3.57,9.57) 1.76 (0.25)
Hypertension status 2.13 (1.40, 3.22) 0.76 (0.21)
Diabetes status 2.07 (1.22,3.50) 0.73 (0.27)

<0.001 3.82(2.13,6.84) 1.34(0.30) <0.001
<0.001 1.81(1.14,2.87) 0.59(0.24)  0.012
0.007 0.66(0.32,1.34) —0.42(0.37) 0.245

OR, odds ratio; 95% CI, 95% confidence interval; SE, standard error.
Variable coding: Sex was coded as 1 for male; hypertension status was coded as 1 for the presence of

hypertension; diabetes status was coded as 1 for the presence of diabetes.

The three radiomics features that showed a stronger a
ssociation in themodel were original shape2D Maximum
Diameter,exponential glrlm GrayLevelNonUniformity, a
ndwavelet-HL glcm_InverseVariance. Original shape2D
_MaximumDiameter isa shape-based descriptor of the larg
est diameter of the plaque. A largermaximum diameter of t
he plaque is associated with an increased risk ofsevere lesi
ons, and thus has a positive regression coefficient.

Exponential glrlm GrayLevelNonUniformity
describes the texture heterogeneity of the plaque. Higher
values of this feature indicates that an increase in internal
echo heterogeneity is associated with a higher risk score.

Wavelet-HL _glem InverseVariance is another text
ure feature of local uniformity. The negative coeff icient
indicates that a more even texture of plaque is associated
with a reduced risk.

3.4 Model Construction and Evaluation

Three different prediction models were built. Model
A (clinical model) includes sex, TyG index, and
hypertension status. Model B (radiomics model) only used
the Rad score. Model C (combined model) combined both
clinical and radiomics features. The diagnostic
performance of the three models is shown in Fig. 2. The
AUC of Model A on the training set was 0.728 (95% CI:
0.671-0.784). The test set was 0.663 (95% CI:
0.539-0.787). Sensitivity and specificity were 0.772/0.667
and 0.750/0.550.  Accuracy is 0.717/0.645. PPV is
0.679/0.600. NPV is 0.763/0.710. F1 score = 0.723/0.667,
and Model B (Rad score alone) has an AUC of 0.673 (95%
CI: 0.613-0.734) on the training set. In the test set, it was
0.686 (95% CI: 0.567-0.806).  The sensitivity and
specificity are 0.593/0.704 and 0.611/0.650, respectively.
Accuracy is 0.651/0.632. PPV = 0.647/0.611. NPV is
0.655/0.650. F1 score: 0.619/0.611; Model C performed
the best. The AUC of the training set was 0.823 (95% CI:
0.777-0.870). The AUC of the test set was 0.730 (95% CI:

0.616-0.844). Sensitivity and specificity are 0.876/0.610
and 0.694/0.725, respectively. Accuracy is 0.737/0.711.
PPV was 0.672/0.694. NPV is 0.843/0.725. The F1 score
is 0.760/0.694.

DeLong test was used to compare the AUC of the
models. Model C had a relatively high discrimination
performance in the training set compared to Model A (p =
0.008) and Model B (p < 0.001). Model C also performed
better than each single-modality model in the test set for
predicting coronary lesion severity (p = 0.032 vs. Model
A; p =0.041 vs. Model B). A calibration curve was used
to compare the predicted probability of coronary artery
stenosis from Model C with the actual incidence of
coronary artery stenosis (Fig. 3). The fit to the training
data is reasonably good. A good calibration result was
also obtained in the test set. DCA was performed to assess
the clinical net benefit of the combined model (Fig. 4).
Analysis showed that at various threshold probabilities,
Model C had demonstrated a better clinical net benefit
than both the “treat-all” and “treat-none” approaches.

Two types of plots based on SHAP have been
generated for interpretability: A force plot (Fig. 5)
showing the reasons for individual predictions, and a
beeswarm plot (Fig. 6) displaying the global distribution
of all feature values. The force plot displays the SHAP
values of each feature for an individual prediction.
Beeswarm plots were used to show the patterns of feature
importance in the whole cohort. Therefore, it was found
that the Rad score was a good indicator of high-risk
coronary heart disease. TyG index followed, and a larger
value of both indicators led to an increased risk. As shown
in the force plot, hypertension, a high TyG index, and an
elevated Rad score were associated with an increased risk;
however, for the representative individual case, being
female reduced the risk.
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Fig. 2. Diagnostic performance of the three prediction models in the training and testsets. (A) ROC curves of the three models in

the training set. (B) ROC curves of the three models in the test set. (C) Radar chart of the diagnostic performance of the three models in

the training set. (D) Radar chart of the diagnostic performance of the three models in the test set. ROC, receiver operating characteristic;

PPV, positive predictive value; NPV, negative predictive value. Model A, clinical model; Model B, radiomics model; Model C, combined

model.

4. Discussion

Determine the severity of damage to the coronary
lesions and improve the diagnostic and treatment plans for
CHD. Personalized treatment and the prediction of disease
evolution are enabled.  Although invasive coronary
angiography (ICA) anterior oblique coronary angiography
has relatively good accuracy, it is still a common first step
in the evaluation to perform conventional coronary
angiography. However, due to procedural risks and high
costs, it has not been implemented. Therefore, they have

&% IMR Press

been used sparingly. As medical images have developed
in recent years, so too have new methods for extracting
information from them. The above method is suitable for
the extraction of high-throughput quantitative features
from images. Algorithms of artificial intelligence can also
be employed to conduct fine-grained studies of lesion
biology. Radiomics is a non-invasive method that can now
be used to assess the severity of coronary lesions. It is not
an invasive method. We have combined radiomics features
of carotid ultrasound and clinical data in a new way here.
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Fig. 3. Calibration curves of Model C in the training and test sets. LR, logistic regression.

The above integrations formed the basis of a prediction
model. Our model is more precise in grading and can be
applied clinically compared with single-modality methods.

Many other groups have been studying the radiomics
of coronary artery lesions before this study. At the same
time, other related studies have explored the identification
of atherosclerotic plaques [14], the assessment of coronary
inflammation [15], and the prediction of coronary
calcification and stenosis [16]. Based on this background,
our research has discovered that radiomics features in
carotid ultrasound images also possess good predictive
capabilities for the severity of coronary artery lesions.
After feature selection, the 17 best-performing ultrasonic

radiomics features were selected as the indicators of
coronary severity. Then, we built a machine learning
model for coronary lesion grading. This model combined
the ultrasonic radiomics features with clinical risk factors,
and the combined model (Model C) reached an AUC of
0.823 (95% CI: 0.777-0.870) in the training set and 0.730
(95% CI: 0.616-0.844) in the independent test set. It
outperformed the model that used only traditional clinical
indices (Model A) and the unimodal radiomics feature
model (Model B) significantly. A reasonable calibration
curve and a positive net benefit in DCA also show that the
model is reliable and applicable to the clinic; this result is
in line with other studies of cardiovascular radiomics [17].
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Fig. 5. Force plot visualisation: hypertensive female with severe coronary stenosis (severe group). Variable coding: Sex was coded

as 1 for male, and hypertension status was coded as 1 for having hypertension. Rad score, radiomics score.
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Therefore, multimodal data fusion needs to be employed  assessment. Merge systemic metabolic indicators (TyG
to improve the accuracy of non-invasive coronary index) and local vascular imaging characteristics (carotid
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radiomics) to overcome the limitations of single-modality
approaches in our model.

SHAP plots are used to show the results and reasons
for the model. The above graphs show the effects of the
features on the predicted value. Thus, the model’s
decision-making process has been made more transparent
and the reasons for the drop in accuracy identified. The
previous studies have shown that it is feasible to use this
model [18,19]; to make the prediction of coronary lesion
severity more intuitive, a beeswarm plot for model
visualisation has been developed. The beeswarm plot
more intuitively illustrates how the distribution of feature
values is associated with changes in lesion severity,
thereby facilitating clinical interpretation and visualising
the results of the SHAP-based feature attribution analysis.
Thus, it quantifies the predictive power of various
attributes for a particular person. The resulting force plots
are customised visualisations of feature importance. The
data will help the doctor understand why a patient has a
high or low risk. They can also explore the interaction
among features [20], and the interpretability framework
we established has a dual purpose of clinical translation.
First, it is possible to show the prediction logic of a
complicated model in a simple-to-use visual form.
Second, it is possible to measure the added benefits of
biomarkers in disease progression. The open channel can
help the public trust radiomics more easily and provide a
stable support system for implementing radiomics-based
technologies in the clinic.

Some previous studies have identified associations
among hypertension, sex, and the degree of coronary
artery disease [21,22,23]. Our research provides the above
support. Hypertension (OR: 1.81, 95% CI: 1.14-2.87) and
male sex (OR: 1.80, 95% CI: 1.08-3.00) were identified as
independent risk factors for severe coronary lesions in
patients with CHD, and the new function of the TyG index
as an independent predictor of coronary severity was also
confirmed. Wang and others have found that a higher TyG
index was associated with an increased risk of multi-vessel
coronary artery disease. They pointed out its application in
measuring CAD severity by IR estimation [24]. TyG index
changes in IR and glycolipid metabolic diseases are not
pronounced. Quantify the combined impact of
triglycerides and glucose metabolism to do so [25].
Pathways are relatively numerous.  First, IR causes
endothelial dysfunction by reducing the activity of
endothelial nitric oxide synthase (eNOS). This will form a
plaque [26]. Second, hypertriglyceridemia promotes the
deposition of triglyceride-rich lipoproteins (TRLs). It will
also activate the nuclear factor kappa B (NF-kB) pathway
and cause inflammation of the vascular wall [27]. Thirdly,
impaired glucose metabolism will be prone to generating
harmful end products of glycation. It will hasten the
development of coronary calcification [28]. The TyG
index is a relatively simple-to-use index. The diagnostic
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thresholds have not been normalised yet. Therefore, the
clinical interpretation should be in conjunction with other
metabolic indicators [29], and in this study, HDL, TG,
FBG and diabetes status were all statistically significant in
univariate logistic regression. They were not statistically
significant in the multivariate analysis. This does not
match the above data [30,31,32,33]. We believe that this is
probably due to the daily consumption of
cholesterol-reducing and blood-sugar-lowering drugs by
the members of our group. The cross-sectional design of
this retrospective study may also be added. In the future,
we will look at the connection among the various lipid
indices and FBG with coronary lesions prospectively.

The following are some limitations of this study:
First, the data were only collected at one centre. The past
design may be less applicable to all groups of people in the
wide population. A forward-looking multi-centre study for
external validation will be conducted. Second, as it is a
retrospective study, it cannot fully rule out confounding
factors caused by changes in patients’ medication. Patient
inclusion was not randomised, and the third was a binary
system for coronary lesion severity. This way is too
general. The next research will be a quantitative one, and
we will use the SYNTAX (synergy between percutaneous
coronary intervention with TAXUS and cardiac surgery)
score and the Gensini score. They will enable more
refined divisions of the complexity and severity of the
lesions. They can also perform fine-grained risk analysis
in a hospital.

5. Conclusion

In this study, we developed a non-invasive model
combining the TyG index and carotid plaque radiomics to
predict severe coronary stenosis in CHD patients. The
combined  model  outperformed  single-modality
approaches,  indicating that systemic metabolic
dysfunction and local plaque heterogeneity provide
complementary information on lesion severity.  This
integrated tool offers a practical strategy for early risk
stratification, potentially reducing unnecessary invasive
coronary angiography and supporting personalized
treatment decisions.  Future prospective, multicenter
studies with quantitative angiographic scoring are
warranted to validate its clinical utility and prognostic
value.

Key Points

* This paper intends to build a non-invasive
multimodal model that integrates TyG index and carotid
plaque ultrasound radiomics features to evaluate the
severity of coronary artery lesions and overcome the
deficiencies of ICA.

¢ Multivariate analysis was performed on this
retrospective single-centre study of coronary heart disease
(CHD) patients to identify clinical predictors, and a
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radiomics score was established using the two-step
strategy for feature selection in the training set.

* The combined model integrates clinical predictors
and a radiomics score, and this model performs better in
terms of discrimination than either model individually; both
the training and test sets show an increase in AUC.

* The results show that the combined model may
serve as an early indicator of pre-procedure risks
non-invasively; however, due to the study design
limitations, further prospective multi-centre validation is
still needed.
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