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Diagnosis of perimenopausal 
coronary heart disease patients 
using radiomics signature 
of pericoronary adipose tissue 
based on coronary computed 
tomography angiography
Weisheng Zhan 1, Hui Luo 2, Jie Feng 1, Rui Li 1* & Ying Yang 1*

To assess whether the radiomics signature of pericoronary adipose tissue (PCAT) from coronary 
computed tomography angiography (CCTA) can distinguish between perimenopausal women with 
coronary heart disease (CHD) and those without coronary artery disease (CAD). This single-center 
retrospective case–control study comprised 140 perimenopausal women with CHD presenting with 
chest pain who underwent CCTA within 48 h of admission. They were matched with 140 control 
patients presenting with chest pain but without CAD, based on age, risk factors, radiation dose and 
CT tube voltage. For all participants, PCAT around the proximal right coronary artery was segmented, 
from which radiomics features and the fat attenuation index (FAI) were extracted and analyzed. 
Subsequently, corresponding models were developed and internally validated using Bootstrap 
methods. Model performance was assessed through measures of identification, calibration, and 
clinical utility. Using logistic regression analysis, an integrated model that combines clinical features, 
fat attenuation index and radiomics parameters demonstrated enhanced discrimination ability for 
perimenopausal CHD (area under the curve [AUC]: 0.80, 95% confidence interval [CI]:0.740–0.845). 
This model outperformed both the combination of clinical features and PCAT attenuation (AUC 0.67, 
95% CI 0.602–0.727) and the use of clinical features alone (AUC 0.66, 95% CI 0.603–0.732). Calibration 
curves for the three predictive models indicated satisfactory fit (all p > 0.05). Moreover, decision curve 
analysis demonstrated that the integrated model offered greater clinical benefit compared to the 
other two models. The CCTA-based radiomics signature derived from the PCAT model outperforms 
the FAI model in differentiating perimenopausal CHD patients from non-CAD individuals. Integrating 
PCAT radiomics with the FAI could enhance the diagnostic accuracy for perimenopausal CHD.

Keywords  Coronary computed tomography angiography, Pericoronary adipose tissue, Coronary heart 
disease, Radiomics, Perimenopause

Perimenopause represents a transitional phase for middle-aged women, characterized by frequent hormonal 
fluctuations1. During and after this menopausal transition, many women report experiencing a range of symp-
toms, with chest pain being among the most prevalent. The etiology of chest pain can be multifaceted, potentially 
stemming from cardiovascular disease, respiratory conditions, or psychological factors2,3.

The menopausal transition is marked by an increase in available testosterone levels, leading to a decline in 
estrogen. Concurrently, metabolic dysfunction may also induce dyslipidemia and impaired glucose tolerance, all 
of which are recognized risk factors for cardiovascular diseases4. Thus, coronary artery disease (CAD) must be 
considered when evaluating chest pain in perimenopausal patients. With continuous advancements in cardiac 
computed tomography (CT) technology and equipment, its application has expanded from merely identifying 
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anatomical coronary stenosis to becoming a sophisticated imaging tool5–7. Currently, coronary artery CT angi-
ography (CCTA) is the primary non-invasive method for diagnosing CAD8,9. Clinically, CCTA is frequently 
utilized for assessing coronary artery calcification and diagnosing coronary heart disease10. Recent research 
indicates that vascular inflammation plays an important role in the formation of atherosclerosis and the rupture 
of atherosclerotic plaques11. Pericoronary adipose tissue (PCAT) is vital for maintaining vascular homeostasis 
through its continuous bidirectional communication with the vascular wall. In the context of vascular inflam-
mation, pro-inflammatory cytokines secreted by the inflamed vascular wall diffuse into PCAT in a paracrine 
manner, which hampers preadipocyte differentiation and lipid accumulation12–15. Antonopoulos AS introduced 
a novel sensitive biomarker, the Fat Attenuation Index (FAI), which assesses the CT attenuation of PCAT to 
detect changes in PCAT composition induced by vascular inflammation13,16. However, FAI measurement, rely-
ing solely on voxel intensity values, does not account for the complex spatial relationships between voxels and 
fails to capture more sustained alterations within the perivascular space due to vascular inflammation, such as 
fibrosis and neoangiogenesis12.

Radiomics is a method that enables precise phenotyping of tomographic images17. Essentially, this approach 
addresses the limitations of subjective analysis by delineating imaging regions of interest (ROI), transforming 
digital medical images into analyzable high-dimensional data, and subsequently constructing clinical models18. 
Notably, radiomics has shown significant potential in enhancing the diagnosis and treatment of CAD. A notable 
study utilizing CCTA-based radiomics to characterize PCAT surrounding coronary plaques revealed a unique 
PCAT radiomics phenotype distinguishing patients with acute myocardial infarction (MI) from those with 
stable or no CAD19.

In regards to perimenopausal women, early diagnosis of chest pain symptoms related to coronary heart dis-
ease could significantly improve treatment outcomes. Based on this consideration, we aimed to develop a PCAT 
radiomics signature to rapidly and accurately differentiate acute perimenopausal CAD patients from non-CAD 
individuals as an attempt to improve physicians’ ability to make clinical diagnoses.

Material and methods
Study design and population
We conducted a retrospective analysis of 140 consecutive patients presenting with perimenopausal CHD who 
underwent CCTA examinations at The Affiliated Hospital of North Sichuan Medical College from March 2019 to 
October 2023. All participants visited our facility due to chest pain symptoms. An additional group of 140 peri-
menopausal patients without CAD were closely matched to the CHD patients based on clinical characteristics, 
lipid profiles, cardiovascular risk factors, CCTA acquisition parameters, and both systolic and diastolic blood 
pressures. The female patients included in this study were in the perimenopausal phase, aged between 43 and 
58 years, and exhibited typical chest pain symptoms. A detailed flowchart outlining the patient selection process 
and study design is provided in Fig. 1. The study protocol was approved by the Medical Ethics Committee of the 
Affiliated Hospital of North Sichuan Medical College (No. 2021PS010K).

Definition of CHD
Coronary atherogenic heart disease is characterized by the stenosis or occlusion of the coronary artery lumen due 
to atherosclerosis, leading to myocardial ischemia, hypoxia, or necrosis20. The diagnosis of coronary heart disease 
was independently determined by a team of three cardiologists based on a combination of criteria: alterations 
in troponin levels (decrease and/or rise), symptoms indicative of coronary heart disease (such as chest pain or 
dyspnea), changes observed in the 12-lead electrocardiogram (ECG) at the onset, new evidence of regional wall 
motion abnormalities on imaging21, and the evaluation of coronary lesions via invasive coronary angiography.

CCTA acquisition
All scans were conducted using a 2 × 96-detector-row CT scanner equipped with Stellar Infinity detectors 
(SOMATOM Force, Siemens, Germany). Scanning protocols involved prospective electrocardiographic gating, 
with tube potentials ranging from 70 to 150 kV and a maximum duration of 0.25 s, achieving a single-sector 
temporal resolution of 66 ms. The tube voltage values were determined based on a combination of operator 
discretion and the CT scanner’s automated exposure control system, which adjusted the tube voltage to opti-
mize image quality while minimizing radiation dose, taking into account patient size and clinical requirements. 
We acknowledge that variations in tube voltage can influence image quality by affecting signal-to-noise ratio 
(SNR). This potential impact on the measurements of regions of interest (ROIs) was considered, and we ensured 
that image quality was consistently within acceptable diagnostic standards across all scans. The incorporation 
of holographic photon detectors, alongside Edge and Ultra-High Resolution (UHR) technology, minimizes 
electron crosstalk between adjacent detectors, allowing for the reconstruction of the acquisition layer thickness 
from 0.6 mm to a finer layer of 0.4 mm. To reduce artifacts associated with respiratory movement, patients were 
instructed to practice breath-holding prior to scanning. The CCTA data collection range extended from 2 cm 
below the tracheal bifurcation (upper margin) to 1 cm below the cardiac diaphragm (lower margin), with left 
and right boundaries extending beyond 1–2 cm on either side of the heart margin.

Quantification measurement of FAI
PCAT was identified as all voxels within the attenuation range of − 190– − 30 HU, situated at a radial distance 
from the outer vessel wall equivalent to the vessel’s diameter. FAI was calculated by averaging the attenuation 
values of adipose tissue surrounding the vessel within the designated measurement area. In prior research, the 
FAI of PCAT around the proximal right coronary artery (RCA) has been established as a quantitative marker 
indicative of global coronary inflammation22,23. Thus, we utilized software to automatically delineate the proximal 
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segment of the measured RCA (ranging from 10 to 50 mm from the RCA opening) and ensure a high level of 
standardization and repeatability. FAI measurements for all participants were conducted using the CoronaryDoc 
software version 6.21 (Shukun Technology Co., Ltd, Beijing, China).

PCAT segmentation and radiomics feature extraction
The automatic segmentation and extraction process is essential for the clinical validation and application of 
PCAT segmentation, ensuring both timeliness and consistency in analysis. Based on the methodology described 
by Oikonomou et al.23, Shukun Technology was used for the fully automated extraction of PCAT. To minimize 
the impact of the aortic wall, the analysis excluded a 10 mm segment proximal to the RCA and selected a region 
extending from 10 mm downstream of the aortic root to 50 mm proximal to the end of the RCA. The designated 
cross-sectional area for analysis was defined as three times the diameter of the respective vessel lumen, consistent 
with the previously established criteria for FAI measurement. From the segmented PCAT adjacent to plaques, a 
total of 93 radiomic features were extracted, encompassing morphological features, first-order histogram features, 
and higher-order texture features.

Perimenopausal pa�ents who underwent a 
CCTA examina�on for chest pain between 
March 2019 and October 2023 

Excluded(n=21) 
-Previous MI or 
revasculariza�on(n=9) 
-Poor CCTA image 
quality(n=5) 
-Coronary origin 
varia�on(n=1) 
-Incomplete medical record 
data(n=6) 

Perimenopausal non-CHD 
pa�ents in HIS (n=403)

Excluded(n=40)
-Poor CCTA image 
quality(n=11) 
-Coronary origin 
varia�on(n=3) 
-Incomplete medical record 
data(n=26) 

randomly selected pa�ent 
without CAD (n=180)

Perimenopausal CHD 
pa�ents (n=161)

Matching by age,BMI,risk factors and CT 
tube voltage 

Final perimenopausal 
CHD cohort (n=140)

Final perimenopausal 
non-CAD cohort (n=140)

Figure 1.   Flow chart showing the selection process for the study population. Abbreviations: CCTA, coronary 
computed tomography angiography; CAD, coronary artery disease; CHD, coronary heart disease; HIS, hospital 
information system; BMI, body mass index; MI, myocardial infarcti.
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Feature selection and prediction model building
The data were standardized before the selection of radiomics features. To eliminate redundancy, features dem-
onstrating a high degree of correlation were identified and removed through Spearman correlation analysis. 
Subsequently, the least absolute shrinkage and selection operator (LASSO) technique was applied to further 
refine the selection of image features, thereby preventing overfitting and ensuring appropriateness for the limited 
sample size. The final selection comprised radiomics features with significant non-zero coefficients, which were 
utilized for model construction24.

A logistic regression model (Model 1) was developed, incorporating the clinically significant predictors iden-
tified. To this model, novel CCTA-based imaging biomarkers, including the FAI (Model 2) or a combination of 
PCAT attenuation with 15 PCAT imaging features identified through the previously mentioned methods (Model 
3), were added. To validate these logistic regression models internally, the bootstrap method25 was employed, 
involving repeated sampling for analysis (N > 500) to mitigate potential bias and limit the risk of overfitting. 
Figure 2 illustrates the radiomics workflow utilized in this study.

Statistical analysis
Statistical analyses were conducted using R studio (version 4.0.3). Continuous variables are presented as 
mean ± SD or median (interquartile range [IQR]: 25th, 75th percentile), depending on the distribution of the data. 
Categorical variables are summarized as frequency (percentage). For comparing categorical variables between 
two groups, the chi-square or Fisher’s exact test was utilized. Continuous variables were analyzed using Student’s 
t-test or the Wilcoxon test, as appropriate. Significance was established using a two-tailed p < 0.05.

The performance of the three developed models was assessed in terms of discrimination, calibration, and 
clinical utility. Discrimination was evaluated using the receiver operating characteristic (ROC) curve to deter-
mine each model’s accuracy in distinguishing perimenopausal patients with CHD. The area under the curve 
(AUC) of different models was compared using the DeLong test. Calibration curves were generated to compare 
the observed outcomes with the predicted probabilities for each of the three models, assessing their calibra-
tion. Decision curve analysis (DCA) was employed to evaluate the clinical usefulness of the prediction models, 
measuring the net benefit across various threshold probabilities.

We reviewed the Dose-Length Product (DLP) values across different tube voltages and found no statistically 
significant differences that would affect our results (p > 0.05). The DLP values were analyzed to ensure that vari-
ations in tube voltage did not compromise the measurements of regions of interest (ROIs). The standard devia-
tion of DLP values indicates a range, reflecting variations in patient anatomy and clinical indications. However, 
these differences were not statistically significant and did not impact the overall quality and reliability of the 
measurements (Table 1).

Ethical approval and consent statement
This research was performed in accordance with the Declaration of Helsinki and was approved by the Ethics 
Committee of the Affiliated Hospital of North Sichuan Medical College (No. 2021PS010K). Informed consent 
was obtained from all subjects and/or their legal guardian(s).

Results
Patients’ clinical characteristics
The baseline characteristics of the 280 participants in the study are detailed in Table 2. The use of bootstrap resa-
mpling for validation on the original dataset negates the requirement for separate training and test sets. Within 
the group of 140 patients diagnosed with CAD, myocardial infarction was observed in 7 (5.00%) patients, stable 
angina in 74 (52.86%), and unstable angina (UA) in 59 (42.14%). Both the perimenopausal CHD group and the 
non-CAD cohort were closely matched across all measured characteristics.

Feature selection and prediction model building
Clinical characteristics associated with major adverse cardiovascular events (MACE) were assessed using uni-
variate analysis. Variables demonstrating a significance level of p < 0.05 were considered for further analysis. 
Multivariate logistic regression analysis identified total cholesterol, white blood cell count, and body mass index 
(BMI) as significant predictors of MACE (p < 0.05) (Table 1).

First, three clinical characteristics were identified as significantly associated with the diagnosis of CAD 
through both univariate and multivariate logistic regression analyses. Then, these variables were utilized to 
construct a clinical feature model via logistic regression. Subsequently, the FAI value from the RCA was incor-
porated into the clinical model to establish the FAI model using the same methodology.

For the radiomics analysis, features were extracted from the PCAT region proximal to the RCA. After apply-
ing Spearman correlation analysis to eliminate redundant features, 35 features remained. The LASSO regression 
analysis further refined this list to 15 significant radiomics features with non-zero coefficients.

By integrating the clinical characteristics, FAI and these radiomics features, a comprehensive logistic model 
was developed and then applied to the diagnosis of perimenopausal CHD.

Discrimination
ROC curves were constructed to evaluate the discrimination performance of the three predictive models 
(Fig. 3). The combined model demonstrated superior discrimination capabilities with an AUC of 0.800 (95% 
CI: 0.740–0.845], outperforming both the clinical model (AUC = 0.660, 95% CI: 0.602–0.727) and the FAI 
model (AUC = 0.670, 95% CI: 0.603–0.732]. The discriminative power of these models was further quantified 
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by assessing AUC, accuracy, specificity, and sensitivity values (Table 3). The DeLong test, used for comparing the 
AUC values between models or datasets, indicated no significant difference between the clinical and FAI models 
(p = 0.7401). Conversely, significant differences were observed when comparing the comprehensive model with 
either the clinical or FAI models (all p < 0.05).

Calibration and clinical application
The calibration curves for the three predictive models demonstrated a strong agreement between the predicted 
probabilities and observed outcomes across the dataset, with the comprehensive model showing a higher con-
cordance than the other two models (Fig. 4). DCA was used to further evaluate the clinical utility of the three 
models by comparing their net benefits at various threshold probabilities and showed that the comprehensive 

Figure 2.   Flowchart illustrating the development of the integrated radiomics-based model. Abbreviations: 
CCTA, coronary computed tomography angiography; PCAT, pericoronary adipose tissue; FAI, fat attenuation 
index; RCA, right coronary artery.
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Table 1.   Logical regression analysis of the independent predictors. LDL, low-density lipoprotein; HDL, high-
density lipoprotein; BP, blood pressure.

Variables

Univariate regression 
analysis

Multivariate regression 
analysis

OR 95% CI p OR 95% CI p

Age 1.028 0.968, 1.093 0.364 – – –

Body mass index 1.151 1.049, 1.270 0.004 1.173 1.062,1.301 0.002

Hypertension 1.396 0.861, 2.271 0.177 – – –

Diabetes 1.737 0.932, 3.306 0.086 –

Smoking 1.343 0.291, 6.925 0.703 – – –

Triglycerides 1.022 0.821, 1.277 0.842 – – –

Total cholesterol 1.312 1.004, 1.730 0.049 1.462 1.093,1.983 0.012

LDL cholesterol 1.358 0.959, 1.945 0.088

HDL cholesterol 2.048 0.971, 4.461 0.064 – – –

White cell count 1.319 1.107, 1.592 0.003 1.322 1.103,1.608 0.003

Radiation dose 1.001 1.000, 1.002 0.165 – – –

Systolic BP 1.014 1.000, 1.029 0.049 1.014 0.999,1.029 0.072

Diastolic BP 1.014 0.993, 1.036 0.201 – – –

Heart rate 1.011 0.990, 1.034 0.297 – – –

CT tube voltage 1.023 0.987, 1.060 0.213 – – –

Table 2.   Baseline characteristics of the study population. P values were obtained from univariate analysis 
assessing the associations between various variables, indicating statistically significant differences. These values 
reflect disparities between the cohorts of perimenopausal CHD and non-CAD individuals. Abbreviations: 
CHD, coronary heart disease; CAD, coronary artery disease; LDL, low-density lipoprotein; HDL, high-density 
lipoprotein; CCTA, coronary computed tomography angiography; DLP, dose-length product; BP, blood 
pressure.

Variables Total (n = 280) CHD (n = 140) No CAD (n = 140) p

Clinical characteristics

 Age, years 53 (50,55) 53 (50,56) 53 (50,55) 0.321

 Hypertension 107 (38.21%) 59 (42.14%) 48 (34.29%) 0.176

 Diabetes 49 (17.5%) 30 (21.43%) 19 (13.57%) 0.084

 Smoking 7 (2.5%) 4 (2.86%) 3 (2.14%) 1.000

 BMI (kg/m2) 24.52 (23.11,26.4) 24.91 (23.74,26.66) 24.05 (22.58,25.83) 0.002

Lipids,mmol/L

 Triglycerides 1.40 (1.12,1.7) 1.42(1.12,1.78) 1.37 (1.12,1.61) 0.501

 Total cholesterol 4.7 (4.08,5.3) 4.85 (4.22,5.33) 4.56 (4.08,5.24) 0.073

 LDL cholesterol 2.63(2.26,3.01) 2.66(2.28,3.07) 2.63 (2.26,2.95) 0.267

 HDL cholesterol 1.22 (1.05,1.41) 1.22 (1.05,1.5) 1.22 (1.08,1.31) 0.186

Inflammatory markers

 White cell count,*109/L 6.04 (5.33,6.93) 6.16(5.51,7.34) 5.87 (5.15,6.57) 0.002

CCTA acquisition parameters

 Tube voltage 0.426

  70 kV 136 (48.57%) 64 (45.71%) 72 (51.43%)

  80 kV 114 (40.71%) 58 (41.43%) 56 (40%)

  90 kV 30 (10.71%) 18 (12.86%) 12 (8.57%)

 Heart rate, bpm 78 (71.25,84.19) 78.50 (72.38,85.12) 77.17 (70.25,84) 0.151

 Systolic BP 133 (116,146.5) 135 (124,145.25) 129 (120,141.38) 0.010

 Diastolic BP 84.50 (78,91) 84.94 (78.38,90.54) 84 (76,91.37) 0.388

 Radiation dose, DLP 327.75 (240.28,479.05) 345.70 (236.43,497) 312.95 (243.3,436.25) 0.234
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model provides greater net benefits compared to the clinical and FAI models, underscoring its enhanced predic-
tive power (Fig. 5).

Discussion
In this study, we devised an integrated model that combines clinical characteristics, FAI and radiomics features 
derived from the PCAT of the RCA to enhance the diagnostic precision for perimenopausal CHD versus non-
CAD patients. This comprehensive model demonstrates superior capability in differentiation when compared to 
models based solely on PCAT attenuation. Inflammation is an important factor in atherogenesis and the rupture 
of arterial plaques, with pro-inflammatory cytokines from monocytes and T cells accelerating atherosclerosis 
progression11. Prior findings have shown that increased PCAT attenuation values, as determined by CCTA, 
indicate a reduction in adipocyte lipid content due to vascular inflammation, positioning FAI as a non-invasive 

Figure 3.   Receiver operating characteristic (ROC) curves of all models.

Table 3.   Predictive ability of all models investigated in this study. FAI fat attenuation index, AUC area under 
curve, 95% CI 95%confidence interval, SPE specificity, SEN sensitivity, ACC accuracy.

Model AUC (95% CI) SPE SEN ACC​

Clinical model 0.66 0.829 0.457 0.632

Clinical + FAI model 0.67 0.843 0.450 0.621

Clinical + FAI + Radiomicsmodel 0.80 0.729 0.450 0.739

Figure 4.   Calibration curves for the three predictive models. These curves illustrate the agreement between the 
predicted probabilities of outcomes by the models and the actual observed outcomes. A curve that closely aligns 
with the diagonal line indicates a model with high calibration accuracy.
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marker of arterial inflammation. This marker remains unaffected by the extent of coronary calcification or 
the severity of stenosis13,26,27. Moreover, vascular inflammation not only diminishes fat accumulation but also 
induces irreversible alterations in PCAT, such as fibrosis and microvascular remodeling, detectable via CCTA​
12,28. However, the FAI alone does not capture the complex spatial interplay among these voxels. Radiomics, a 
technique that can extract numerous quantitative data from medical images, enables the detailed quantification 
of lesion phenotypes, significantly expanding the information derived from CT scans18. By analyzing thousands 
of features invisible to the naked eye within a designated region of interest, radiomics can transform these into 
actionable big data, facilitating the construction of imaging models that closely correlate with clinical outcomes29. 
Based on the work of Oikonomou EK et al.30, who developed and validated a novel fat radiomics profile (FRP) 
across diverse patient groups to enhance cardiac risk prediction beyond conventional risk factors, our study 
similarly employs PCAT radiomics to refine the diagnostic efficiency for perimenopausal patients experiencing 
cardiogenic chest pain, underlining the potential of integrating advanced imaging features with clinical insights 
to improve patient care.

In a previous study, investigators explored the association between PCAT radiomics features derived from 
CCTA and the presence of inflammation from the tissue biopsy results of 167 patients who underwent cardiac 
surgery30. This analysis highlighted the relevance of first-order texture features as key indicators of inflammation 
within PCAT. Additionally, it was noted that PCAT from different anatomical locations offers varying diagnostic 
values. Particularly, the RCA region, characterized by a larger volume of adipose tissue and ease of data collec-
tion, was emphasized for its utility in extracting comprehensive radiomics features, including morphological, 
histogram and texture features. These features enable more detailed quantification of changes in the coronary 
artery from the imaging dataset.

Women undergoing perimenopause frequently experience chest pain attributed to diverse causes linked to 
hormonal fluctuations during this phase2,3. In this study, our aim was to enhance the efficiency of diagnosing 
perimenopausal cardiogenic chest pain through the application of PCAT radiomics using CCTA data. By extract-
ing detailed information on adipose tissue heterogeneity and morphological alterations, the CCTA-based PCAT 
radiomics model was found to possess superior diagnostic capabilities for coronary heart disease in perimeno-
pausal women compared to models based solely on traditional FAI or clinical characteristics. Our approach 
utilizes CCTA-based PCAT radiomics analysis to not only identify patients with coronary atherosclerotic heart 
disease more effectively by capturing a broader spectrum of inflammatory information surrounding coronary 
tissues but also to ensure the repeatability and consistency of PCAT segmentation extraction and FAI measure-
ment through automation.

Furthermore, in a retrospective case–control study, radiomics characterization models for PCAT, established 
around specific lesions using CCTA, demonstrated enhanced predictive accuracy for acute coronary syndrome 
(ACS) compared to models based on traditional plaque characteristics31. By integrating clinical features, FAI, 
and radiomics features, we formulated a more comprehensive and personalized model for non-invasive imag-
ing-based patient identification. The findings reveal that the integrated model could substantially improve the 
discriminative capacity for identifying perimenopausal CHD patients over models limited to traditional clinical 
features or PCAT attenuation alone. The superior performance of the integrated model underscores the capability 
of the radiomics approach to extract predictive information from CCTA-based PCAT beyond that obtainable 
from conventional feature factors. These insights contribute to a deeper understanding of how inflammation 
influences structural changes in the coronary artery and surrounding tissues.

Limitations
This study had some limitations. Firstly, it is a single-center retrospective case–control study with a relatively 
small sample size. The use of a binary predictor with low prevalence introduced the issue of complete or quasi-
complete separation in logistic regression analyses32, underscoring the need for further external validation in 

Figure 5.   Decision curve analysis of the three predictive models. This graph plots the net benefit (y-axis) 
against various threshold probabilities (x-axis). It demonstrates that the combined model provides greater 
net benefit across a range of decision thresholds compared to the clinical and FAI models, indicating superior 
clinical utility.
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larger, independent cohorts to corroborate our findings. Secondly, the reproducibility of imaging features could 
be influenced by variations in image acquisition, reconstruction, and analysis processes. Given that all patient 
images in this study were obtained using the same CT scanner and settings within a single medical unit, it 
remains uncertain how differing equipment settings might impact the imaging omics parameters. Future studies 
are thus required to validate our model across various CT scanners33. Thirdly, the variation in CT parameters, 
particularly tube voltage, may influence image quality (signal-to-noise ratio) and the accuracy of measurements 
in the regions of interest (ROIs). The tube voltage values in our study were determined based on a combination 
of operator discretion and the CT scanner’s automated exposure control system to optimize image quality while 
minimizing radiation dose. Statistical analysis of Dose-Length Product (DLP) values across different tube volt-
ages indicated no significant differences that would compromise our results (p > 0.05). However, the standard 
deviation of DLP values reflects inherent variability due to patient anatomy and clinical indications. Despite 
these variations, we ensured that image quality was consistently within acceptable diagnostic standards across all 
scans, thus maintaining the reliability of our measurements. Lastly, the field of radiomics faces inherent limita-
tions related to the sensitivity of acquisition parameters and the potential for data overfitting or underfitting34.

Conclusion
In summary, the development of a comprehensive model that incorporates CCTA-derived PCAT radiomics 
features in this study enhanced the diagnostic accuracy for patients with perimenopausal CHD. In addition, 
our proposed comprehensive model based on radiomics significantly outperformed the FAI and clinical feature 
models in identifying perimenopausal CHD and non-CAD, suggesting a promising direction for future research 
and clinical practice to improve the diagnosis of CHD in perimenopausal wome.

Data availability
The datasets used and analyzed during the current study are available from the corresponding author on reason-
able request.
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