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Abstract
Current research on the association between demographic variables and dietary patterns with atherosclerotic 
cardiovascular disease (ASCVD) is limited in breadth and depth. This study aimed to construct a machine learning 
(ML) algorithm that can accurately and transparently establish correlations between demographic variables, 
dietary habits, and ASCVD. The dataset used in this research originates from the United States National Health 
and Nutrition Examination Survey (U.S. NHANES) spanning 1999–2018. Five ML models were developed to predict 
ASCVD, and the best-performing model was selected for further analysis. The study included 40,298 participants. 
Using 20 population characteristics, the eXtreme Gradient Boosting (XGBoost) model demonstrated high 
performance, achieving an area under the curve value of 0.8143 and an accuracy of 88.4%. The model showed a 
positive correlation between male sex and ASCVD risk, while age and smoking also exhibited positive associations 
with ASCVD risk. Dairy product intake exhibited a negative correlation, while a lower intake of refined grains 
did not reduce the risk of ASCVD. Additionally, the poverty income ratio and calorie intake exhibited non-linear 
associations with the disease. The XGBoost model demonstrated significant efficacy, and precision in determining 
the relationship between the demographic characteristics and dietary intake of participants in the U.S. NHANES 
1999–2018 dataset and ASCVD.
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Introduction
Atherosclerotic cardiovascular disease (ASCVD) is a 
collection of conditions caused by atherosclerosis [1], a 
pathological process characterized by arterial inflamma-
tion and plaque formation, eventually leading to arterial 
narrowing and reduced blood flow, which can precipi-
tate serious cardiovascular events, including myocardial 
infarction and cerebrovascular accidents [2]. Numerous 
risk factors have been associated with ASCVD, such as 
hypertension, hyperglycemia, hyperlipidemia, and obe-
sity [3, 4]. The association between population character-
istics and ASCVD has received little attention, with most 
studies using conventional statistical methods [3]. Using 
a novel analytical approach could improve the accuracy 
of this association.

Previous studies using conventional statistical 
approaches for disease detection identified numerous 
data standards and preparation prerequisites [5, 6]. Cer-
tain traditional statistical techniques require well-orga-
nized data with a high degree of accuracy, resulting in the 
exclusion of a significant amount of unstructured data. 
Advances in science and technology have enabled the 
efficient and extensive collection of data. Consequently, 
processing, categorizing, and interpreting large datas-
ets present a significant research challenge for scholars 
investigating underlying patterns across multiple sources 
[7]. Machine learning (ML) algorithms in “black-box” 
methods require less data preparation, allowing research-
ers to analyze large datasets for purposes including dis-
ease diagnosis and health decision-making [8]. Recently, 
numerous studies have focused on applying ML tech-
niques to predict peripheral artery disease and cardiovas-
cular events [9, 10, 11].

In this study, we analyzed datasets from the United 
States National Health and Nutrition Examination 
Survey (U.S. NHANES, 1999–2018) to investigate the 
relationships between demographic variables, dietary 
patterns, and ASCVD. Based on population character-
istics, five ML models were selected and compared to 
detect ASCVD.

Methods
Data source
The NHANES, conducted by the National Center for 
Health Statistics (NCHS), is a significant program that 
collects nationally representative health data on the 
general population in the United States. It employs a 
sophisticated, multistage, stratified probability sampling 
methodology to poll approximately 5,000 individuals 
annually through cross-sectional surveys, which have 
been conducted biennially since 1999. To ensure sample 
representativeness, NHANES employs oversampling 
techniques for specific subsets of the population.

The NHANES protocol was approved by the NCHS 
Research Ethics Review Board, and all participants pro-
vided informed consent. NHANES survey data, compre-
hensive survey operation manuals, consent documents, 
and brochures from each period are available on the 
NHANES website ( h t t p  s : /  / w w w  . c  d c .  g o v  / n c h  s /  n h a n e s, 
accessed on 8 February 2023).

Study participants
The NHANES 1999–2018 survey initially included 
116,876 participants. After excluding those under 18 
years old (47,979), those with missing ASCVD values 
(24,891), and rows containing missing data (3,708), the 
final analysis included 40,298 participants. This group 
comprised 4,189 individuals with ASCVD and 36,109 
individuals without ASCVD (Fig. 1).

Outcome ascertainment
The research identified the presence of ASCVD accord-
ing to the 2013 American College of Cardiology/Ameri-
can Heart Association (ACC/AHA) guidelines, with at 
least one diagnosis of coronary heart disease, angina, 
heart attack, or stroke [12]. More stringent criteria were 
defined as a history of heart attack or stroke.

Study variables
Demographic information on the study participants 
was collected using the NHANES questionnaire, which 
included variables such as gender, age, race/ethnicity, 
education level, and poverty income ratio (PIR). Educa-
tion level was categorized into three groups: less than 
high school, high school or equivalent, and more than 
high school. PIR was considered a continuous variable, 
representing the ratio of self-reported family income 
adjusted for family or household size, composition, and 
year. Additionally, dietary habits, including calorie intake, 
the healthy eating index (HEI-2015), smoking status 
(never smokers, former smokers, or current smokers), 
and coffee consumption, were included. Our study used 
the most recent version of the HEI-2015 to evaluate the 
relationship between diet and ASCVD [13]. The HEI-
2015 is a valuable tool for assessing dietary quality based 
on the mainstream eating habits of 185 countries [14]. It 
considers 13 dietary components.

Data preprocessing
We used the criteria described in Fig.  1 to build our 
dataset. Participants under the age of 18 and those with 
missing ASCVD outcomes were excluded. Missing data 
are unavoidable in epidemiological and clinical research. 
Because the number of missing values in the dataset 
was small (3708 samples, 8.4% of data), we excluded 
the samples that contained missing values directly. Out 
of 40,298 records, 36,109 were classified as normal and 

https://www.cdc.gov/nchs/nhanes
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4,189 as ASCVD cases (Table 1). The class distribution of 
our dataset was highly imbalanced, with a ratio close to 
9:1. We employed the synthetic minority oversampling 
technique and edited the nearest neighbor (SMOTE-
ENN) resampling technique to balance the data [15]. 
SMOTE-ENN is a commonly used method for address-
ing data imbalance problems. It combines oversampling 
of the minority class and undersampling of the majority 
class while maintaining the overall size of data, thereby 
improving model prediction accuracy. Finally, since the 

value range of the original data in the dataset was already 
determined, we used the min-max normalization method 
to normalize our data feature values to the range of [0, 1], 
thus preserving the relationships among the original data 
values. Min-max normalization is a linear normalization 
method used to scale data to a specific range, typically 
between 0 and 1. It is commonly used in ML and data 
preprocessing to prevent features with different scales 
from disproportionately influencing model performance.

Fig. 1 Flowchart of the participants selection from NHANES 1999–2018. NHANES, national health and nutrition examination survey
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ML model strategies
We used five ML algorithms—logistic regression (LR), 
artificial neural networks (ANNs), support vector 
machine (SVM), random forest (RF), and eXtreme gra-
dient boosting (XGBoost)—to classify patients with 

ASCVD. LR is a commonly used supervised classification 
algorithm that predicts the probability of a target label 
[16]. ANNs are biologically inspired computer programs 
comprising hundreds of artificial neurons connected by 
weighted coefficients to form the neural structure [17]. 

Table 1 The demographic characteristics of the study participants were analyzed based on their ASCVD status in the NHANES dataset 
from 1999 to 2018
Characteristics ASCVD P value

ASCVD(n = 4189) non-ASCVD
(n = 36109)

HEI1, total score, mean(SD) 53.757(13.318) 53.136(13.28) 0.004
 total vegetable 3.283(1.574) 3.272(1.503) 0.640
 green and bean 1.753(2.144) 1.932(2.172) 0.000
 total fruit 2.709(2.013) 2.506(2.01) 0.000
 whole fruit 2.85(2.177) 2.618(2.197) 0.000
 whole grain 2.977(3.294) 2.462(3.043) 0.000
 total dairy 4.808(3.192) 5.021(3.167) 0.000
 tot prot 4.452(1.033) 4.428(1.053) 0.167
 sea plant prot 2.629(2.203) 2.74(2.184) 0.002
 fatty acid 5.094(3.379) 5.06(3.359) 0.536
 sodium 4.184(3.435) 4.456(3.373) 0.000
 add sug 6.809(3.285) 6.504(3.335) 0.000
 refined grain 6.105(3.457) 5.915(3.486) 0.001
 sfat 6.103(3.281) 6.22(3.281) 0.026
Energy2, kcal, mean(SD) 3608.51(1555.138) 4156.73(1748.037) 0.000
Alcohol consumption, gm, mean(SD) 101.334(416.947) 179.1(573.37) 0.000
Coffee, gm, mean(SD) 364.325(512.788) 269.424(406.619) 0.000
Age, years, mean(SD) 66.873(12.805) 47.682(17.534) 0.000
Household_size3, mean(SD) 2.419(1.391) 3.171(1.645) 0.000
PIR4, mean(SD) 2.248(1.485) 2.614(1.629) 0.000
Smoke status (n,%) 0.000
 current smokers 825(19.7) 7319(20.3)
 former smokers 1766(42.2) 8590(23.8)
 never smokers 1598(38.1) 20,200(55.9)
Gender (n,%) 0.000
 female 1759(42.0) 19,383(53.7)
 male 2430(58.0) 16,726(46.3)
Citizenship (n,%) 0.000
 citizen by birth or naturalization 4019(95.9) 31,250(86.5)
 not a citizen of the US 170(4.1) 4859(13.5)
Educational attainment (n,%) 0.000
 < High school 1416(33.8) 8719(24.1)
 > High school 1691(40.4) 19,134(53.0)
 High school 1082(25.8) 8256(22.9)
Race-ethnicity (n,%)
 Mexican American 459(11.0) 6340(17.6)
 Black(non-hispanic) 830(19.8) 7438(20.6) 0.2337
 White(non-hispanic) 2464(58.8) 16,535(45.8) 0.000
 Other hispanic 235(5.6) 2795(7.7) 0.000
 Other race 201(4.8) 3001(8.3) 0.000
Continuous variables are typically represented by means, while categorical variables are typically represented by proportions
1 The Healthy Eating Index−2015
2Energy intake for two days
3Total number of people in the household
4Ratio of family income to poverty
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SVM classifies data by separating classes using a bound-
ary, such as a line or multi-dimensional hyperplane [18]. 
RF and XGBoost are ensemble prediction models based 
on decision trees, making them suitable for classification 
tasks [19].

Performance metrics
To validate the stability and reproducibility of the mod-
els, a 10-fold cross-validation resampling was performed 
to ensure consistent model performance across different 
data subsets, thereby reducing the likelihood of over-
fitting. The area under the curve (AUC) of the receiver 
operating characteristic curve was used as a statisti-
cal measure to evaluate the performance of the models. 
Additionally, indicator accuracy, precision, recall, and 
F1-score were used to analyze the performance of dif-
ferent classifiers [20]. SHapley Additive exPlanations 
(SHAP) is a game-theoretic approach used to explain 
the outputs of ML models. SHAP uses SHapley values 
to determine how and to what extent each feature con-
tributes to the final result [21]. Accordingly, we employed 
SHAP to analyze the performance of the best ML model.

Statistical analysis
The descriptive statistical analysis included a summary 
of the demographic characteristics of the study partici-
pants, stratified by the presence of ASCVD. Independent 
samples t-tests were used for continuous variables with 
homogeneity of variance, whereas Welch’s t-tests were 
used for variables without homogeneity of variance. Dif-
ferences in categorical variables were evaluated using 
Pearson’s chi-square test.

Results
Demographic characteristics of the study participants
The demographic profile of the study participants is 
presented in Table  1. The mean age of individuals with 
ASCVD was 66, whereas that of individuals without 
ASCVD was 47. In the ASCVD group, 58% were males, 
and 42% were females. The primary racial demographic 
was White (non-Hispanic), accounting for 58.8% of the 
population.

ML to predict outcomes
The evaluation results of ML classifiers are presented in 
Table 2. All five models demonstrated good efficiency and 
stability. The XGBoost model performed the best with an 
AUC of 0.8143, followed by the ANNs (AUC = 0.8135), 
SVM (AUC = 0.8111), LR (AUC = 0.8088), and RF 
(AUC = 0.8075) models. The SVM model exhibited the 
highest precision, with a value of 0.8721. The XGBoost 
model achieved the highest F1-score with values of 
0.8631. The F1-score represents the weighted harmonic 
mean of precision and recall, effectively capturing the 
model’s overall performance in terms of both recall and 
precision metrics. Given the stability of the evaluation 
metrics for the XGBoost model and the potential height-
ened significance of the F1-score in clinical contexts, we 
have chosen this model for the identification of ASCVD.

Comparison with public prediction performance
We conducted a systematic review of the literature on 
ASCVD risk prediction published in PubMed between 
2019 and 2024 using the search keywords “NHANES” 
and “ASCVD.” Following a comprehensive filtering 
process based on title, topic, abstract, and full-text 
examination, we identified five articles that used ML 
methodologies to predict ASCVD risk (Table 3).

Explaining the XGBoost model using SHAP
Experimental results revealed that the XGBoost model 
outperformed others, especially in terms of F1-score. 
Therefore, SHAP analysis was conducted using the 
XGBoost model. We used SHAP to visually explain the 
selected variables and their relationships with ASCVD 
occurrence. Figure 2 displays the top 20 most important 
features in our model. The points in the plots represent 
different cases, color-coded based on the value of the 
corresponding variable on the y-axis and the SHapley 
value on the x-axis. The colors indicate whether the vari-
able is high (red) or low (blue), with the value associated 
with a higher or lower prediction. Consequently, based 
on the values of the variables, we obtained information 
on the magnitude and direction of their contributions to 
the model.

As illustrated in Fig. 2, age had the highest value across 
all characteristic horizons, followed by PIR, smoking 

Table 2 Shows the performance (mean of ten-fold cross-validation) for each performance parameter with 95% confidence intervals 
based on the LOS class
Classifiers Accuracy

[95% Cl]
Precision
[95% Cl]

Recall
[95% Cl]

F1-Score
[95% Cl]

AUC
[95% Cl]

LR 0.8952 (0.8948, 0.8956) 0.8356 (0.8298, 0.8414) 0.8952 (0.8948, 0.8956) 0.8477 (0.8474, 0.8481) 0.8088 (0.8020, 0.8157)
ANNs 0.8240 (0.8182, 0.8299) 0.8718 (0.8695, 0.8741) 0.8240 (0.8182, 0.8299) 0.8434 (0.8400, 0.8468) 0.8135 (0.8082, 0.8188)
SVM 0.8216 (0.8154, 0.8277) 0.8721 (0.8701, 0.8742) 0.8216 (0.8154, 0.8277) 0.8419 (0.8376, 0.8463) 0.8111 (0.8058, 0.8165)
RF 0.8863 (0.8837, 0.8889) 0.8487 (0.8450, 0.8523) 0.8863 (0.8837, 0.8889) 0.8601 (0.8578, 0.8623) 0.8075 (0.8037, 0.8114)
XGBoost 0.8841 (0.8831, 0.8852) 0.8590 (0.8584, 0.8596) 0.8841 (0.8831, 0.8852) 0.8631(0.8616, 0.8646) 0.8143 (0.8094, 0.8191)
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status, household size, gender, and race. Furthermore, 
increases in age exerted a positive impact and pushed 
the prediction toward ASCVD, whereas increases in PIR 
exerted a negative impact and pushed the prediction 
toward non-ASCVD. Further investigation into the rela-
tionship between ASCVD and diet revealed that coffee 
consumption, alongside moderate intake of dietary salt 
and vegetables, is beneficial in preventing ASCVD. The 
recommended intake of refined grains by the HEI does 
not apply to patients with ASCVD.

Analysis of potential interactions between features based 
on SHAP values
Figure  2 provides global insights into our XGBoost 
model. For local model explanations, other outputs from 
the SHAP framework focused on individual or pairs 
of variables. As illustrated in Fig. 3, we selected the top 
three dietary-related features from the HEI index system, 
alongside the “kcal” (total calorie intake over two days) 
intake from the NHANES database, for further analy-
sis of the relationship between diet and model output. 
We observed two different trends in the recommended 
appropriate intake (higher scores indicating reduced 
intake) of salt and refined grains from the HEI score. 
While reduced salt intake was correlated with lower 
ASCVD risk, the same was not true for refined grains. 
Reduced consumption of refined grains did not correlate 
with a decreased ASCVD risk (Fig. 3A-B). Figure 3C indi-
cates a positive association between the recommended 
intake of dairy products and ASCVD prevention. Higher 
scores indicate higher intake. Figure  3D presents the 
non-linear relationship between the “kcal” feature and 
its corresponding SHAP values. A total calorie intake of 
5,000 kcal over two days appears to be an ideal value.

We identified potential interactions between features 
by analyzing the interaction plots using SHAP values. 
We enhanced the age-dependence scatter plot by incor-
porating color coding based on another feature (Fig.  4). 
We analyzed the pattern and trend of the relationship 
between age and the model’s output while considering 
different levels of “kcal” and PIR. Individuals who con-
sumed more than 5,000 kcal were aged 20 to 45 (Fig. 4A). 
This age range typically represents the primary workforce 
in society, thus having higher energy demands. The plot 
indicates that even though these individuals had a higher 
calorie intake every two days, their likelihood of develop-
ing ASCVD remained relatively low. Figure  4B suggests 
that individuals under the age of 60 viewed PIR as a pro-
tective factor against ASCVD, whereas those aged 60 and 
above viewed it as a negative influence.
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Fig. 2 SHAP summary plot for model interpretation. The importance ranking of the top 20 risk factors with stability and interpretation using the optimal 
model. The higher SHAP value of a feature is given, the higher risk of a patient developing ASCVD. The red part in feature value represents higher value
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Fig. 4 SHAP interactive plot for model interpretation. The x-axis represents the range of values for the Age feature, while the y-axis represents the SHAP 
values for the AGE feature, indicating the change it brings to the model’s output. On the right side are the contrasting features Kcal (A) and PIR (B), where 
red represents the high-score section and blue represents the low-score section

 

Fig. 3 SHAP dependence plot for model interpretation. The x-axis displays four distinct feature values, while the y-axis represents the SHAP values associ-
ated with each of these individual feature values
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Discussion
This study employed ML to analyze how demographic 
and dietary data in the U.S. NHANES dataset from 1999 
to 2018 relate to ASCVD. Among the five ML models 
evaluated, the XGBoost model demonstrated the best 
performance in classification and stability, with an AUC 
of 0.8143 and a F1-score of 0.8631.

We used SHAP to visually explain the selected variables 
and their relationships with ASCVD occurrence. Positive 
SHAP values imply that the feature values associated with 
it contributed to an elevated risk of ASCVD throughout 
the 20-year period of the U.S. NHANES survey, whereas 
negative SHAP values indicate a reduced risk. Our study 
ranked the features based on the average absolute value 
of SHapley scores and identified age, PIR, and smoking 
status as the most significant factors impacting the mod-
els. Specifically, advanced age, a low PIR, and smoking are 
associated with an increased ASCVD risk (Fig.  2). Fur-
thermore, larger household sizes and higher education 
levels effectively reduced ASCVD risk. Figures  3 and 4 
present the dependency graphs, which illustrate the mar-
ginal effects of one (Fig. 3) or two (Fig. 4) features on the 
predicted outcomes of the ML model. These graphs indi-
cate whether the relationship between the target variable 
and the features is linear, monotonous, or more compli-
cated. As illustrated in Fig. 3A, a lower sodium HEI score 
(less than 2) was associated with an increased likelihood 
of ASCVD risk, whereas Fig. 3B depicts a reversed trend. 
When the HEI score for refined grains exceeded 8, there 
was a positive correlation with the incidence of ASCVD. 
Figure  3C demonstrates that a total dairy HEI score of 
10 significantly reduced ASCVD risk. This suggests that 
higher intake levels, as indicated by higher scores, can 
help reduce ASCVD risk. Figure 3D illustrates a non-lin-
ear relationship between the “kcal” feature and its SHAP 
value. A kcal value below 2,500 significantly increased 
ASCVD risk, while 5,000 kcal optimally reduced this risk, 
implying that it is the ideal total calorie intake every two 
days. In Fig. 4, the x-axis represents the range of charac-
teristic values for the age feature, and the y-axis denotes 
the SHapley value of the age feature. Figure 4A-B depict 
the interaction between age on the x-axis and kcal and 
PIR on the y-axis, specifically for age values exceeding 
70 years. The SHapley value remained relatively con-
stant, suggesting that age exerts little influence on the 
target variable predicted by the model within this range. 
Furthermore, color variations were used to analyze the 
interaction effect between the primary and interaction 
features. In Fig.  4A, the majority of the red points are 
below y = 0, indicating that consuming 5,000 to 6,000 kcal 
every 2 days had a negative effect on individuals under 
the age of 60. Figure 4B demonstrates that for individuals 
under the age of 60, a high PIR exerted a more signifi-
cant negative effect on the model’s output. Notably, PIR 

exerted a more significant positive effect on individuals 
over 60 years old. A key limitation of SHAP is its high 
computational complexity. The computation of SHapley 
values requires the consideration of all potential feature 
combinations, making it computationally intensive, espe-
cially for large datasets and complex models. Further-
more, the order in which features are evaluated can have 
an impact on the interpretability of SHAP values, poten-
tially resulting in unstable outcomes.

Recently, ML has rapidly advanced as a predictive 
classifier that uses historical data to forecast future out-
comes. Previous research used ML techniques to develop 
predictive models for various risk factors linked to 
ASCVD [27, 28, 29]. The researchers employed several 
ML models, including RFs, SVMs, and decision trees, 
to investigate the correlation between heavy metals and 
hypertension. Such models are adept at handling com-
plex non-linear relationships, thereby improving the pre-
cision of predictions [27]. Several ML models, including 
LR, RF, and XGBoost, were used to forecast ASCVD risk 
over five years. The findings suggest that the ML mod-
els can provide improved risk predictions across a wider 
patient population, potentially aiding ASCVD manage-
ment and prevention [28]. Diverse omics and clinical 
data can be combined using artificial intelligence and ML 
methodologies to develop personalized diagnostic and 
treatment strategies for ASCVD [29]. However, there is 
limited research on predictive models that examine the 
relationship between dietary habits and ASCVD.

In this study, the top three dietary-related features 
(sodium, refined grains, and total dairy) from the HEI 
index system and the “kcal” intake from the NHANES 
database were selected for further examination to analyze 
the correlation between diet and model output. Sodium 
plays a critical role in fluid balance and cellular homeo-
stasis. Excess sodium is linked to heightened arterial stiff-
ness and unfavorable ventricular remodeling, thereby 
significantly contributing to ASCVD development on a 
larger scale [30, 31, 32]. Our findings indicate a correla-
tion between reduced salt consumption and decreased 
ASCVD risk, consistent with the findings of De and Shan 
et al. [33, 34]. Whole grains are often recommended as 
a healthy dietary option because they contain beneficial 
nutrients and phytochemicals, which are mostly found in 
the outer layers of the grains. These layers are removed 
during milling to produce refined grain products. Prior 
research indicated that the consumption of certain whole 
grains, such as whole grain bread, whole grain breakfast 
cereals, and added bran, is associated with a reduced risk 
of cardiovascular diseases [35, 36]. However, there is lim-
ited evidence establishing a connection between refined 
grains, white rice, total rice, or total grain consumption 
and reduced risk of cardiovascular diseases. In our study, 
a significant finding was that reducing refined grain 
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intake within a specific range did not exhibit a linear cor-
relation with reduced ASCVD risk.

Dairy products are a good source of essential nutrients, 
such as energy, calcium, and protein; however, they may 
contain high levels of saturated fatty acids. The idea that 
saturated fats contribute to ASCVD risk has influenced 
dietary guidelines [37]. However, some studies suggest 
that the impact of saturated fats on this risk may vary 
depending on the source [38, 39]. Because dairy products 
are a good source of essential nutrients, there is a ten-
dency to increase their consumption within dietary regi-
mens. Our findings support our initial hypothesis that 
adhering to the recommended dairy product intake can 
help prevent ASCVD.

Our analysis of the NHANES data focused on two days 
of total energy consumption. Prior research suggested 
a correlation between increased energy consumption 
in older adults or the general population and reduced 
mortality rates [40, 41]. A 25-year research in Cuba dis-
covered that reducing energy intake while maintaining 
proper nutrition could decrease the risks of diabetes and 
cardiovascular diseases. During the 1997–2002 economic 
crisis, lower energy consumption resulted in a lower inci-
dence of diabetes and heart disease. However, as energy 
consumption increased in subsequent years, heart dis-
ease mortality rates increased slightly [42]. In addition 
to demonstrating a non-linear relationship between kcal 
and SHAP values, our findings suggest that 5,000  kcal 
every two days is the optimal daily calorie intake.

PIR, which measures the relationship between family 
income and poverty threshold, was used as a socioeco-
nomic status index. Numerous studies have indicated 
that individuals with lower socioeconomic status are 
more likely to develop cardiovascular diseases and expe-
rience all-cause mortality [43, 44, 45]. In our experi-
mental findings, a high PIR appeared to protect against 
ASCVD in individuals below 60 years old, whereas it 
exerted a negative impact on those aged 60 and above. 
This trend may be associated with the higher dietary 
energy intake requirements of individuals below 60 with 
a high PIR. However, this finding requires further inves-
tigation through additional data, such as information on 
the specific occupations of these demographic subsets, 
for example, engagement in physical labor.

Limitations
This study has several limitations. First, we did not 
break down race, age, or other characteristics in the 
subgroup analyses owing to computational constraints 
when analyzing protected health-sensitive data. Second, 
ASCVD diagnosis partly relied on self-reported data 
collected using an interview questionnaire in the U.S. 
NHANES. This might have introduced information bias 
due to potential cognitive limitations and recall biases of 

respondents. Additionally, some participants might have 
experienced multiple ASCVD events or taken the sur-
vey multiple times, complicating the process of linking 
their dietary information to the nearest ASCVD event. 
Consequently, any misclassification of ASCVD could 
have impacted the accuracy of the ML models in detect-
ing ASCVD. Moreover, approximately 10% of cases had 
missing variables when used in the ML models, lead-
ing to biases in the analysis. Furthermore, the findings 
derived from the SHAP analysis in this study are based 
on a single training/test partition. Consequently, these 
interpretations may not be applicable to all ten replicates, 
and variations in feature importance may exist across 
different partitions. Lastly, the complexity and interpre-
tive challenges of the models might have affected their 
reproducibility.

Conclusions
The XGBoost model demonstrated significant efficacy 
and precision in determining the relationship between 
the demographic characteristics and dietary intake of 
participants in the U.S. NHANES 1999–2018 dataset 
and ASCVD. Besides, the model showed a positive cor-
relation between male sex and ASCVD risk, while age 
and smoking also exhibited positive associations with 
ASCVD risk, dairy intake displaying a negative correla-
tion, and PIR and calorie intake revealing non-linear 
associations with the disease.
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