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Unlocking the link: predicting cardiovascular
disease risk with a focus on airflow
obstruction using machine learning
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Abstract

Background Respiratory diseases and Cardiovascular Diseases (CVD) often coexist, with airflow obstruction (AO)
severity closely linked to CVD incidence and mortality. As both conditions rise, early identification and intervention in
risk populations are crucial. However, current CVD risk models inadequately consider AO as an independent risk factor.
Therefore, developing an accurate risk prediction model can help identify and intervene early.

Methods This study used the National Health and Nutrition Examination Survey (NHANES) Il (1988-1994) and
NHANES 2007-2012 datasets. Inclusion criteria were participants aged over 40 with complete AO and CVD datg;
exclusions were those with missing key data. Analysis included 12 variables: age, gender, race, PIR, education,
smoking, alcohol, BMI, hyperlipidemia, hypertension, diabetes, and AO. Logistic regression analyzed the association
between AO and CVD, with sensitivity and subgroup analyses. Six ML models predicted CVD risk for the general
population, using AO as a predictor. RandomizedSearchCV with 5-fold cross-validation was used for hyperparameter
optimization. Models were evaluated by AUC, accuracy, precision, recall, F1 score, and Brier score, with the SHapley
Additive exPlanations (SHAP) enhancing explainability. A separate ML model was built for the subpopulation with AG,
evaluated similarly.

Results The cross-sectional analysis showed that there was a significant positive correlation between AO occurrence
and CVD prevalence, indicating that AO is an important risk factor for CVD (all P<0.05). For the general population, the
XGBoost model was selected as the optimal model for predicting CVD risk (AUC=0.7508, AP=0.3186). The top three
features in terms of importance were age, hypertension, and PIR. For the subpopulation with airflow obstruction,

the XGBoost model was also selected as the optimal model for predicting CVD risk (AUC=0.6645, AP=0.3545). SHAP
shows that education level has the greatest impact on predicting CVD risk, followed by gender and race.

Conclusion AO correlates positively with CVD. Age, hypertension, PIR affect CVD risk most in general. For AO patients,
education, gender, ethnicity are key CVD risk factors.
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Introduction

Cardiovascular Disease (CVD) is a group of diseases
involving the heart or blood vessels including coronary
heart disease (CHD), myocardial infarction and stroke
[1-3]. CVD poses a major threat to human health and
is the leading cause of morbidity and mortality globally
[4, 5]. 17.9 million people are estimated to die from CVD
in 2019, accounting for 32% of all deaths globally, 85%
of which are from heart attack and stroke [6]. Over the
past decade, global CVD deaths have climbed by 12.5%
[7]. The overall disease burden of CVD is heavy, with
increasing incidence and high prevalence and mortal-
ity rates, especially in older populations and those with
chronic co-morbidities [8, 9]. Most of the CVD can be
prevented and ameliorated by lifestyle changes and medi-
cal interventions, such as reducing smoking, modifying
diet, controlling body weight, increasing physical activity
and avoiding alcohol abuse [6, 10]. Therefore, an in-depth
understanding of the risk factors for CVD is important
for the prevention and control of CVD.

Comorbidity refers to the coexistence of multiple dis-
eases in an individual, which is associated with poor qual-
ity of life, polypharmacy, and high mortality rates [11].
Respiratory diseases and CVD frequently coexist [12].
Airflow Obstruction (AO) is a common respiratory prob-
lem that is characterised by obstruction of airflow in the
airways, leading to dyspnoea and reduced lung function.
AO comprises variable obstruction and fixed obstruc-
tion, with the latter satisfying the definition of chronic
obstructive pulmonary disease (COPD) under the GOLD
criteria [13]. In recent years, a growing body of research
has shown a strong association between AO and CVD.
Several studies have found a positive correlation between
AO severity and the risk of CVD [14—19]. Impairment of
several lung function indices, such as forced expiratory
volume in 1 s (FEV1) and forced vital capacity (FVC), has
been reported as an independent predictor of CVD [20].
Reduced COPD, FEV1, FVC and FEV1/FVC ratio have
all been reported to be associated with an increased risk
of coronary artery disease [21, 22]. There is evidence that
COPD and impaired lung function are associated with an
increased risk of stroke [23]. Reduced lung function indi-
ces such as FEV1 and FVC are negatively associated with
CHD, stroke and other CVD mortality [24, 25]. There
may be multiple potential mechanisms for this associa-
tion. In addition to traditional cardiovascular risk factors,
inflammation is an important risk factor for CVD [26].
Impaired lung function and associated lung diseases can
have a direct deleterious effect on cardiovascular health
through a variety of biological pathways, including sys-
temic inflammation or oxidative stress [27, 28]. Further-
more, the combined effects of airflow obstruction and
chronic diseases may also lead to vascular injury, increas-
ing the risk of atherosclerosis and CVD [29].
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Existing studies have shown a close relationship
between the severity of AO and CVD prevalence and
mortality [30, 31]. However, while these studies have
revealed the association between AO and CVD, they
primarily focus on epidemiological evidence and do not
provide a comprehensive cardiovascular disease risk pre-
diction model [30, 31].

In recent years, with the advancement of machine
learning (ML) technologies, research has focused on
developing efficient and accurate CVD prediction mod-
els. Studies have improved the accuracy and efficiency of
CVD diagnosis through data preprocessing using min-
max scaling and hyperparameter tuning with Bayesian
optimisation [32]. Previous research explored the appli-
cation of four tree-based machine learning methods in
CVD prediction and five variables (age, LDL, history of
cardiac disease in first-degree relatives, physical activ-
ity level, and hypertension status) were found to be the
most influential [33]. Age, sex, race, socioeconomic sta-
tus, lifestyle, and clinical factors have all been considered
significant predictors of CVD [33-37]. However, no CVD
prediction model has yet AO as a predictive factor, and
there is a lack of CVD prediction models specifically for
populations with AO. This study fills this gap, enhanc-
ing the accuracy of risk prediction and aiding in the early
identification and intervention of CVD risk in individuals
with AO.

In this study, we used the National Health and Nutri-
tion Examination Survey (NHANES III and 2007-2012)
dataset to investigate the relationship between airflow
obstruction and CVD. Subsequently, six machine learn-
ing (ML) models were constructed to predict CVD risk in
the general population, with AO as one of the predictive
factors. Additionally, we conducted a separate analysis for
the AO subpopulation to predict their CVD risk. SHapley
Additive exPlanations (SHAP) was used to determine the
contribution of each variable to CVD identification. This
study enhances the potential for early intervention and is
expected to provide practical guidance for the develop-
ment of prevention and management strategies for spe-
cific populations.

Method

Study design and population

This study pooled data from the NHANES III and
NHANES 2007-2012. NHANES is a population-based
national survey that measures the health and nutritional
status of the American general population every 2 years
using questionnaires, physical examination, and biospec-
imen collection. Detailed study procedures of NHANES
have been described by the Centers for Disease Control
and Prevention (CDC). All NHANES studies passed
the National Center for Health Statistics (NCHS) Eth-
ics Review Board and written informed consent was
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obtained from all participants (https://www.cdc.gov/nch
s/nhanes/irba98.htm).

NHANES Ill

NHANES III, a cross-sectional survey with a complex,
stratified, multistage probability cluster sampling design,
was conducted from 1988 to 1994. We obtained 20,050
valid samples from NHANES II1.

NHANES 2007-2012
NHANES 2007-2012 comprises consecutive cross-sec-
tional surveys, each spanning approximately two years.
We obtained 30,442 valid samples from the three cycles.
The differences between NHANES III and NHANES
2007-2012 are significant, primarily in terms of time
span, technological advancements, socio-economic
changes, and data integrity. During this period, advance-
ments in detection techniques and methodologies
have influenced the measurement of health indicators.
Changes in the economic condition of the United States
may have impacted participants’ health status and behav-
ioral patterns.

Measurements

In this study, participants aged >40 years were included.
Subjects with missing data on important variables such
as FEV1, FVC data for pulmonary function, CVD-related
data, age, gender, race, ratio of family income to pov-
erty (PIR), education level, smoking status, alcohol sta-
tus, BMI, blood lipid related data, hypertension data/
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problems, and fasting blood glucose level/self-reported
diabetes history/use of oral hypoglycemic drugs/use of
insulin/hemoglobin were excluded from the analysis.
Ultimately, the study included 12,052 participants, of
which 6,517 were from NHANES III and 5,535 were from
NHANES 2007-2012 (Fig. 1).

Assessment of spirometry

Detailed information on lung capacity measurement
equipment, examination plans, calibration procedures,
and quality control in NHANES is available (https://w
wwn.cdc.gov/nchs/nhanes/nhanes3/Default.aspx).  The
FEV1 and FVC values specified by each subject are deter-
mined by the maximum values of FEV1 and FVC in the
lung capacity measurement of each subject, respectively.
The testing program complies with the recommenda-
tions of the American Thoracic Society [38]. In this study,
FEV1 and FVC values were included to define AO. AO is
defined as FEV1/FVC<0.7% [13, 39].

Assessment of CVD

CVD was defined as a combination of self-reported phy-
sician diagnosis of CHD, myocardial infarction, angina,
congestive heart failure (HF), or stroke. All participants
were asked the following question: “Has a doctor or other
health professional ever told you that you had congestive
HEF/ CHD /angina, also called angina pectoris/ a heart
attack (also called myocardial infarction)/a stroke?”. If
any of the above questions answer yes the participant was
considered to have CVD [40]. In addition, in NHANES
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(n=20050)

NHANES 2007-2012
(n=30442)

exclude: age <40
(n=9869)

exclude: age <40
(n=18679)

l ——————— >

Remaining participates
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Missing data on FEV1 and
FVC «—————— i
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(n=3402)
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Fig. 1 Flowchart of the study population selection from NHANES Il and NHANES 2007-2012
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III, angina was defined as a positive result on the ROSE
questionnaire, and CHD was defined as a combination of
self-reported physician diagnosis of myocardial infarc-
tion and angina (Figure S1) [41].

Covariates

Based on both existing literature and clinical insights
[42], this study included the following covariates: age,
gender, race, PIR, education level, smoking status, alcohol
status, BMI, hypertension, hyperlipidemia, and diabetes.
The above profile information was collected from demo-
graphic and censored public information released by
NHANES. This study categorized race into four catego-
ries: Non-Hispanic White, Non-Hispanic Black, Mexican
American, and Other Race. PIR was categorized as low
(<1.3), medium (1.3-3.5), and high (>3.5) based on the
household poverty income ratio. Likewise, educational
level was categorized as low (Less than 9th grade), middle
[9-11th grade (Includes 12th grade with no diploma)],
high (High school or equivalent and Some college or
more). Smoking status was determined by NHANES sur-
vey questions, and participants were defined as smokers
if they had smoked at least 100 cigarettes in their lifetime.
Drinking status was categorised as never (<12 drinks in
a lifetime), moderate (<=2 drinks/day for men and <=1
drink/day for women) and over (>2 drinks/day for men
and > 1 drink/day for women). Alcohol consumption was
calculated as: alcohol consumption = (average frequency
of alcohol consumption per year x average daily alcohol
consumption)/365 days. BMI was categorised as under-
weight (<18.5), normal weight (18.5-24.9), overweight
(25.0-29.9), and obesity (=30.0 kg/m?). Hyperlipidemia
was defined as a serum total cholesterol of 200 mg/dL, or
triglycerides of 150 mg/ dL, or HDL of 40 mg/dL for men
and 50 mg/dL for women, or LDL of 130 mg/dL. Hyper-
tension was defined as three times mean systolic blood
pressure>140 mmHg or diastolic blood pressure>90
mmHg, or a self-reported history of hypertension or cur-
rent use of prescription medication for HBP. Diabetes
was defined as a fasting blood glucose level 2126 mg/dL
or a HbAlc of >26.5% or use of oral hypoglycaemic drugs
or use of insulin or a self-reported history of diabetes.

Logistic regression and subgroup

Firstly, multifactorial survey-weighted logistic regres-
sion was performed in this study to discuss the effects of
AO and FEV1/FVC on CVD risk. Also, sensitivity analy-
ses using quartiles of FEV1/FVC as categorical variables
were performed, and multifactorial survey-weighted
logistic regression was again performed. Model 1,
included only AO as the independent variable without
considering other confounding factors. Model 2 extended
Model 1 by incorporating age, gender, race, PIR, and
education level as covariates to control their influence
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on the AO-CVD association. Model 3, building upon
Model 2, further included all possible confounding fac-
tors such as smoking status, alcohol consumption, BMI,
hyperlipidemia, hypertension, and diabetes, comprehen-
sively adjusting these covariates to accurately assess the
association between AO and CVD. We also examined
the variance inflation factor (VIF) of the models to detect
multicollinearity.

Further, to investigate whether this relationship was
altered by age, gender, race, PIR, education, BMI, smok-
ing status, drinking status, Hyperlipidemia, hypertension
and diabetes, we performed interaction and subgroup
analyses of the presence of AO and FEV1/FVC, respec-
tively, to test the stability of our results.

Machine learning models for CVD diagnosis

The general population CVD model used 12 features
(age, gender, race, PIR, BMI, smoking status, drinking
status, Hyperlipidemia, hypertension and diabetes), while
the AO population CVD model used 11 features, exclud-
ing AO. The data for both were randomly partitioned into
training and test sets in the ratio of 8:2. For general popu-
lation CVD model, six ML models, LightGBM, XGBoost,
Naive Bayes, KNN, Random Forest, and CatBoost, were
used to predict CVD. For AO population CVD model,
six ML models, LightGBM, XGBoost, Naive Bayes, KNN,
Random Forest, and MLP, were used. Metrics such as
Area Under the Curve (AUC), PR curve, Accuracy, Preci-
sion, Recall, Brier Score, and F1 Score were used to eval-
uate the ML models.

Class balancing and feature selection methods

To balance the class distribution, the CVD model
adopted a replication-based oversampling technique,
which entailed replicating minority class samples until
their count equalled that of the majority, thus creating
a balanced dataset. The AO population model used the
Synthetic Minority Over-Sampling Technique (SMOTE)
to identify the minority class samples and expand their
number to match the majority class, selecting an appro-
priate number of neighbours to ensure the generated
samples were representative and realistic. The method
for feature selection involved two independent processes:
forward selection and backward elimination. Forward
selection starts by adding one feature at a time, begin-
ning with none, while backward elimination starts with
all features and removes them one by one. Each addition
or removal aims for a maximum increase in performance.
The results from both methods are compared afterward
to determine the optimal set of features. It helps explore
the feature space more thoroughly.
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Model validation and hyperparameter tuning

To accurately assess the model’s generalization perfor-
mance and reduce random bias, we employ 5-fold cross-
validation, dividing the training set into 5 subsets, using
4 for training and 1 for validation in rotation, and averag-
ing the performance metrics over 5 iterations. For hyper-
parameter optimization, RandomizedSearchCV was used
to hunt for the best hyperparameter combinations for all
models, with 5-fold cross-validation and 100 iterations.
For tree-based models such as LightGBM and XGBoost,
we particularly limiting the number of leaf nodes and
maximum depth to no more than 6 to prevent overfitting.
This prevents the model from fitting noise in the training
data, which helps avoid overfitting.

SHAP-based model interpretation

The SHAP algorithm was used to provide global and
local interpretations for the best-performing models.
Global interpretations can provide consistent and accu-
rate attribute values for each feature in the model to show
associations between input features and CVDs. Local
interpretations can demonstrate specific predictions for
individual samples by inputting specific data.

The statistical analysis part was completed by R (4.3.1).
Bilateral P<0.05 was considered statistically different.
The modeling and verification part of ML was conducted
in Python (3.10.12). This study followed the Strengthen-
ing the Reporting of Observational Studies in Epidemi-
ology (STROBE) and the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis
or Diagnosis (TRIPOD) reporting guideline.

Results

Baseline characteristics of study participants

In this study, a total of 12,052 subjects were enrolled and
the screening process is shown in Fig. 1. Table 1 shows the
demographic characteristics of all participants. The par-
ticipants were divided into two groups according to the
presence or absence of CVD, and there were significant
differences in age, gender, PIR, education, BMI, smoking
status, hypertension, diabetes, FEV1, FVC, FEV1/FVC,
and AO (P<0.05). Population with CVD were older,
mainly concentrated in the age group of 60—79 years, and
were more likely to be male, with a lower PIR, education,
and FEV1/FVC. In addition, they also had higher BMI,
with the highest percentage of obesity. Compared to the
no-CVD population, the percentages of smoking, hyper-
tension, diabetes and AO were significantly higher. Table
S1 shows the demographic characteristics of the AO-
only population. Compared with patients without CVD,
patients with combined CVD showed similar characteris-
tics to those in Table 1.
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The association of candidate predictor variables and
dependent variables

To reveal the relationship between AO and CVD risk,
three logistic regression models were constructed in this
study by adjusting for different confounding variables to
assess the association (Table 2). There was a significant
positive association between AO and the prevalence of
CVD in the original model 1, in the partially adjusted
model 2, and in model 3 adjusted for all confounding
variables (all P<0.05). In Model 1, individuals with AO
had a 2.08 times higher risk of developing CVD com-
pared to those without AO (OR =2.08, 95% CI: 1.79, 2.42,
P<0.001). After adjusting for confounding factors, a sig-
nificant association between AO and CVD remained,
with OR values (95% CI) of 1.38 (1.15, 1.65) in Model
2 and 1.33 (1.10, 1.61) in Model 3. Consistent with this
result, when FEV1/FVC was considered as a categori-
cal variable (quartiles) for sensitivity analysis, there was
a significant association between FEV1/FVC and CVD
(all P<0.05) (Table S2). As shown in Figure S2, the VIF
were all between 1 and 2, indicating no multicollinearity
between the variables.

We performed further stratified analyses to assess the
impact of AO on CVD (Table 3). Most of the variables,
including age, gender, race, BMI, smoking status, drink-
ing status, Hyperlipidemia, hypertension and diabetes
did not significantly alter the correlation between AO and
CVD (all P for interaction>0.05). For further evidence
we performed stratified analyses again using FEV1/FVC
as the independent variable and CVD as the dependent
variable, which showed that the interaction between all
variables was not significant (Table S3).

The general population CVD diagnosis ML model

Feature selection showed that the original 12 variables,
including age, gender, race, PIR, education, smoking,
alcohol, BMI, hyperlipidemia, hypertension, diabetes,
and AO, were the optimal set for the machine learning
models. Six different ML models, XGBoost, Random For-
est, Naive Bayes, CatBoost, KNN, and LightGBM, were
used to predict CVD in the general population. The data
were divided into a training set (80%) and a testing set
(20%) to optimize model training, testing, and evaluate
the model’s generalization ability. Table 4 shows the per-
formance metrics for all six ML models.

Among these models, CatBoost and XGBoost showed
the best performance, with CatBoost achieving the high-
est AUC on the test set (AUC: 0.7346) and XGBoost
achieving a slightly lower but still excellent AUC (AUC:
0.7508). Figure 2A shows the AUC values and receiver
operating characteristic (ROC) curves for all six ML
models. Figure 2B displays the PR curves (Precision-
Recall Curve) of the six ML models, demonstrating the
relationship between precision and recall at different
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Table 1 Baseline characteristics of all participants

Characteristic CcvD
N’ Overall, No, Yes, PValue3
N=12,052 (100%)? N=10,406 (89%)? N=1,646 (11%)?
Age 12,052 54.0 (46.0, 64.0) 53.0 (46.0,63.0) 64.0 (54.0, 72.0) <0.001
Age group 12,052 <0.001
40-59 years 6,296 (64%) 5,812 (68%) 484 (38%)
60-79 years 5,071 (33%) 4,112 (31%) 959 (57%)
80+years 685 (2.1%) 482 (1.7%) 203 (5.7%)
Gender 12,052 <0.001
Male 5,806 (48%) 4,926 (47%) 880 (55%)
Female 6,246 (52%) 5,480 (53%) 766 (45%)
Race 12,052 0.2
Non-Hispanic white 6 (79%) 5,214 (79%) 902 (78%)
Non-Hispanic black 2 528 (9.0%) 61 (8.7%) 367 (11%)
Mexican-American 2,251 (4.6%) 1,971 (4.7%) 280 (3.8%)
Other 1,157 (7.7%) 1,060 (7.8%) 97 (7.3%)
PIR 12,052 3.30(1.84, 5.00) 340 (1.95, 5.00) 222(1.24,3.97) <0.001
PIR group 12,052 <0.001
Low 3,336 (15%) 2,716 (14%) 620 (27%)
Medium 4,974 (38%) 4,268 (37%) 706 (44%)
High 3,742 (47%) 3,422 (49%) 320 (30%)
Education 12,052 <0.001
Low 855 (3.2%) 721 (3.0%) 134 (4.6%)
Middle 5,381 (33%) 4,442 (31%) 939 (47%)
High 5,816 (64%) 5,243 (66%) 573 (49%)
Smoking 12,052 <0.001
Yes 6,343 (53%) 5,336 (52%) 1,007 (65%)
No 5,709 (47%) 5,070 (48%) 639 (35%)
Alcohol 12,052 0.2
Never 1,899 (11%) 1,607 (11%) 292 (13%)
Moderate 9,741 (85%) 8,432 (85%) 1,309 (84%)
Over 412 (3.6%) 367 (3.6%) 45 (3.2%)
BMI 12,052 27.50 (24.39,31.56) 27.38(24.30,31.31) 28.60 (25.27,33.01) <0.001
BMI group 12,052 <0.001
Underweight (< 18.5) 114 (0.9%) 96 (1.0%) 18 (0.8%)
Normal (18.5 to <25) 3,141 (29%) 2,759 (29%) 382 (23%)
Overweight (Overweight (25 to <30) 4,542 (37%) 3,946 (37%) 596 (33%)
Obese (>30) 4,255 (34%) 3,605 (33%) 650 (43%)
Hyperlipidemia 12,052 09
No 1,480 (17%) 1,289 (17%) 191 (17%)
Yes 10,572 (83%) 9,117 (83%) 1,455 (83%)
Hypertension 12,052 <0.001
No 5,870 (55%) 5,420 (58%) 450 (32%)
Yes 6,182 (45%) 4,986 (42%) 1,196 (68%)
Diabetes 12,052 <0.001
No 9,661 (85%) 8,568 (87%) 1,093 (71%)
Yes 2,391 (15%) 1,838 (13%) 553 (29%)
FEV1 12,052 6(2,242,3,449) 2,862 (2,289, 3,487) 2,387 (1,858, 3,061) <0.001
FVC 12,052 3(3,010,4,565) 3,757 (3,061, 4,603) 3,314 (2,599, 4,183) <0.001
FEV1/FVC 12,052 O<7645 (0.7117,0.8097) 0.7671(0.7151,0.8114) 0.7414 (0.6712,0.7906) <0.001
Airflow obstruction 12,052 <0.001
No 9,439 (78%) 8,309 (80%) 1,130 (66%)
Yes 2,613 (22%) 2,097 (20%) 516 (34%)

'N not Missing (unweighted)
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Table 1 (continued)
Characteristic CcVD
N’ Overall, No, Yes, PValue®
N=12,052 (100%)? N=10,406 (89%)* N=1,646 (11%)?
“median (IQR) for continuous; n (%) for categorical
3Wilcoxon rank-sum test for complex survey samples; chi-squared test with Rao & Scott’s second-order correction
Table 2 Association between AO and CVD in all participants (logistic regression model)
Characteristic Model 1 Model 2 Model 3
OR (95% Cl) Pvalue OR (95% Cl) Pvalue OR (95% Cl) Pvalue
Airflow obstruction <0.001 <0.001 0.003
No Ref Ref Ref
Yes 2.08(1.79,2.42) 1.38(1.15,1.65) 1.33(1.10,1.61)

Abbreviations: OR, Odds Ratio; Cl, Confidence Interval; Ref, reference

classification thresholds. XGBoost (AP: 0.3186) had the
highest average precision (AP) value, indicating that it
can achieve relatively high recall while maintaining a cer-
tain precision rate when predicting CVD risk. XGBoost
showed the most balanced overall performance, and thus
was selected as the final prediction model for SHAP visu-
alisation analysis.

The AO population CVD diagnosis ML model

Feature selection validated that the initial 11 variables,
including age, gender, race, PIR, education, smoking,
alcohol, BMI, hyperlipidemia, hypertension, and dia-
betes, were the most effective for the machine learning
models. Six different ML models, XGBoost, Random For-
est, Naive Bayes, LightGBM, KNN, and MLP, were used
to identify CVD in the AO population. The data were
divided into a training set (80%) and a testing set (20%) to
optimise model training, testing, and evaluate the model’s
generalisation ability. Figure 2C shows the AUC values
and receiver operating characteristic (ROC) curves for all
six ML models. XGBoost (AUC: 0.6645) and Naive Bayes
(AUC: 0.6650) showed excellent AUC performance,
implying good classification performance. Figure 2D
shows the PR curves (Precision-Recall Curve) of the six
ML models, demonstrating the relationship between
precision and recall at different classification thresholds.
XGBoost (AP: 0.3545) had the highest average preci-
sion (AP) value, indicating that it can achieve relatively
high recall while maintaining a certain precision rate
when predicting CVD risk. The accuracy, Brier Score, F1
Score, Precision, and Recall of all ML models are shown
in Table 4. Among the six ML models, XGBoost performs
the most balanced performance. Therefore, XGBoost is
selected as the final prediction model and analysed for
SHAP visualisation.

Visualization of feature importance and personalized
predictions

In this study, the XGBoost model utilises SHAP for visu-
alising its results, revealing that all variables significantly
impact the model. Specifically, Fig. 3A highlights Age as
the most crucial characteristic, altering the predicted
absolute probability of CVD risk by roughly 50% on aver-
age, whereas Fig. 3B emphasises Education with a similar
impact. Figure 4 further illustrates these findings, with
each point representing a variable’s data set entry distrib-
uted horizontally by its SHAP value. The point’s colour
signifies the feature’s value, with red indicating high and
blue indicating low. Vertically, the feature’s contribu-
tion is depicted, increasing with value. Notably, Fig. 4A
shows Age contributing most to the eigenvalue, followed
by Hypertension and PIR, with age positively correlat-
ing with CVD risk. Figure 4B indicates Education Level
as the primary contributor, followed by Gender and Race,
and suggests that higher education is associated with a
lower predicted CVD risk.

In Fig. 5, decision trees are illustrated with a central
vertical line representing the base value of the models.
Coloured lines indicate individual feature predictions,
showing their impact on shifting the output above or
below the average prediction, listed in order of decreas-
ing importance. In Fig. 5, the SHAP values accumulate
from the base to the final model score, with lines in 5 A
converging at -0.0010 and those in 5B at -0.0046. Figures
S3A and S3B present CVD risk scores of -0.85 and -3.68,
respectively.

Discussion

This study used data from NHANES III and NHANES
2007-2012. Logistic regression showed a significant
positive correlation between AO and CVD. We then
developed a CVD risk prediction model for the general
population, incorporating AO as a predictive factor,
and another model specifically for the AO population.
XGBoost was selected as the optimal model for both.
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Table 3 Subgroup analysis of the association of AO and CVD in all participants

OR (95% CI) P value P for interaction
Age 0.082
No airflow obstruction
40-59 years Ref
60-79 years 2.78(2.21,3.49) <0.0001
80+ years 4.65(3.09,7.01) <0.0001
Airflow obstruction
40-59 years 1.87(1.28,2.72) 0.0018
60-79 years 3.39(2.62,4.40) <0.0001
80+ years 5.74(3.97,831) <0.0001
Gender 0.812
No airflow obstruction
Male Ref
Female 0.73(0.60,0.88) 0.0014
Airflow obstruction
Male 1.45(1.12,1.88) 0.0068
Female 1.00(0.74,1.36) 0.9752
Race 0.275
No airflow obstruction
Non-Hispanic white Ref
Non-Hispanic black 1.07(0.88,1.31) 0.504
Mexican-American 0.74(0.57,0.96) 0.028
Other 1.09(0.69,1.74) 0.7022
Airflow obstruction
Non-Hispanic white 1.50(1.21,1.86) 0.0004
Non-Hispanic black 1.15(0.84,1.56) 03789
Mexican-American 1.17(0.78,1.76) 0.4484
Other 1.02(0.46,2.28) 0.9589
PIR 0.006
No airflow obstruction
Low Ref
Medium 0.70(0.55,0.89) 0.004
High 0.38(0.29,0.48) <0.0001
Airflow obstruction
Low 1.34(1.02,1.77) 0.0403
Medium 0.72(0.53,1.00) 0.0516
High 0.82(0.59,1.14) 0.2405
Education 0.123
No airflow obstruction
Low Ref
Middle 1.46(1.10,1.93) 0.0098
High 0.93(0.68,1.26) 0.6262
Airflow obstruction
Low 2.01(1.12,3.61) 0.0221
Middle 1.75(1.20,2.57) 0.0051
High 1.49(1.06,2.09) 0.0252
BMI 0.524
No airflow obstruction
Underweight (< 18.5) Ref
Normal (18.5 to < 25) 2.02(0.68,5.96) 0.2072
Overweight (Overweight (25 to <30) 2.05(0.70,5.96) 0.193
Obese (>30) 3.00(1.02,8.80) 0.0491

Airflow obstruction
Underweight (< 18.5) 3.33(0.73,15.20) 0.125
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OR (95% ClI) Pvalue P for interaction
Normal (18.5 to < 25) 2.77(0.92,8.30) 0.0735
Overweight (Overweight (25 to <30) 3.27(1.07,10.00) 0.0408
Obese (=30) 3.80(1.28,11.26) 00183
Smoking 0444
No airflow obstruction
Yes Ref
No 0.66(0.54,0.81) 0.0002
Airflow obstruction
Yes 1.49(1.20,1.84) 0.0005
No 0.83(0.57,1.21) 03315
Alcohol 0.129
No airflow obstruction
Never Ref
Moderate 0.85(0.67,1.08) 0.1867
Over 0.56(0.33,0.95) 0.0359
Airflow obstruction
Never 0.89(0.57,1.37) 0.5858
Moderate 1.24(0.94,1.64) 0.1288
Over 1.30(0.57,2.94) 0.5384
Hyperlipidemia 0.504
No airflow obstruction
Yes Ref
No 0.94(0.68,1.31) 0.7295
Airflow obstruction
Yes 1.66(1.00,2.75) 0.0543
No 1.30(0.92,1.82) 0.1408
Hypertension 0.908
No airflow obstruction
Yes Ref
No 1.84(1.46,2.32) <0.0001
Airflow obstruction
Yes 1.44(1.05,1.97) 0.0245
No 2.60(1.94,3.49) <0.0001
Diabetes 0.579
No airflow obstruction
Yes Ref
No 1.83(1.45,2.32) <0.0001
Airflow obstruction
Yes 1.46(1.16,1.84) 0.0017
No 2.37(1.69,3.33) <0.0001

Abbreviations: OR, Odds Ratio; Cl, Confidence Interval; Ref, reference

Age, hypertension, and PIR have the greatest impact on
CVD risk prediction in the general population. For the
AO population, education, gender, and race are the most
influential factors in CVD risk prediction.

AO is closely related to CVD. Multiple studies have
indicated that reduced lung function indicators, such as
FEV1% pred, FVC% pred, and FEV1/FVC, are signifi-
cantly associated with a high risk of CVD prevalence and
mortality, which aligns with our research findings [15, 17,
43]. A 5% reduction in FEV1/FVC is associated with a
0.47% increase in the 10-year risk of CVD (P<0.001) [44].

Improving FEV1 can effectively reduce the risk of CVD
mortality [43]. AO is a crucial manifestation of decreased
lung function, with reversible AO being a sign of asthma
and irreversible AO primarily indicative of COPD [45].
COPD and asthma often coexist with CVD [46, 47].
Compared to patients without COPD, those with COPD
have a higher risk of ischemic heart disease, HF, arrhyth-
mias, or peripheral vascular diseases [48]. Comorbidities
lead to an increased risk of hospitalization and poorer
prognosis for patients [49, 50]. According to statistics,
CVD accounts for 42% of the first hospitalization and
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Table 4 Comparisons of six machine learning classifiers

Accuracy Precision Recall F1 Score Brier Score

Train set Test set Train set Test set Train set Test set Train set Test set Train set Test set
Full Population CVD Diagnostic Model
XGBoost 0.7157 0.6665 0.6969 0.2524 0.7634 0.7062 0.7286 03719 0.1911 0.2012
Random Forest 0.6928 0.6433 0.6709 0.2408 0.7570 0.7211 07113 03611 0.2067 02110
KNN 1.0000 0.7350 1.0000 0.2245 1.0000 0.3650 1.0000 0.2780 0.0000 02172
Naive Bayes 0.6709 0.6591 0.6650 0.2508 0.6888 0.7240 06767 03725 0.2118 0.2107
Catboost 0.7581 0.6765 0.7314 0.2525 0.8159 0.6706 0.7713 0.3669 0.1720 0.1950
LightGBM 0.7166 0.6653 0.6967 0.2495 0.7674 0.6944 0.7303 03671 0.1883 0.2013
Airflow Obstruction Population CVD Diagnostic Model
XGBoost 0.7671 0.6539 0.7521 0.3085 0.7968 0.5321 0.7738 0.3906 0.1608 02162
Random Forest 0.9831 0.6902 0.9672 0.2977 1.000 03578 0.9833 0.3250 0.0189 0.1983
MLP 0.9468 0.6539 0.9367 0.2750 0.9584 04037 0.9474 0.3271 0.0417 0.2930
KNN 1.0000 0.6252 1.0000 0.2570 1.0000 04220 1.0000 0.3194 0.0000 0.2840
Naive Bayes 0.6786 0.5698 0.6368 0.2929 08313 0.7523 0.7211 04216 0.2106 0.2643
LightGBM 0.7748 0.6444 0.7582 0.2941 0.8069 0.5046 0.7818 03716 0.1587 02189

Abbreviations: XGBoost, eXtreme Gradient Boosting; LightGBM, Light Gradient Boosting Machine; KNN, K-Nearest Neighbor; MLP, Multi-Layer Perceptron; CatBoost,

Categorical Boosting

44% of the second hospitalization among COPD patients,
suggesting a possible association between reduced FEV1
and increased mortality caused by cardiovascular com-
plications induced by COPD [51]. Approximately 50%
of COPD deaths are attributed to cardiovascular events,
particularly congestive HF, arrhythmias, and acute myo-
cardial infarction [52-55]. Compared to the general
population, asthma patients have a higher risk and prev-
alence of CVD. Patients with early-onset asthma have a
26% higher risk of CVD than those without asthma, while
patients with late-onset asthma have a 39% increased risk
of CVD [56]. These findings reinforce the strong link
between AO and CVD, suggesting that we should fully
consider the impact of lung function and early diagnose
and identify high-risk groups for CVD.

AO can affect the cardiovascular system through
various mechanisms. There exists a close pathophysi-
ological link between COPD and CVD, as factors such
as systemic inflammation, oxidative stress, hypoxia, and
hyperinflation exacerbate the progression of CVD [57].
Oxidative stress and increased systemic inflammation
caused by COPD can lead to vascular remodelling and
arterial stiffness, resulting in atherosclerosis and alter-
ing the vascular structure [58]. This includes thickening
of the arterial wall, increasing the likelihood of atheroma-
tous plaque or lesion formation, which can lead to myo-
cardial infarction or stroke. Simultaneously, it also causes
changes and structural remodelling in cerebral blood ves-
sels, promoting the disruption of the blood-brain barrier
[59, 60]. Hypoxia can also cause vascular remodelling and
endothelial dysfunction, increasing vascular resistance
and inducing vasoconstriction, thus aggravating the
risk of pulmonary hypertension [61, 62]. Furthermore,
hyperinflation is associated with impaired ventricular fill-
ing, reduced cardiac output, and increased pulmonary

vascular resistance, adding to the burden on the heart
[63, 64]. A similar association exists between asthma
and CVD. Both asthma and CVD are related to chronic
inflammation. The 5-lipo-oxygenase (5-LOX) pathway is
a common mechanism in both asthma and CVD. Asthma
can lead to overactivation of the 5-LOX pathway, result-
ing in the production of large amounts of leukotrienes,
which stimulate vascular smooth muscle cell prolifera-
tion, migration, and inflammatory responses, promoting
the formation and development of atherosclerosis [65].
There is also overlap in inflammatory mediators between
asthma and CVD patients. Common systemic inflamma-
tory markers, such as IL-6, C-reactive protein, fibrino-
gen, and D-dimer, are increased in both asthma and
CVD [66, 67]. Specifically, IL-6 and TNF-«, two common
proinflammatory factors in asthma, have been shown to
have a close relationship with atherosclerosis [68]. These
inflammatory mediators not only play a crucial role in
the pathogenesis of asthma and CVD, but they may also
exacerbate the progression and aggravation of each other.

Shared risk factors play a crucial role in explaining the
coexistence of cardiopulmonary comorbidities and AO-
related diseases [49, 69, 70]. Aging, hypertension, dia-
betes, and smoking all contribute to an increased risk
of CVD and are more prevalent in COPD. As individu-
als age, structural and functional changes in the respira-
tory and cardiovascular systems may occur. The elderly
population is more susceptible to AO symptoms such
as COPD and is also at higher risk for developing CVD
[71]. Smoking is widely recognized as a primary risk fac-
tor for both AO and CVD. Harmful substances in smoke
can damage endothelial cells in the respiratory tract and
blood vessels, leading to inflammatory responses and
oxidative stress that promote the occurrence of AO and
CVD [72]. Hypertension increases cardiac workload,
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Precision-Recall Curves for Various Models
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Fig. 2 The ROC curves and PR curves of the six ML models. (A) The AUC values and ROC curves for the Full Population Model. (B) The AP values and PR
Curves for the Full Population Model. (C) The AUC values and ROC curves for the Airflow Obstruction Population Model. (D) The AP values and PR Curves

for the Airflow Obstruction Population Model.

resulting in myocardial hypertrophy and impaired heart
function; meanwhile, diabetes affects normal vascular
function, increasing the risk of atherosclerosis. These
conditions may exacerbate the CVD risk among patients
with AO through various mechanisms including influ-
encing inflammatory responses, microcirculation, neuro-
regulation, cardiac load, and atherosclerosis [73]. This
aligns with our study findings, where SHAP analysis
indicated that age and hypertension were the two most
significant features in predicting CVD in the general
population.

However, for individuals with airflow obstruction,
SHAP analysis identified some differences in the most
influential factors compared to previous understanding.
Education level, gender, and ethnicity were found to have
the greatest impact on predicting CVD risk. Education
level, a key indicator of socioeconomic status, is closely

associated with CVD risk. Higher education often cor-
relates with greater health knowledge, healthier lifestyles,
and better access to healthcare resources, all of which
collectively reduce CVD risk. Educated individuals typi-
cally have higher health literacy, enabling them to effec-
tively understand health information and make positive
lifestyle adjustments to lower their CVD risk [74-76].
They are also more likely to accurately report their health
status, enhancing the influence of education in statisti-
cal models. While the impact of education is significant,
SHAP analysis also highlighted the importance of gen-
der and ethnicity. This reflects the complex interplay
of social determinants of health. Gender and ethnicity
affect access to healthcare, exposure to environmental
risks, and socioeconomic status, all of which can influ-
ence CVD risk [77, 78]. Similarly, gender differences in
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Fig. 3 The importance scores of features for the XGBoost model. (A) Feature Importance Scores for the Full Population CVD Diagnostic Model. (B) Feature
Importance Scores for the Airflow Obstruction Population CVD Diagnostic Model.

healthcare utilisation and social roles can also impact of XGBoost is 0.7508; for the AO population, it reaches
CVD outcomes. 0.6645, demonstrating performance comparable to pre-

In this study, the developed machine learning model, vious studies focused on CVD prediction. The models
particularly XGBoost, has shown effectiveness in predict-  tailored for specific populations indicate that ML can
ing CVD among the general population and a specific AO  improve CVD risk stratification and detection. In a multi-
population. For the general population, the AUC value ethnic patient group, the AUC of XGBoost algorithm in
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Fig.4 The SHAP summary plot of the XGBoost model. (A) The SHAP summary plot for the Full Population CVD Diagnostic Model. (B) The SHAP summary
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predicting CVD events within five years ranges from 0.70
to 0.71 [79]. For specific ethnic groups, the AUC range
for CVD prevalence detection by ML models is 0.660 to
0.74 [80]. Additionally, a random forest model specifically
developed for type 2 diabetes patients achieved an AUC
of 0.722 in predicting CVD development [81]. However,
compared to CVD risk prediction models based on the
general population, the performance of the XGBoost
model in this study is slightly inferior, with AUC values
marginally lower than those in existing research [82].
This may be due to the XGBoost model in this study
placing greater emphasis on data interpretability and
clinical applicability during its construction, at the cost
of some predictive precision. Nonetheless, the XGBoost
model in this study retains significant advantages, hav-
ing developed dedicated models for underrepresented
AO populations to enhance the relevance and accuracy
of predictions, while adopting more robust algorithms
to ensure the stability and reliability of prediction out-
comes. In practice, these models assist healthcare provid-
ers in identifying high-risk individuals, facilitating early
intervention and prevention.

In comparison with previous studies, the present
research possesses several advantages. Firstly, existing
models for predicting CVD have not taken into account
the specific population with AO. To our knowledge, this
is the first study to develop a prediction model for CVD
risk in patients with AO using a ML approach. This not
only deepens our understanding of the potential relation-
ship between AO and CVD, but also promises to bring
more precise and personalized treatment and manage-
ment plans for patients with AO. Secondly, the study
employed more rigorous statistical methods and a larger
sample size. The data is rich and representative, which is
conducive to ensuring the extensiveness and applicability
of the research results, thus enhancing the external valid-
ity of the study. Moreover, the research did not merely
stop at the level of relationship analysis. It further utilized
various ML methods to construct a CVD risk prediction
model for the AO population. Emerging techniques such
as SMOTE, RandomizedSearchCV, and cross-validation
were also employed to enhance the robustness and pre-
dictive power of the model. This reflects the depth and
forward-looking nature of the research.

However, this study has several limitations. Firstly, the
cross-sectional design limits our ability to establish a
causal relationship between AO and CVD. Longitudinal
studies are needed to confirm the temporal relationship
between these conditions. The cohort used in this study
is derived solely from the NHANES database, which may
introduce specific limitations and biases. As non-His-
panic whites dominate the NHANES population, the cur-
rent findings may not fully represent the realities of other
ethnic groups. Additionally, the assessment of CVD was
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based on patient self-reports, which likely introduces sig-
nificant bias. Furthermore, constrained by the complex
impacts of data availability and computational resources,
the performance of our machine learning ensemble
method did not meet expectations, and we were unable
to propose a new ensemble model. Future longitudinal
studies should aim for a larger and more diverse sample
size, along with comprehensive data collection, to further
investigate the causal relationship between AO and CVD
and to refine the CVD risk prediction models.

This research provides valuable insights into the rela-
tionship between AO and CVD. The application of ML
technology has resulted in a more comprehensive and
sophisticated risk assessment tool, which contributes to
the early identification and management of CVD in indi-
viduals with AO. This alleviates the disease burden of
both AO and CVD, and improves the overall health of
the affected individuals.

Conclusion

This study demonstrates a significant positive correlation
between AO and CVD. Among the general population,
age, hypertension, and PIR have the greatest impact on
CVD risk prediction. For individuals with AO, education,
gender, and ethnicity emerge as the most influential fac-
tors in CVD risk prediction. Developing accurate models
to predict CVD risk, particularly in the AO population,
enhances early identification and intervention of high-
risk individuals. This research, by advocating for more
comprehensive risk assessment tools, contributes to
improving the prevention and management of CVD.
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AO Airflow obstruction

AP Average Precision

AUC Area Under the Curve

CHD Coronary heart disease

COPD Chronic obstructive pulmonary disease
CvD Cardiovascular Disease
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ROC Receiver operating characteristic

SHAP SHapley Additive exPlanations

SMOTE Synthetic Minority Over-Sampling Technique
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