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Background: Preserved Ratio Impaired Spirometry (PRISm) is a subclinical pulmonary phenotype associated with increased risk of 
chronic obstructive pulmonary disease (COPD), cardiovascular disease, and all-cause mortality. Early identification and stratified 
prevention of PRISm remain a clinical challenge.
Methods: Using data from the US National Health and Nutrition Examination Survey (NHANES) 2007–2012, we developed and 
validated a stacked machine learning (ML) model integrating dietary intake and demographic features to generate a continuous PRISm 
risk score. The dataset was split into training, validation, and test sets. Model performance was evaluated using ROC curves and 
calibration. The associations between the risk score and adverse health outcomes were assessed using logistic regression and Kaplan– 
Meier analysis. Subgroup analysis was performed to assess the impact of lifestyle across risk strata.
Results: The stacked ML model demonstrated strong predictive ability, achieving an AUC of 0.818 in the test set. The risk score was 
significantly associated with multiple chronic conditions, including hypertension, diabetes, cardiovascular disease, and COPD. High- 
risk individuals had substantially increased mortality rates compared to the low-risk group. In the low-risk group, adherence to 
a healthy lifestyle was associated with significantly lower odds of adverse outcomes, while no such association was observed in the 
high-risk group.
Conclusion: This study presents a non-invasive, data-driven model for PRISm risk prediction and health outcome stratification based 
on dietary and demographic features. The PRISm risk score may aid early screening and inform personalized prevention strategies.
Keywords: preserved ratio impaired spirometry, machine learning, dietary intake, prognosis, stratification

Introduction
Preserved Ratio Impaired Spirometry (PRISm) is a distinct pulmonary condition characterized by a normal ratio of forced 
expiratory volume in one second to forced vital capacity (FEV1/FVC ≥ 0.70), accompanied by a reduced FEV1 (<80% 
predicted), indicating impaired lung function without the hallmark signs of obstructive airway disease.1 PRISm has 
garnered increasing attention as a clinically relevant and heterogeneous spirometric pattern, with a reported prevalence of 
7–12% in the general population, rising to 23.6% when more stringent cut-off values predictive of chronic obstructive 
pulmonary disease (COPD) progression are employed.2

Individuals with PRISm are at elevated risk for a range of adverse health outcomes. Longitudinal studies have shown 
that PRISm is associated with increased all-cause mortality, heightened respiratory symptoms, and a greater likelihood of 
progression to COPD.2–4 In addition, PRISm is frequently accompanied by a broad spectrum of cardiometabolic 
comorbidities, including cardiovascular disease (CVD), hypertension, heart failure, diabetes mellitus, obesity, and 
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obstructive sleep apnea.5–8 These associations underscore the possibility that PRISm reflects a systemic pathological state 
extending beyond pulmonary dysfunction, highlighting the clinical importance of early detection and monitoring, 
particularly in older populations.9,10 Given the reversible nature of PRISm and its potential role as a transitional state 
toward COPD, timely recognition and intervention are crucial to preventing disease progression and improving long-term 
outcomes.11

Beyond its clinical consequences, understanding which individuals are more susceptible to PRISm is essential for 
early identification. Demographic characteristics have been strongly linked to PRISm. Prior studies have shown that 
PRISm is more frequently observed among older adults, women, individuals with higher BMI, and current or former 
smokers.12–14 These demographic patterns suggest that PRISm arises from complex interactions among biological aging, 
body composition, socioeconomic factors, and environmental exposures, underscoring the need for predictive approaches 
that integrate demographic variables.

Emerging evidence suggests that modifiable lifestyle factors—particularly diet—may play a pivotal role in the onset 
and progression of PRISm. While numerous nutritional epidemiology studies have linked higher intake of micronutrients 
such as magnesium, folate, and vitamins A, C, and D to better lung function,15,16 recent investigations have begun to 
directly evaluate dietary patterns in relation to PRISm itself. Individuals with PRISm have been reported to consume 
fewer antioxidants and essential micronutrients compared with those with normal spirometry, potentially contributing to 
systemic inflammation and impaired pulmonary physiology.17,18 Furthermore, diets high in ultra-processed foods have 
been associated with higher odds of PRISm,19 whereas adherence to nutrient-rich, anti-inflammatory dietary patterns— 
such as the Mediterranean or DASH diets—has been linked to a lower prevalence of PRISm.20 However, accumulating 
evidence consistently supports a meaningful association between dietary intake and PRISm, suggesting that nutritional 
exposures may play a substantive role in its development and progression.

Although several studies have investigated the associations between risk factors and PRISm, few have applied 
predictive modeling approaches to identify individuals at high risk of developing PRISm.12,18,21 Given its reversibility 
and role as a precursor to more severe pulmonary and cardiometabolic conditions, early identification of PRISm is of 
critical importance in clinical practice.

Machine learning (ML), a pivotal branch of artificial intelligence, excels in interpreting vast amounts of data and 
accurately evaluating complex patterns.22,23 By simulating human brain data processing capabilities, ML significantly 
enhances accuracy and efficiency compared to traditional methods.24 By combining it with dietary data, ML has 
successfully developed the diagnosis of a variety of diseases, including cardiovascular disease and diabetes.25,26

Therefore, the present study aims to develop and validate a stacked ML model that incorporates demographic 
characteristics and dietary nutrient intake to generate a continuous PRISm risk score. This score is designed to enable 
the early prediction of PRISm and its potential progression to COPD and other chronic diseases. In addition, we explore 
the potential beneficial effects of lifestyle modifications on adverse health outcomes.

Methods
Study Population
Data were obtained from the National Health and Nutrition Examination Survey (NHANES), a nationally representative 
program conducted by the Centers for Disease Control and Prevention (CDC) to assess the health and nutritional status of 
the US population. For this study, we included participants from the 2007–2012 survey cycles. Individuals were excluded 
if they had missing PRISm diagnostic data, incomplete dietary intake information, were under 20 years of age, or lacked 
data on key covariates, including poverty income ratio (PIR), smoking status, alcohol consumption, education level, or 
body mass index (BMI). The selection process is illustrated in Supplementary Figure 1.

Assessment of Dietary Nutrient Intake
Dietary data in NHANES were collected through two 24-hour dietary recall interviews: the first was conducted in person 
at the Mobile Examination Center (MEC), and the second was administered via telephone 3 to 10 days later. To ensure 
a more accurate estimation of usual dietary intake, we used data from both recalls when available, calculating the average 
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intake across the two days. In instances where only one recall was completed, that single value was used as the estimate 
of dietary consumption.27,28

A total of 38 nutrient variables were analyzed, derived from NHANES dietary questionnaires. These encompassed 
a broad range of dietary components, including 8 macronutrients, 17 vitamins, 9 minerals, and 4 additional nutritional 
factors. The macronutrient group consisted of protein, carbohydrates, total sugars, total fat, cholesterol, saturated fatty 
acids, monounsaturated fatty acids, and polyunsaturated fatty acids (all measured in grams or milligrams, as appropriate). 
The vitamin group included vitamin E, retinol, vitamin A, alpha-carotene, beta-carotene, beta-cryptoxanthin, lycopene, 
lutein + zeaxanthin, thiamine (vitamin B1), riboflavin (vitamin B2), niacin, vitamin B6, choline, vitamin B12, vitamin C, 
vitamin D, and vitamin K. Mineral intake variables included calcium, phosphorus, magnesium, iron, zinc, copper, 
sodium, potassium, and selenium. Additionally, we assessed four other dietary components: dietary fiber, caffeine, 
theobromine, and alcohol.

Measurements of Lung Function Parameters and PRISm Definition
Spirometry assessments were performed at the Mobile Examination Center (MEC), with detailed procedures documented 
in previous publications.18 Key lung function indices, including forced expiratory volume in one second (FEV1) and 
forced vital capacity (FVC), were extracted from the NHANES SPX dataset. Predicted values for these parameters were 
calculated based on the NHANES III reference equations.29 In this study, PRISm was defined as having an FEV1/FVC 
ratio ≥ 0.70 in conjunction with an FEV1 less than 80% of the predicted value.14,18

Assessment of Lifestyle and Other Covariates
In this study, four modifiable lifestyle factors were evaluated: dietary quality, smoking status, alcohol intake, and physical 
activity.30 All information was obtained from structured questionnaires and two 24-hour dietary recall interviews. 
Smoking status was classified as healthy if participants reported having smoked fewer than 100 cigarettes in their 
lifetime, as per questionnaire definitions. Alcohol consumption was self-reported in terms of frequency and volume, with 
moderate drinking defined as no more than one drink per day for women and two for men. Physical activity was assessed 
based on the total time spent in moderate-to-vigorous intensity activities, with at least 150 minutes per week considered 
indicative of a healthy level.30 Dietary quality was determined using the Healthy Eating Index 2015 (HEI-2015), which 
evaluates adherence to the Dietary Guidelines for Americans.31 The HEI-2015 includes nine adequacy components (total 
fruits, whole fruits, vegetables, whole grains, dairy, protein foods, seafood and plant proteins, and the ratio of unsaturated 
to saturated fats) and four moderation components (refined grains, sodium, added sugars, and saturated fats). A healthy 
diet was defined as an HEI score falling within the top 40% of the population distribution.32

For each of the four lifestyle domains, participants received 1 point for meeting the healthy criteria and 0 otherwise. 
The resulting lifestyle score ranged from 0 to 4, with higher scores reflecting a healthier overall lifestyle. Based on the 
total score, individuals were categorized into three groups: unhealthy (0–1 points), intermediate (2 points), and healthy 
(3–4 points).33

Based on existing literature, we included covariates previously demonstrated to be associated with lung function and 
dietary quality. These variables encompassed age, sex, race, body mass index (BMI), education level, and poverty income 
ratio (PIR). Race was classified into five groups: Mexican American, Other Hispanic, Non-Hispanic White, Non- 
Hispanic Black, and Other (including multiracial individuals). Education level was categorized as less than high school, 
high school graduate, or college and above. PIR, an indicator of socioeconomic status, was defined as the ratio of 
household income to the federal poverty threshold. Alcohol consumption was categorized into four groups: never, mild/ 
moderate, heavy, and former drinkers. Smoking behavior was grouped into never, former, and current smokers.

We also examined several health outcomes, including hypertension, diabetes, cardiovascular disease (CVD), chronic 
obstructive pulmonary disease (COPD), cardiovascular mortality, and all-cause mortality. Hypertension was defined as 
systolic blood pressure ≥130 mmHg and/or diastolic blood pressure ≥80 mmHg on at least three separate measurements, 
or a self-reported physician diagnosis of hypertension, or current use of antihypertensive medication. Diabetes mellitus 
was identified based on a positive response to the standardized questionnaire item (“Has a doctor ever told you that you 
have diabetes?”), or meeting one or more of the following validated laboratory criteria: glycated hemoglobin (HbA1c) 
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≥6.5%, fasting plasma glucose ≥7.0 mmol/L, 2-hour plasma glucose ≥11.1 mmol/L during an oral glucose tolerance test, 
random plasma glucose ≥11.1 mmol/L, or current use of antidiabetic medication.26 CVD was determined if respondents 
reported a diagnosis of any of the following conditions by a healthcare professional: congestive heart failure, coronary 
heart disease, angina, myocardial infarction, or stroke. COPD was defined as FEV1/FVC ratio of less than 0.70.14 

Mortality outcomes, including both cardiovascular and all-cause mortality, were obtained from the NHANES Linked 
Mortality File. This dataset links NHANES participants to National Death Index records, enabling long-term follow-up 
and survival analysis.34

Pre-Processing of Machine Learning Features
The initial dataset included 38 dietary variables. To address multicollinearity, Pearson correlation coefficients were 
computed, and features with correlation coefficients greater than 0.9 were excluded. Subsequently, all remaining 
variables were standardized using the Standard Scaler to ensure that features with larger numeric ranges did not 
disproportionately influence model training.26,35

Study Design
Phase I: Development and Evaluation of the Predictive Model
The overall study design is illustrated in Figure 1. In this study, a stacked ensemble machine learning model was 
developed to predict the risk of PRISm based on demographic and dietary features. Stacking ensemble learning is an 
advanced machine learning technique that combines multiple base learners to improve predictive accuracy and robust
ness. Compared to individual models, stacking approaches have been shown to deliver superior performance in various 
domains.36,37 The general framework involves training several base models independently and then using a meta-learner 
to integrate their outputs into a final prediction.38

In this study, the base module of the stacking ensemble consisted of five distinct classifiers: logistic regression (LR), 
decision tree (DT), support vector machine (SVM), random forest (RF), and extreme gradient boosting (XGBoost). These 
base classifiers were trained in parallel, each independently predicting the risk of PRISm based on the input features. 

Figure 1 Workflow of the established stacked model and study design. (A) Dietary and demographic data acquisition in the NHANES. (B) Feature selection. (C) 
Development and validation of the stacked machine learning model. (D) Prognostic evaluation of the risk score in the train and test sets. 
Abbreviations: BMI, Body mass index; PIR, poverty income ratio; LR, logistic regression, DT, decision tree; SVM, support vector machine; RF, random forest, XGBoost, 
extreme gradient boosting; AUC, the area under the receiver operating characteristic curve; PRISm, Preserved Ratio Impaired Spirometry.
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Their predictions were then aggregated and passed to a meta-classifier, implemented using logistic regression, which 
synthesized the outputs of the base learners to generate the final PRISm prediction.

To develop and evaluate the stacked ensemble model, the dataset was randomly partitioned into three subsets using 
stratified sampling: 60% for training, 20% for validation, and 20% for testing. The training set was used to construct both 
the base learners and the meta-learner through a five-fold cross-validation framework, which aimed to improve general
izability and reduce overfitting. Specifically, the training data were divided into five equal folds. In each iteration, four 
folds were used to train five base classifiers, while the remaining fold served as the internal validation set. Each base 
model generated predicted probabilities for the held-out fold. These out-of-fold predictions were collected across all five 
iterations and used as input features for training the second-layer model, or meta-classifier, which was implemented as 
a logistic regression model. The corresponding ground truth labels were also retained to supervise this training. After 
completing the five-fold cross-validation on the training set, each base learner was retrained on the full training data. 
These finalized base models were then used to predict PRISm probabilities on the independent validation and test sets. 
The resulting probabilities were passed to the trained meta-classifier, which produced the final prediction. The validation 
set was used for tuning and intermediate assessment, while the test set provided an unbiased estimate of the model’s 
predictive performance and robustness.

To assess whether model performance was influenced by chronic comorbidities, we conducted a stratified analysis 
based on the presence of four major chronic diseases (hypertension, diabetes, cardiovascular disease, and COPD). 
Participants in the test set were classified into three subgroups: no chronic diseases, one chronic disease, and two or more 
chronic diseases. The stacked model was applied to each subgroup using the same optimal threshold, and performance 
metrics (AUC, accuracy, sensitivity, and specificity) with 95% CIs were estimated using 1000 bootstrap iterations.

Phase II: Risk Stratification and Prognostic Analysis
In the second phase, the stacked machine learning model generated a probability score for each participant, which was 
used as the individual risk score. This score ranged from 0 (lowest predicted probability) to 1 (highest predicted 
probability), serving as a quantitative indicator of PRISm risk and a potential predictor of future health outcomes.

Based on the maximum Youden’s J index in the training set, an optimal cut-off value was determined to stratify 
participants into low-risk and high-risk groups. The association between risk groups and health-related outcomes was 
first assessed within the training set. To evaluate the discriminative power of the risk score, we applied the trained 
stacked model to the test set to generate probability scores. Using the same cut-off value derived from the training set, 
test set participants were also classified into low-risk and high-risk groups. Prognostic analyses were then performed to 
assess the ability of the risk score to quantify the risk of adverse health outcomes in the test population.

Statistical Analysis
To obtain valid estimates and nationally representative statistics for the US adult population, our analysis of the 
NHANES dataset fully accounted for the complex survey design. Specifically, all analyses incorporated NHANES 
sampling weights, strata, and primary sampling units (PSU), following the NHANES Analytic Guidelines. Both 
descriptive statistics and regression models were conducted using survey-weighted procedures to appropriately address 
oversampling, stratification, and clustering. Data are presented as mean ± standard deviation (SD) or median (inter
quartile range) for continuous variables, and as frequency or percentage for categorical variables. For baseline char
acteristics analysis, the statistical differences among train, validation and test groups were tested with t-test or one-way 
ANOVA for continuous variables and chi-square or fisher test for categorical variables. In Phase II of the analysis, 
participants with missing data on health outcome variables were excluded. To reduce potential bias due to missing 
covariate information, multiple imputation (MI) was applied to impute missing values for physical activity and dietary 
quality as measured by the Healthy Eating Index (HEI). Predictive mean matching (PMM) was used as the imputation 
method, with five imputed datasets (m = 5) and 20 iterations performed to ensure convergence of the algorithm.

Model performance was assessed using the area under the receiver operating characteristic curve (AUC), calibration 
plots, and decision curve analysis (DCA). Kaplan–Meier survival curves were generated to compare all-cause and 
cardiovascular mortality between risk groups. Logistic regression models were used to examine the associations between 
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risk groups and various health-related outcomes. Additionally, logistic regression was applied to evaluate the relation
ships between lifestyle factors and adverse outcomes within different risk groups.

This study followed the principles outlined in the Transparent Reporting of a Multivariable Prediction Model for 
Individual Prognosis or Diagnosis (TRIPOD) guidelines to ensure methodological rigor and transparency in the devel
opment and validation of our predictive model. All statistical analyses were conducted using R software (version 4.3.3), 
and a significance level of P < 0.05 was applied throughout the study.

Results
Population Characteristics
The study population was derived from the NHANES 2007–2012 cycles, which initially included 30,442 participants. 
After excluding individuals with missing PRISm classification (n = 10,862), incomplete dietary data (n = 163), age under 
20 years (n = 6413), and missing values for key covariates—including PIR, smoking status, drinking status, education, 
and BMI (n = 1863)—a total of 11,141 participants were included in the final analysis as shown in Supplementary 
Figure 1. Baseline characteristics were generally balanced across the training (n = 6686), validation (n = 2228), and test 
(n = 2227) sets (Supplementary Table 1). The mean age of participants was 46.7 years, and 50.4% were male. Racial 
composition included 45.5% Non-Hispanic White and 21.4% Non-Hispanic Black. The average BMI was 29.2 kg/m2, 
and the mean PIR was 2.6. Over half of the participants (53.2%) had attained college-level education or higher. Among 
all participants, 32.2% had hypertension, 10.6% had diabetes, 7.3% reported cardiovascular disease, and 13.6% were 
classified as having COPD. PRISm was identified in 28.7% of individuals. In terms of lifestyle patterns, 30.0% of 
participants had favorable lifestyles, while 15.2% had unfavorable ones. The distribution of variables was similar across 
all data subsets, with no significant differences observed (all P > 0.05).

Development and Validation of the Stacked ML Model
Prior to model development, we conducted exploratory analyses to examine the distribution and interrelationships among 
features. Pearson correlation coefficients among dietary variables are presented in Supplementary Figure 2. As shown, 
several dietary components demonstrated strong correlations, particularly Total fat, lutein + zeaxanthin, Total saturated 
fatty acids, Total monounsaturated fatty acids and Vitamin K. To address multicollinearity, highly correlated variables 
were removed as illustrated in Figure 2. Finally, the ML model included 33 dietary features and 7 baseline features.

To enhance predictive performance and stability, we developed a stacked machine learning (ML) model integrating 
five base classifiers: LR, DT, SVM, RF, and XGBoost. The performance of the stacked model and its base learners was 
evaluated on the independent test set. As shown in Figure 3A, the stacked model outperformed all single models in terms 
of discriminative ability, achieving the highest area under the ROC curve (AUC). Supplementary Table 2 summarizes the 
detailed performance metrics. The stacked model yielded an AUC of 0.818 (95% CI: 0.800–0.836), with an accuracy of 
0.765 (95% CI: 0.745–0.781), sensitivity of 0.747 (95% CI: 0.713–0.782), and specificity of 0.771 (95% CI: 
0.749–0.792), surpassing the best-performing base model (Random Forest: AUC = 0.815). Clinical utility was assessed 
using decision curve analysis (DCA), which demonstrated that the stacked model provided the greatest net benefit across 
a range of threshold probabilities (Figure 3B). Furthermore, calibration analysis showed good agreement between 
predicted and observed probabilities (Figure 3C), indicating reliable risk estimation. In addition, Supplementary 
Table 3 reports the performance of the stacked model across the training, validation, and test sets. The model showed 
consistent AUC, accuracy sensitivity and specificity across datasets, supporting its robustness and external validity. 
Stratified analyses showed that model discrimination varied across chronic disease subgroups (Supplementary Table 4). 
The stacked model achieved the highest performance among participants without chronic diseases (AUC = 0.864, 95% 
CI: 0.841–0.887), followed by those with one chronic disease (AUC = 0.783, 95% CI: 0.745–0.820) and those with two 
or more chronic diseases (AUC = 0.736, 95% CI: 0.688–0.785). These findings demonstrate that the model maintains 
robust predictive ability across all strata and that its discriminative performance is not driven by the presence of 
multimorbidity. Taken together, these findings demonstrate that the continuous risk score derived from the stacked 
model provides accurate and stable discrimination for PRISm across datasets.
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Prognostic Evaluation of Risk Score
To further evaluate the prognostic utility of the model-derived PRISm risk score, we examined its association with major 
cardiometabolic and respiratory outcomes. We utilized the PRISm probabilities generated by the stacked ML model as 
continuous risk scores and examined their association with major health outcomes using logistic regression models. 
Analyses were conducted separately in the training and test datasets, with three modeling strategies: unadjusted 
(Model 1), adjusted for individual lifestyle components (Model 2: HEI score, smoking status, drinking status, and 
physical activity), and adjusted for overall lifestyle pattern (Model 3: unfavorable, intermediate, and favorable). In the 
training set, the PRISm risk score was significantly associated with increased odds of hypertension (Model 3 OR: 3.61; 
95% CI: 2.77–4.69), diabetes (OR: 6.52; 95% CI: 4.96–8.58), CVD (OR: 4.64; 95% CI: 3.28–6.57), and COPD (OR: 

Figure 2 Pearson correlation coefficients among dietary variables after removing highly correlated ones. Statistical significance is denoted by asterisks: * p < 0.05; ** p < 0.01; 
*** p < 0.001. Correlations without asterisks did not reach statistical significance (p ≥ 0.05).

Figure 3 Performance of the stacked ML models for predicting PRISm. (A) ROC curve comparison of the stacked model and its five base models. Base models include 
logistic regression, decision tree, support vector machine (SVM), random forest, and XGBoost. (B) Decision curve analysis (DCA) for the stacked model on the test set. (C) 
Calibration curve of the stacked model on the test set.
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7.37; 95% CI: 4.14–13.13) (Supplementary Table 5). Consistent findings were observed in the test set, where the risk 
score demonstrated robust predictive associations with hypertension (OR: 16.46; 95% CI: 9.53–28.42), diabetes (OR: 
17.14; 95% CI: 8.12–36.19), CVD (OR: 42.91; 95% CI: 21.89–84.11), and COPD (OR: 7.37; 95% CI: 4.14–13.13) after 
full adjustment for lifestyle categories (Table 1). Participants were stratified into high and low risk groups based on the 
optimal Youden index (threshold = 0.463) derived from the training set. Kaplan–Meier survival analysis demonstrated 
that individuals in the high-risk group had significantly elevated risks of cardiovascular and all-cause mortality in both 
the training (Supplementary Figure 3) and test sets (Figure 4).

Furthermore, logistic regression models were used to examine the associations between risk groups and adverse 
health outcomes. In the training set, participants in the high-risk group had increased odds of hypertension (OR = 3.22; 
95% CI: 2.42–4.27), diabetes (OR = 3.03; 95% CI: 1.98–4.64), CVD (OR = 2.21; 95% CI: 1.71–2.84), and COPD (OR = 
2.02; 95% CI: 1.51–2.71), after adjusting for overall lifestyle categories (Model 3, Supplementary Table 6).

Similar associations were observed in the independent test set. High-risk individuals had significantly higher risks of 
hypertension (OR = 3.22; 95% CI: 2.42–4.27), diabetes (OR = 3.03; 95% CI: 1.98–4.64), CVD (OR = 4.68; 95% CI: 
3.44–6.35), and COPD (OR = 2.02; 95% CI: 1.51–2.71), further supporting the prognostic value of the model-derived 
risk score (Table 2).

Table 1 The Associations of Risk Score with Adverse Health Outcomes in the Test Set

Outcome Model 1 Model 2 Model 3

OR (95% CI) P OR (95% CI) P OR (95% CI) P

Hypertension 16.94 (9.71, 29.58) <0.001 15.61 (8.94, 27.25) <0.001 16.46 (9.53, 28.42) <0.001

Diabetes 17.18 (8.06, 36.65) <0.001 17.37 (8.17, 36.94) <0.001 17.14 (8.12, 36.19) <0.001
CVD 42.74 (22.00, 83.03) <0.001 39.49 (19.62, 79.49) <0.001 42.91 (21.89, 84.11) <0.001

COPD 7.22 (4.08, 12.77) <0.001 5.99 (3.40, 10.55) <0.001 7.37 (4.14, 13.13) <0.001

Notes: Model 1: Crude. Model 2: Adjust: HEI, smoking status, drinking status, physical activity. Model 3: Adjust: lifestyle; Participants 
were categorized into three groups according to the number of healthy lifestyle factors: (1) unfavorable (0 or 1 healthy lifestyle factors), 
(2) intermediate (2 factors), and (3) favorable (3 or 4 factors). 
Abbreviations: OR, Odds Ratio; CI, Confidence Interval.

Figure 4 Cumulative risks of cardiovascular and all-cause mortality in the test set, stratified by high-risk and low-risk groups. (A) Cardiovascular mortality. (B) All-cause 
mortality.
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Association Between Lifestyle and Adverse Outcomes in the Different Risk Group
We further evaluated whether a favorable lifestyle could attenuate the risk of adverse heath outcomes within different risk 
groups. In the test set, individuals in the low-risk group who adhered to a favorable lifestyle exhibited significantly lower 
odds of adverse outcomes. Specifically, compared with participants classified as having an unfavorable lifestyle, those 
with a favorable lifestyle showed reduced risks of hypertension (OR = 0.67, 95% CI: 0.49–0.93, P = 0.02), diabetes (OR 
= 0.25, 95% CI: 0.11–0.61, P = 0.003), CVD (OR = 0.43, 95% CI: 0.19–1.00, P = 0.05), and COPD (OR = 0.18, 95% CI: 
0.09–0.33, P < 0.001). A significant linear trend (P for trend) was observed across increasing levels of lifestyle quality for 
all outcomes (Figure 5). Conversely, in the high-risk group, the associations did not reach statistical significance; 
however, the effect estimates for CVD and COPD suggested a possible protective trend (ORs <1), although the 
confidence intervals crossed the null. To evaluate whether lifestyle effects differed between risk strata in the test set, 
we conducted interaction analyses. The P for interaction values were 0.22 for hypertension, 0.013 for diabetes, 0.367 for 
CVD, and 0.047 for COPD, indicating statistically significant interactions for diabetes and COPD. Although none of the 
interaction terms in the training set reached statistical significance, the overall pattern and direction of associations were 
similar to those observed in the test set (Supplementary Figure 4). These findings collectively suggest that the protective 
effect of a favorable lifestyle may be more pronounced in individuals classified as low risk.

Discussion
In this population-based study utilizing data from the NHANES 2007–2012 cycles, we developed a novel stacked 
machine learning (ML) model integrating dietary intake and demographic characteristics to generate a continuous risk 
score for PRISm. The stacked model outperformed all individual unimodal ML algorithms, achieving an area under the 
ROC curve (AUC) of 0.818 in the independent test set, and demonstrated consistent and robust predictive performance 
across datasets. These findings highlight the strong predictive and prognostic utility of the continuous risk score, 
supporting its potential role in early detection and clinical risk stratification.

The PRISm risk score was significantly associated with a range of adverse health outcomes and effectively stratified 
individuals into low- and high-risk groups. Individuals in the high-risk group exhibited a substantially increased 
likelihood of developing PRISm as well as other chronic conditions. Importantly, our findings revealed that adherence 
to a favorable lifestyle was associated with a reduced risk of adverse outcomes among low-risk individuals, whereas such 
protective effects were not observed in the high-risk group—suggesting that additional strategies may be required for 
effective risk mitigation in this subgroup. These insights provide valuable implications for personalized prevention and 

Table 2 Associations Between Risk Groups and Adverse Health Outcomes in the Test Set

Outcome Model 1 Model 2 Model 3

OR (95% CI) P OR (95% CI) P OR (95% CI) P

Hypertension

Low-Risk Reference Reference Reference
High-Risk 3.23 (2.42, 4.32) <0.001 3.11 (2.31, 4.19) <0.001 3.22 (2.42, 4.27) <0.001

Diabetes

Low-Risk Reference Reference Reference
High-Risk 3.06 (2.00, 4.66) <0.001 3.02 (1.97, 4.62) <0.001 3.03 (1.98, 4.64) <0.001

CVD

Low-Risk Reference Reference Reference
High-Risk 4.67 (3.43, 6.35) <0.001 4.46 (3.24, 6.13) <0.001 4.68 (3.44, 6.35) <0.001

COPD

Low-Risk Reference Reference Reference
High-Risk 2.03 (1.53, 2.69) <0.001 1.88 (1.39, 2.55) <0.001 2.02 (1.51, 2.71) <0.001

Notes: Model 1: Crude. Model 2: Adjust: HEI, smoking status, drinking status, physical activity. Model 3: Adjust: lifestyle; 
Participants were categorized into three groups according to the number of healthy lifestyle factors: (1) unfavorable (0 or 
1 healthy lifestyle factors), (2) intermediate (2 factors), and (3) favorable (3 or 4 factors). 
Abbreviations: OR, Odds Ratio; CI, Confidence Interval.
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management of PRISm and related chronic diseases such as COPD in clinical practice. In addition, the results of our 
chronic disease–stratified analysis further reinforce the robustness of the model. Specifically, these stratified findings 
confirm that the model captures risk signals independent of chronic comorbidities, with consistently strong performance 
across all subgroups and the highest discrimination observed in individuals without chronic diseases.

The application of ML in disease prediction using nutritional data has gained increasing attention in recent years, 
demonstrating the versatility of ML techniques in capturing complex, nonlinear relationships in dietary datasets.39 For 
instance, one study employed a random forest algorithm to explore the association between low-carbohydrate dietary 
scores and chronic obstructive pulmonary disease (COPD), achieving a predictive AUC of 71.6%.40 Another study used 
interpretable ML approaches to examine the relationship between dietary antioxidant intake and cardio-cancer comor
bidity, identifying LightGBM as the best-performing model.26 Additionally, an ML-guided personalized postprandial- 
targeting (PPT) diet integrating clinical and microbiome data has shown superior effects on glycemic control compared to 
a conventional Mediterranean diet in individuals with prediabetes.41 These findings collectively underscore the feasibility 
of using ML models in dietary-related disease prediction. However, to the best of our knowledge, the present study is the 
first to develop a stacked ML model combining dietary and demographic features to predict PRISm. Our model achieved 
a high discriminative performance with an AUC of 0.818 in the test set, offering a novel tool for early risk stratification 
in pulmonary health.

An expanding body of literature highlights the pivotal influence of dietary patterns on pulmonary function and 
chronic disease susceptibility through inflammatory, metabolic, and oxidative pathways.42 Bioactive peptides derived 
from dietary proteins have been reported to modulate redox status and regulate physiological processes related to obesity, 
hypertension, and diabetes.43 Beyond these epidemiological findings, several biological mechanisms help explain how 
diet influences susceptibility to PRISm and related respiratory conditions. Diets rich in antioxidants, polyphenols, and 

Figure 5 Associations between lifestyle categories and adverse health outcomes stratified by risk groups in the test set. The odds ratio (OR) values were obtained from 
logistic regressions. Participants were categorized into three groups according to the healthy lifestyle scores: (1) unfavorable lifestyle (0 or 1), (2) intermediate lifestyle (2), 
and (3) favorable lifestyle (3 or 4). 
Abbreviations: CVD, cardiovascular disease; COPD, chronic obstructive pulmonary disease.
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anti-inflammatory nutrients can reduce oxidative stress and airway inflammation by modulating NF-κB signaling, 
limiting pro-inflammatory cytokine release, and improving endothelial function.44,45 In contrast, diets high in saturated 
fats, refined carbohydrates, and ultra-processed foods promote systemic low-grade inflammation, oxidative imbalance, 
and impaired mitochondrial function, contributing to accelerated decline in FEV1.19,46 Additionally, the gut–lung axis 
offers an emerging framework linking nutrition, microbiota composition, and pulmonary immune regulation. High-fiber 
diets enhance short-chain fatty acid production, which exerts anti-inflammatory and immune-modulatory effects, whereas 
low-fiber Western dietary patterns promote dysbiosis, systemic inflammation, and heightened respiratory vulnerability.47 

Nutrient deficiencies—particularly magnesium, folate, vitamin D, and antioxidant vitamins—may further impair respira
tory muscle performance and immune function, thereby exacerbating susceptibility to chronic airway disorders.48 

Collectively, these mechanistic pathways suggest that dietary exposures play a critical role in shaping pulmonary health 
and may contribute to the development of PRISm. These insights support the integration of detailed nutritional data into 
predictive models for early identification of individuals at elevated risk for PRISm and related diseases.

This study offers several implications for clinical practice and public health. First, the satisfactory predictive 
performance of our model suggests that dietary data—routinely collected through non-invasive questionnaires—can be 
effectively leveraged to assess disease risk. The proposed risk score provides a continuous, quantifiable measure of 
PRISm susceptibility and associated health outcomes, enabling stratification of individuals into low- and high-risk 
groups. Our findings further demonstrate that among low-risk individuals, adherence to a healthy lifestyle is associated 
with a reduced incidence of adverse outcomes, highlighting the potential of early lifestyle-based prevention. Second, 
since lifestyle and dietary habits are modifiable factors, the model’s outputs may support the development of personalized 
nutritional interventions aimed at reducing future disease risk. Integrating the risk score into routine clinical workflows 
could facilitate dynamic monitoring and stratified management of PRISm and related conditions during standard health 
evaluations. For low-risk populations, emphasis on patient education, improved disease awareness, and behavioral 
counseling may help prevent the development of conditions such as hypertension, diabetes, and cardiovascular disease, 
thereby alleviating the long-term burden associated with PRISm. In contrast, individuals identified as high risk demon
strated substantially higher rates of adverse outcomes, and no significant benefit from lifestyle modification was observed 
in this group. This finding suggests that additional or alternative intervention strategies may be required and warrants 
further investigation. Collectively, the application of this model may offer a practical framework for early detection, 
prevention, and individualized disease management across risk spectrums.

Several limitations of this study should be acknowledged. First, some health-related outcomes, including hypertension 
and diabetes, were identified based on self-reported data from the NHANES interview questionnaires. Such self-reported 
diagnoses are subject to potential information bias due to recall inaccuracies or limited health literacy. Second, although 
the proposed risk score showed promising predictive performance, its application in clinical practice remains preliminary. 
The model was developed using data from the US NHANES 2007–2012 cycles, which represent a nationally represen
tative sample. In addition to dietary variables, the model incorporated demographic, socioeconomic, lifestyle, and health- 
related characteristics such as sex, race/ethnicity, education level, and comorbidities. While these factors enhance the 
generalizability of the findings within the US population, differences in dietary patterns, health systems, and disease 
prevalence across countries may limit the external validity of our results. Therefore, future research should aim to train 
and validate similar models in diverse populations and dietary contexts to ensure broader applicability. Finally, 
prospective studies are needed to assess the long-term clinical utility and predictive value of the risk score in real- 
world settings.

Conclusion
In this study, we developed and validated a stacked machine learning model incorporating dietary and demographic 
features to generate a continuous risk score for PRISm. The model demonstrated robust predictive performance and 
effectively stratified individuals by risk level, with high-risk individuals exhibiting increased susceptibility to PRISm and 
multiple chronic conditions. Importantly, adherence to a healthy lifestyle was associated with reduced adverse outcomes 
among low-risk individuals, underscoring the value of early prevention. This non-invasive, data-driven approach 
provides a promising tool for identifying at-risk populations and guiding personalized dietary and lifestyle interventions.
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