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Innovative machine learning-based prediction of early airway hyperresponsiveness using baseline pulmonary function parameters
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Background: The Bronchial Provocation Test (BPT) is the gold standard for diagnosing airway hyperresponsiveness (AHR) in suspected asthma patients but is time-consuming and resource-intensive. This study explores the potential of baseline pulmonary function parameters, particularly small airway indices, in predicting AHR and develops a machine learning-based model to improve screening efficiency and reduce unnecessary BPT referrals.

Methods: This retrospective study analyzed baseline pulmonary function data and BPT results from Henan Provincial People’s Hospital (May to September 2024). Data were randomly split into training (69.8%, n = 289) and validation (30.2%, n = 125) groups using R software (Version 4.4.1). The Least Absolute Shrinkage and Selection Operator (LASSO) was applied to identify the most predictive variables, and 10-fold cross-validation was used to determine the optimal penalty parameter (λ = 0.023) to prevent overfitting. Model fit was evaluated using the Akaike Information Criterion (AIC), and a logistic regression model was constructed along with a nomogram.

Results: The optimal model (Model C, AIC = 310.44) included FEV1/FVC%, MEF75%, PEF%, and MMEF75-25%, which demonstrated superior discriminative capacity in both the training (AUC = 0.790, cut-off = 0.354, 95% CI: 0.724–0.760) and validation cohorts (AUC = 0.756, cut-off = 0.404, 95% CI: 0.600–0.814). In the validation cohort, multidimensional validation through calibration plots showed a slope of 0.883. The Net Reclassification Improvement (NRI) for Model C compared to other models was 0.169 (vs. Model A), 0.144 (vs. Model B), and 0.158 (vs. Model D). The Integrated Discrimination Improvement (IDI) and Decision Curve Analysis (DCA) indicated that Model C provided superior predictive performance and a significantly higher net benefit compared to the extreme curves. For instance, the 10th randomly selected patient in the validation cohort showed an 89.80% probability of AHR diagnosis, with a well-fitting model.

Conclusion: This study identifies MEF75%, MMEF75-25%, FEV1/FVC%, and PEF% as effective predictors of early airway hyperresponsiveness in suspected asthma patients. The machine learning-based predictive model demonstrates strong performance and clinical utility, offering potential as a visual tool for early detection and standardized treatment, thereby reducing the risk of symptom exacerbation, lung function decline, and airway remodeling.
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1 Introduction

Asthma remains a globally prevalent chronic airway disorder, exhibiting high morbidity, persistent therapeutic challenges, and substantial disease burden across all age demographics, with the global patient population exceeding 330 million (1, 2). Recent epidemiological investigations reveal significant disease heterogeneity in different populations. Specifically, data from the 2019 China Pulmonary Health Study led by Prof. Wang Chen’s research team demonstrated an asthma prevalence rate of 4.2% among adults aged ≥20 years, translating to approximately 45.7 million affected individuals nationwide (3). In contrast, prevalence rates are notably higher in other regions, with 8.4% in the United Kingdom and 12.5% in the United States (4). Complementing these cross-country variations, Burnette et al. further identified demographic patterns in asthma distribution, noting that cases predominantly occur in female (69%), Caucasian (75%), and non-Hispanic (69%) individuals, with most diagnoses made during adulthood (5). Notably, clinical management challenges persist across populations, as evidenced by suboptimal treatment outcomes in 55.1–62.0% of patients. Particularly concerning is the subgroup with severe/uncontrolled asthma (SUA), who demonstrate substantially elevated healthcare expenditures compared to mild asthma cases - a disparity highlighting the urgent need for improved therapeutic strategies (5).

Airway hyperresponsiveness (AHR) is a key pathological feature of asthma, referring to excessive and sustained bronchoconstriction in response to both external and internal stimuli (6–8). The bronchial provocation test is the standard method for assessing AHR, but it is complex to perform and carries certain risks, such as the potential to trigger acute attacks or allergic reactions. Thus, such a test is unsuitable for patients with severe asthma or chronic obstructive pulmonary disease (COPD) (9). Although methacholine challenge testing (MCT) is widely used, its complexity and high costs limit its use in primary care settings (10). Studies in the United States indicate that early accurate diagnosis of AHR remains challenging due to the lack of specific biomarkers. Most of asthma patients are managed by primary care physicians (PCPs), while approximately one-third of these patients do not receive the timely treatment, which can lead to the worsening airway inflammation, airway remodeling, and decreased lung function (11, 12). Therefore, there is an urgent need for a simple and effective predictive method to identify high-risk patients early.

Machine learning (ML) is widely applied in the medical field for disease diagnosis and prognosis prediction. By constructing models, ML can deeply analyze medical data, support clinical decision-making, and classify individual disease risks with high precision in the context of complex diseases, thus aiding in more accurate diagnosis, disease progression prediction, and personalized treatment planning. In this study, a large cohort of patients with suspected asthma was enrolled, with their baseline pulmonary function test data and clinical information systematically collected. Through LASSO regression analysis, 4 clinically accessible and safe indicators were identified, and their application value in the diagnosis of AHR was explored in depth. In the process, LASSO regression achieved precise screening of key pulmonary function parameters by penalizing irrelevant variables, aiming to construct a concise and efficient AHR prediction model. This method can prioritize the retention of variables with clear clinical significance, such as small airway indicators, while effectively reducing the risk of model overfitting, thus ensuring that the constructed model possesses both diagnostic accuracy and operational feasibility in routine clinical practice. Notably, a novel ML-based nomogram model for AHR diagnosis was developed, and internal validation was conducted to assess its diagnostic efficacy. This research has the potential to enhance the accuracy and efficiency of clinical diagnosis, promote early intervention and personalized treatment in asthma, reduce the risks of acute exacerbations, lung function decline, and airway remodeling, and may ultimately contribute to improvements in patient outcomes and quality of life.



2 Materials and methods


2.1 Study subjects

This study, which was part of routine clinical practice, enrolled consecutive patients attending the outpatient clinic of Henan Provincial People’s Hospital from May to September 2024. The research protocol received ethical approval from the Ethics Committee of Henan Provincial People’s Hospital (Approval No. 2024173) in accordance with the Declaration of Helsinki. Written informed consent was obtained from all participants prior to enrollment through standardized documentation procedures.


2.1.1 Inclusion criteria


	1. Patients with suspected asthma symptoms (e.g., recurrent breathlessness, coughing, chest tightness, wheezing) for a duration of ≥2 months.

	2. All patients underwent routine pulmonary function tests and MCT.

	3. Imaging tests showed no significant abnormalities (such as lung masses, bronchiectasis, pulmonary infections, etc.).





2.1.2 Exclusion criteria


	1. Patients aged <16 years.

	2. Patients with coexisting respiratory diseases including pneumonia, lung cancer, allergic bronchopulmonary aspergillosis, or chronic obstructive pulmonary disease (COPD, defined as post-bronchodilator FEV1/FVC < 0.7).

	3. Patients with heart-related wheezing.

	4. Patients with severe systemic diseases or malignant tumors.

	5. Pregnant or lactating women.






2.2 Research methods


2.2.1 Data collection


2.2.1.1 Basic information

Demographic variables were extracted from the hospital’s electronic medical records, including age, sex, body mass index (BMI), symptoms, symptom duration, and medical history.



2.2.1.2 Routine pulmonary function parameters

Pulmonary ventilation function and bronchial provocation tests (BPT) were performed using a Jaeger MasterScreen pulmonary function instrument (CareFusion, Hochberg, Germany) in accordance with the standards established by the American Thoracic Society/European Respiratory Society (ATS/ERS): each patient completed at least 3 technically valid maneuvers, and the best results were recorded (13). The relevant pulmonary function parameters collected included: forced vital capacity as a percentage of predicted value (FVC%pred), forced expiratory volume in 1 s as a percentage of predicted value (FEV1%pred), the ratio of forced expiratory volume in 1 s to forced vital capacity as a percentage of predicted value (FEV1/FVC%pred), peak expiratory flow as a percentage of predicted value (PEF%pred), maximal expiratory flow at 50% of forced vital capacity as a percentage of predicted value (MEF50%pred), maximal expiratory flow at 25% of forced vital capacity as a percentage of predicted value (MEF25%pred), maximal expiratory flow at 75% of forced vital capacity as a percentage of predicted value (MEF75%pred), and maximal mid-expiratory flow between 75 and 25% of forced vital capacity as a percentage of predicted value (MMEF 75-25%pred).



2.2.1.3 Imaging examination

Chest high-resolution computed tomography (HRCT) scans were performed using a SoMATOM Siemens Sensation 64-slice spiral CT scanner. All HRCT images were independently reviewed by two radiologists.




2.2.2 Data cleaning and standardization


2.2.2.1 Data inspection, cleaning and standardization

The raw data obtained were sorted and integrated based on key information from the included patients. To ensure the reliability and accuracy of subsequent analyses, data with incomplete information, duplicates, unclear classifications, or outliers were excluded from the dataset. Additionally, corrections and normalization were performed on the variable names and measurement units to ensure data consistency and comparability.



2.2.2.2 Missing data handling

Variables with a missing rate greater than 30% were excluded from the analysis. For variables with a missing rate ≤ 30%, missing values were imputed using multiple imputation by chained equations (MICE). Subsequent multivariate analyses were conducted using the imputed dataset. (Missing data handling. Variables with a missing rate greater than 30% were excluded from the analysis (none in this study). For variables with a missing rate ≤30%, including pulmonary function parameters (FVC%pred: 8.2%; FEV1%pred: 11.5%; FEV1/FVC%pred: 6.9%; PEF%pred: 13.7%), missing values were imputed using multiple imputation by chained equations (MICE). The MICE procedure included 20 imputed datasets, with predictors incorporating all variables in the analysis (consistent with the final multivariate model). Subsequent multivariate analyses were conducted using pooled results from the imputed datasets).




2.2.3 Statistical methods

Statistical analysis was performed using R software (Version 4.4.1). Categorical data were expressed as frequency (n) and percentage (%), while normally distributed continuous data were presented as mean ± standard deviation (SD), and non-normally distributed continuous data were presented as median (M) with interquartile range (Q1, Q3). For comparing continuous data, if the data were normally distributed with homogeneity of variance, an independent-samples t-test was used; otherwise, the Wilcoxon rank-sum test was applied. Categorical data were analyzed using the chi-square test or Fisher’s exact test.

Initially, all selected predictor variables were included in a LASSO regression analysis to identify the most valuable diagnostic predictors. The penalty parameter (λ) was selected using 10-fold cross-validation to avoid overfitting, with λ values ranging between λ_min (the λ that minimizes model estimation error) and λ_1se (the λ that maintains model estimation error within an acceptable range). Statistically significant diagnostic predictors were then selected. A nomogram based on the Logistic regression model was constructed using the “rms” package in R, and the receiver operating characteristic (ROC) curve was plotted using the “pROC” package to evaluate the model’s reliability and validity. After model development, its predictive performance was assessed in both the training and validation cohorts. The evaluation included calibration, calculation of net reclassification improvement (NRI), integrated discrimination improvement (IDI), and clinical decision curve analysis (DCA) to comprehensively assess the diagnostic performance of the model. A significance level of p < 0.05 was set.





3 Results


3.1 Patient recruitment and baseline profile


3.1.1 Screening and enrollment process

From June to September 2024, a total of 489 outpatients presenting with suspected asthmatic symptoms were initially screened. After rigorous assessment, 414 patients with complete clinical data who met the predefined inclusion criteria were enrolled in the study. The exclusion criteria were applied to 75 patients, with the following breakdown: 32 cases with comorbid respiratory conditions (including pneumonia, lung cancer, allergic bronchopulmonary aspergillosis, and chronic obstructive pulmonary disease [COPD]); 6 cases with malignancies in other systems; 21 cases with incomplete or missing data; and 16 cases excluded due to other unspecified reasons. A flow diagram illustrating this process is provided in Figure 1.

[image: Flowchart detailing patient selection and grouping for a study. Initially, 489 outpatients with suspected asthma symptoms were recorded from June to September 2024. Records for 75 patients were excluded based on comorbid respiratory diseases, malignant tumors, missing data, or other reasons. This left 414 patients meeting inclusion criteria, who were then randomly divided into a training group of 289 and a validation group of 125, at a ratio of 7:3 using R software. The training group was further divided into 104 BPT+ and 185 BPT-, while the validation group was divided into 55 BPT+ and 70 BPT-.]

FIGURE 1
 The flow diagram for the screening and enrollment process.




3.1.2 Baseline characteristics

The patients were randomly divided into the training group and validation group at a 7:3 ratio via the sample() function in R software. In the training group, there were 104 patients with positive BPT, with a median age of 52 years (IQR: 32, 61), of which 48 were male (46.2%), a lower proportion than female patients. In the validation group, there were 55 patients with positive BPT, with a median age of 44 years (IQR: 29.5, 57), of which 18 were male (32.7%), also lower than the proportion of female patients. No significant differences were observed in age, sex, BMI, and other baseline characteristics between the training and validation groups (p > 0.05). In both the training and validation groups, univariate logistic regression analysis of pulmonary function indices between BPT-negative and BPT-positive groups showed statistically significant differences in 7 variables (p < 0.05) (Table 1).


TABLE 1 Basic clinical characteristics of the validation and training groups.


	Characteristics
	Validation cohort (n = 125)
	Training cohort (n = 289)



	Negative
	Positive
	p.overall
	Negative
	Positive
	p.overall



	N = 70
	N = 55
	N = 185
	N = 104

 

 	Gender 	 	 	0.332 	 	 	0.930


 	Female 	40 (57.1%) 	37 (67.3%) 	 	102 (55.1%) 	56 (53.8%) 	


 	Male 	30 (42.9%) 	18 (32.7%) 	 	83 (44.9%) 	48 (46.2%) 	


 	Age 	46.0 [32.0; 57.0] 	44.0 [29.5; 57.0] 	0.519 	44.0 [33.0; 56.0] 	52.0 [32.0; 61.0] 	0.069


 	BMI 	24.5 [22.6; 27.0] 	25.5 [22.4; 27.3] 	0.551 	24.7 [22.3; 27.3] 	24.7 [22.7; 27.4] 	0.720


 	FEV1/FVC%pred 	99.0 [93.0; 104] 	88.0 [77.5; 97.0] 	<0.001 	98.0 [90.0; 103] 	84.5 [71.0; 96.0] 	<0.001


 	MEF50%pred 	78.4 (25.5) 	63.2 (21.4) 	<0.001 	76.5 [61.0; 94.0] 	59.0 [38.5; 77.5] 	<0.001


 	MEF25%pred 	58.5 [43.2; 82.8] 	38.0 [26.5; 52.0] 	<0.001 	57.0 [39.0; 77.0] 	37.0 [26.0; 49.2] 	<0.001


 	FEV1%pred 	98.6 (14.3) 	87.5 (14.2) 	<0.001 	98.0 [86.0; 107] 	81.5 [71.8; 97.0] 	<0.001


 	MEF75%pred 	93.7 (23.9) 	73.5 (21.4) 	<0.001 	92.5 (23.4) 	67.3 (25.2) 	<0.001


 	PEF%pred 	99.4 (19.9) 	86.7 (18.4) 	<0.001 	99.8 (19.8) 	83.0 (17.9) 	<0.001


 	FVC%pred 	106 (14.6) 	102 (13.4) 	0.151 	105 [95.0; 117] 	101 [88.0; 112] 	0.015


 	MMEF75-25%pred 	70.5 [56.2; 88.2] 	51.0 [36.5; 63.5] 	<0.001 	68.0 [55.0; 85.0] 	47.0 [29.8; 58.5] 	<0.001





p < 0.05 in the table indicates that the differences are statistically significant.
 




3.2 Model development


3.2.1 Dimensionality reduction

A total of 11 diagnostic indicators were included in this study (Table 1). LASSO regression was used to select features from the demographic characteristics, pulmonary function testing indicators, and other diagnostic-related variables. A 10-fold cross-validation method was applied to select the optimal features corresponding to the tuning parameter λmin (the minimum λ criterion), resulting in the best feature subset (Figure 2). The trajectory of the coefficients for each diagnostic predictor was observed as the log of λ changed in the LASSO algorithm (Figure 3). The tuning parameter λmin for LASSO regression was determined to be 0.023 (log(λmin) = −3.761) through 10-fold cross-validation. Based on λmin, four non-zero coefficient features, including FEV1/FVC%pred, PEF%pred, MEF75%pred and MMEF 75-25%pred, were selected, forming the optimal feature subset.

[image: Line graph showing coefficient paths for different variables as a function of the logarithm of lambda. Eleven lines, each representing a variable, converge to zero as lambda decreases. Coefficients are plotted on the vertical axis, and log(lambda) is on the horizontal axis.]

FIGURE 2
 The plot of optimal feature subset selection using LASSO regression.


[image: A line graph depicting binomial deviance against the logarithm of lambda, displaying a U-shaped curve. Red dots represent data points with error bars. The curve decreases from left to right, reaching a minimum around log lambda of -4 before increasing. The y-axis ranges from 1.05 to 1.30. The x-axis ranges from -8 to -2.]

FIGURE 3
 The plot of binomial deviance vs. Log(λ) using LASSO regression.




3.2.2 Development of four predictive models

Based on the results of LASSO regression, four predictive models for AHR diagnosis were constructed using the selected indicators: FEV1/FVC%pred, PEF%pred, MEF75%pred, and MMEF 75-25%pred. The models are as follows: model A (MMEF 75-25%pred); model B (FEV1/FVC%pred, PEF%pred, MEF75%pred); model C (FEV1/FVC%pred, PEF%pred, MEF75%pred, MMEF 75-25%pred); model D (MEF75%pred, MMEF 75-25%pred). The goodness of fit and Akaike Information Criterion (AIC) for each model were calculated, and model C (AIC: 310.44) was selected as the optimal model (Table 2).


TABLE 2 AIC values of the four models.


	Model
	Variables
	Coefficient
	95% CL
	p-value
	AIC

 

 	Model A 	MMEF 75-25%pred 	−0.05 	(−0.06, −0.04) 	<0.001*** 	312.65


 	Model B 	FEV1/FVC%pred 	−0.02 	(−0.04, −0.0002) 	0.06. 	314.19


 	MEF75%pred 	−0.02 	(−0.04, −0.004) 	0.02* 	


 	PEF%pred 	−0.01 	(−0.04, 0.002) 	0.09. 	


 	Model C 	FEV1/FVC%pred 	−0.01 	(−0.03, 0.01) 	0.36 	310.44


 	MEF75%pred 	−0.003 	(−0.03, 0.02) 	0.84 	


 	PEF%pred 	−0.02 	(−0.04, −0.001) 	0.04* 	


 	MMEF 75-25%pred 	−0.31 	(−0.06, -0.006) 	0.02* 	


 	Model D 	MEF75%pred 	−0.02 	(−0.04, −0.001) 	0.07. 	311.23


 	MMEF 75-25%pred 	−0.03 	(−0.06, −0.008) 	0.01* 	





Signif.codes: 0‘***’0.001 ‘**’0.01 ‘*’0.05 ‘.’0.1‘’1.
 



3.2.3 Nomogram-based diagnostic prediction model

A nomogram was constructed based on the selected optimal model, model C (AIC: 310.44), for visualization. Using the 10th patient in the study as an example (Figure 4), each variable’s value in the nomogram corresponds to a specific score. The total score is obtained by summing the individual scores of all variables. The probability of AHR is displayed below the total score, with this patient having a diagnosis probability of 89.80%. The model demonstrates a good fit.

[image: Graphical representation of a generalized linear model (modelC glm) with five separate line plots labeled lnMMEF 75%-25%, PEF%, MEF75%, lnFEV₁/FVC%, and Total score, each showing data distribution with red markers. The x-axis ranges from negative to positive values with annotations, and Pr(BFT) is plotted at the bottom, indicating a probability of 0.9 with a value of 0.898 and total score of 2.88.]

FIGURE 4
 Nomogram of model C using the 10th patient in the study as an example.




3.2.4 Model performance evaluation

During the model-construction process, the study subjects were divided into two datasets: the training group, which was used to develop the optimal fit model, and the validation group, which was used for internal validation of the model’s predictive performance. After screening the optimal model, its prediction performance was evaluated in both the training and validation groups from four key aspects: calibration, Net Reclassification Index (NRI), Integrated Discrimination Improvement Index (IDI), and Decision Curve Analysis (DCA).

Before evaluation, the optimal cut-off values for continuous variables were determined using the surv_cutpoint function from the “survminer” R package. For the training group, the cut-off value was 0.354 (95% CI: 0.724–0.760) (Figure 5A), and for the validation group, it was 0.404 (95% CI: 0.600–0.814) (Figure 5B). The training cohort achieved an AUC of 0.790 with the cut-off value of 0.354, while the validation cohort achieved an AUC of 0.756 with the cut-off value of 0.404. The AUC values ranged from 0.5 to 1, with higher values indicating better model performance. An AUC closer to 1 reflects superior predictive accuracy.

[image: Two ROC curve plots labeled A and B compare sensitivity versus specificity. Plot A has an AUC of 0.790 with a point marked at 0.354 (0.724, 0.760). Plot B has an AUC of 0.756 with a point marked at 0.404 (0.814, 0.600). Both curves appear above a diagonal line indicating random performance.]

FIGURE 5
 Cut-off values for the training (A) and validation (B) groups.


A DeLong test confirmed no statistically significant difference in AUC between cohorts (p = 0.509; z-statistic = 0.662) (Supplementary Figure S1), indicating the observed performance gap (0.034) falls within random variation. The non-significant p-value (>0.05) and z-statistic (absolute value <1.96) collectively suggest that the AUC difference stems from random error rather than systematic performance disparities, demonstrating the model’s statistical robustness and consistent performance across cohorts. Together with the model’s moderately high AUC, good calibration, and clinical net benefit, these findings demonstrate that Model C possesses sufficient predictive accuracy and stable performance in new samples, supporting its utility as a reliable tool for early screening of airway hyperresponsiveness (AHR) in suspected asthma patients and reinforcing the clinical relevance of the study conclusions.


3.2.4.1 Calibration evaluation

The calibration of the model C prediction model in this study was evaluated by plotting calibration curves for both the training (slope = 1.000) (Figure 6A) and validation (slope = 0.883) (Figure 6B) groups.

[image: Two calibration plots comparing predicted probability versus actual probability. Panel A shows a calibration curve closely aligned with the ideal diagonal line, indicating good prediction quality. Key statistics include Dxy of 0.579 and C (ROC) of 0.790. Panel B displays a curve deviating from the ideal, suggesting poorer calibration. Here, Dxy is 0.511 and C (ROC) is 0.756. Both plots include logistic calibration and nonparametric lines, with additional performance metrics listed in the respective legends.]

FIGURE 6
 Calibration plots in the training (A) and validation (B) groups.




3.2.4.2 NRI index calculation

In the training group, the results of the comparisons among the three models are as follows: When model C was compared with the other three models, the NRI values were as follows: the NRI value for model C vs. model A was 0.273 (Figure 7A); the NRI value for model C vs. model D was 0.175 (Figure 7B); and the NRI value for model C vs. model B was 0.111 (Figure 7C). These results indicate that model C has superior classification ability, enabling more accurate prediction of AHR. In the validation group, when model C was compared with the other three models, the following NRI values were obtained: the NRI value for model C vs. model A was 0.169 (Figure 7D); the NRI value for model C vs. model B was 0.144 (Figure 7E); and the NRI value for model C vs. model D was 0.158 (Figure 7F). These results suggest that model C exhibits better discriminatory performance, with a clear advantage in predicting AHR.

[image: Scatter plots labeled A to F compare new and standard models for case (red) and control (black) groups. Data is aligned along a diagonal line in each graph indicating model comparison.]

FIGURE 7
 NRI index calculation. In the training group, the NRI value for (A) model C vs. model A, (B) model C vs. model D, (C) model C vs. model B; In the validation group, the NRI value for (D) model C vs. model A, (E) model C vs. model B, (F) model C vs. model D.




3.2.4.3 IDI index calculation

Training group: When model C is the new model and model B is the old model, the IDI value is 0.0115 [95% CI: −0.0021 – 0.0252], with a p-value of 0.0976; when model C is the new model and model A is the old model, the IDI value is 0.0269 [95% CI: 0.0086–0.0452], with a p-value of 0.00403; when model C is the new model and model D is the old model, the IDI value is 0.0141 [95% CI: −0.0003 – 0.0285], with a p-value of 0.0555.

Validation group: When model C is the new model and model B is the old model, the IDI value is 0.0115 [95% CI: −0.0021 – 0.0252], with a p-value of 0.0976; when model C is the new model and model A is the old model, the IDI value is 0.0269 [95% CI: 0.0086–0.0452], with a p-value of 0.0040; when model C is the new model and model D is the old model, the IDI value is 0.0128 [95% CI: 0.0015–0.024], with a p-value of 0.0258.



3.2.4.4 DCA

The x-axis of the graph represents the threshold probability, while the y-axis indicates the net benefit, calculated as the benefit minus the harm. From Figure 8, it is evident that in both the training (Figure 8A) and validation (Figure 8B) groups, model C demonstrates a significantly higher net benefit compared to the extreme curves, indicating its superior performance.

[image: Two line graphs depict net benefit versus threshold probability, labeled A and B. Both graphs compare models, with legends indicating "None," "All," and four premodels (A, B, C, D). The x-axis shows threshold probability from 0.0 to 1.0, while the y-axis shows net benefit. Each model’s performance varies across threshold probabilities, with distinct lines for each model type.]

FIGURE 8
 DCA curves for the training (A) and validation (B) groups.







4 Discussion

This study developed and validated four models to predict airway hyperresponsiveness (AHR) in suspected asthma patients, with model C showing the best predictive performance. We identified FEV1/FVC%, PEF%, MEF75%, and MMEF75-25% as the optimal parameters for predicting AHR. This is the first study to apply machine learning (ML) algorithms combining small airway function indices, FEV1, and peak expiratory flow (PEF) for AHR prediction. Although previous studies have explored the role of individual indicators (14–16), the innovation of this study lies in its early-stage diagnostic approach, which integrates baseline pulmonary function parameters to exclude the possibility of asthma, providing a simple method for identifying patients requiring referral to MCT, thereby avoiding unnecessary tests. It also explores the potential application of baseline lung function variables in the diagnosis of AHR in suspected adult asthma patients.

The results of this study indicate that AIC balances the model’s complexity with data fit. A lower AIC value indicates a better model fit. Ultimately, model C (AIC: 310.44) was selected as the optimal model and visualized through a nomogram. After model development, we assessed its predictive performance in both the training and validation groups. The validation cohort achieved an AUC of 0.756 with the cut-off value of 0.404. The AUC values ranged from 0.5 to 1, with higher values indicating better model performance. An AUC closer to 1 reflects superior predictive accuracy. Calibration evaluation showed consistency between the predicted and actual risk, with model C’s calibration curve approaching a straight line with a slope near 1, indicating good concordance between predicted and observed probabilities, thus demonstrating high prediction accuracy. When NRI is greater than 0, it indicates that the new model outperforms the old model in classification ability, accurately reclassifying individuals into the correct risk categories. A larger IDI indicates stronger predictive capability for the new model, and when IDI > 0, it signifies significant improvement in predictive power compared to the old model. The DCA graph shows two dashed lines representing net benefits for no treatment and universal treatment, with other curves compared to these lines. The analysis of these results shows that model C demonstrates higher net benefit and stronger predictive value in both groups.

Small airway dysfunction is a key pathological feature of asthma, and early-stage asthma patients may experience inflammation and narrowing in the small airways, increasing airflow resistance (17). In routine pulmonary function tests, a reduction in any two of FEF50%, FEF75%, or FEF25-75% below 65% suggests small airway dysfunction (18–20). While small airways (diameter < 2 mm) contribute minimally to airflow resistance under normal conditions, dysfunction in these airways significantly increases airway resistance and is closely related to AHR, asthma severity, and control level (21–24). Studies show that small airway dysfunction increases the risk of AHR, and the combination of FENO, FEF50%, and FEF25-75% effectively predicts AHR in patients with normal FEV1 (25). Chinese experts suggest that the small airways are the primary site of airway inflammation and remodeling in asthma patients, particularly in preschool children, where small airway dysfunction is associated with AHR and severe airflow obstruction (26). FEF25-75%, a key indicator in routine pulmonary function tests, predicts AHR in patients with respiratory symptoms and has significant value in early asthma exacerbations and bronchial hyperresponsiveness (14, 15). French research first demonstrated that small airway obstruction, assessed by FEF25-75%, can lead to persistent AHR and increased risk of adverse outcomes (16), with changes in FEF25-75% correlating with the severity of newly diagnosed asthma and AHR (27, 28). Israeli studies highlight that baseline FEF50% can effectively exclude AHR and reduce misdiagnosis risk (29). Studies also indicate that minimum PEF is closely associated with AHR in asthma patients, and adjusted Min%Max PEF correlates well with airway responsiveness in inhalation provocation tests. Real-time PEF monitoring has potential in predicting and detecting acute exacerbations in severe asthma patients, and PEF trajectory-derived predictors can effectively monitor disease deterioration, serving as a convenient alternative indicator for AHR (30, 31). Additionally, some studies show that children with asthma typically demonstrate a decrease in PEF 1.34 days before symptom onset, and early PEF monitoring aids in preventing acute exacerbations by enhancing treatment (32). However, Dutch experts believe that PEF variability can serve as a diagnostic tool for AHR, but single indicators cannot completely replace MCT (33). Literature reports indicate that the FEV1/FVC ratio in children with persistent asthma is lower than in healthy children, with similar trends observed in obese asthma patients (34). Moreover, research by Brazilian experts such as Mingotti suggests that an FEV1/FVC ratio near the lower limit of normal indicates poor clinical prognosis in asthma patients without airway obstruction (35). Based on these findings, the model C in this study incorporates indicators such as FEV1/FVC%, PEF%, MEF75%, and MMEF75-25%, which are considered the optimal parameters for predicting AHR, providing important references for the clinical diagnosis and disease management of asthma patients.

In conclusion, we constructed an accurate model using real-world data that can diagnose airway hyperresponsiveness in asthma patients based on baseline lung volume measurement indices. This machine learning-based model demonstrates outstanding performance in predicting AHR, with the potential to enhance clinical asthma diagnosis.

Limitations of this study include its retrospective design, with clinical data sourced from outpatient records and testing systems. Relevant variables such as smoking history and allergy history were not included in the analysis due to missing data, which may introduce bias into the predictions. Future prospective studies should prioritize the systematic collection of smoking-related data (including smoking duration, intensity, and cessation status) and allergy history, aiming to clarify their roles in predicting AHR and further optimize the model framework. Furthermore, this study was conducted at a single center in Henan Provincial People’s Hospital, and the geographic limitations of the patient population—compounded by regional differences in environmental exposures (e.g., biomass fuel use), allergen distributions, and genetic factors—may restrict the external generalizability and applicability of the results. The confinement to a single seasonal window (May–September 2024) in Henan, during which elevated pollen levels and viral infections might have influenced airway hyperresponsiveness prevalence, adds another layer of contextual limitation. Additionally, the underrepresentation of elderly patients and the gender imbalance in the sample (with a higher proportion of female participants) could affect the model’s performance across diverse demographic subgroups. Importantly, the current model is specifically developed and validated for patients with suspected asthma, and its applicability to other respiratory diseases (e.g., COPD or interstitial lung disease) has not been evaluated. These conditions exhibit distinct pathophysiological features—such as irreversible airflow obstruction in COPD or diffuse parenchymal damage in interstitial lung disease—that may alter pulmonary function parameters beyond the scope of the model’s design, which is rooted in asthma-specific characteristics. Similarly, the model’s validity in larger elderly cohorts requires dedicated assessment, given the limited representation of this population in the current dataset. While external validation efforts involving geographically and demographically distinct centers (Beijing, Guangzhou, Sichuan) are underway, future large-scale, multicenter clinical studies spanning multiple seasons should incorporate subgroup analyses by region and demographics to assess model robustness, thereby enhancing population representativeness and result stability.



5 Conclusion

The results of the multifactorial analyses in this study indicate that MEF75%, MMEF75-25%, FEV1/FVC%, and PEF% are effective indicators for predicting early airway hyperresponsiveness in suspected asthma patients. The diagnostic prediction model developed using machine learning methods demonstrated good predictive performance and clinical applicability in internal validation. It holds potential as a visual tool to aid in the early identification of mild asthma patients, ensuring timely diagnosis and standardized treatment, thereby reducing the risks of acute symptom exacerbation, pulmonary function decline, and airway remodeling.
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