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ABSTRACT 

This study describes an explainable two-step XGBoost machine-learning pipeline for classifying spirometry 

reports as Normal, Asthma or Chronic Obstructive Pulmonary Disease followed by COPD staging according to 

the Global Initiative for Chronic Obstructive Lung Disease system. The study analysed 1600 spirometry reports, 

including 851 Normal, 320 Asthma and 429 COPD cases. Authors used demographic data, pre- and post-

bronchodilator measurements and bronchodilator response features as inputs. After data quality checks and 

leakage audits, we split the dataset in an 80:20 ratio to train and test the model. Authors applied randomized 

hyperparameter optimization and 5-fold stratified cross-validation during the training stage. To compare the 

performance, we trained two models: one used a full-report set of 22 features, while the other employed a pre-

bronchodilator feature set of 13 features. The full report model demonstrated an accuracy of 99.4% and a macro-

F1 score of 99.1%, outperforming the conventional bronchodilator reversibility rule. The pre-bronchodilator 

model achieved an accuracy of 91.6%, a macro-averaged ROC-AUC of 0.988 and a recall of 98.8% for COPD, 

with no COPD cases incorrectly classified as Normal in the test set. Finally, the second-step model correctly 

classified all 86 COPD cases in the test set, while the entire pipeline correctly classified six diagnostic and severity 

categories with an accuracy of 99.4%. The study revealed that post-bronchodilator FEV1/FVC, bronchodilator 

response and smoking history were the most relevant features for diagnosing Asthma, COPD or Normal 

spirometry, while post-bronchodilator FEV1 percentage predicted was a critical determinant for COPD staging. 

In conclusion, the study proved the efficacy of the explainable machine learning model for classifying and staging 

COPD.  
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1. INTRODUCTION 

Chronic obstructive pulmonary disease is the third leading cause of death worldwide, causing 3.4 million deaths 

in 2023, with most deaths before the age of 70 occurring in low- and middle-income countries [1]. Chronic 

respiratory diseases have a huge burden in India that varies considerably between states [2]. Asthma is the other 

common obstructive disease and the two conditions share symptoms such as breathlessness, cough and wheeze. 

Their treatment differs, so an accurate distinction matters for patients [3 4]. 

 

Spirometry is the objective test at the centre of both diagnoses [5 6]. COPD is defined by a post-bronchodilator 

FEV1/FVC below 0.70 and its airflow limitation is graded GOLD 1 to 4 by post-bronchodilator FEV1 as a 

percentage of the predicted value [3]. Asthma is supported by variable airflow, classically an FEV1 increase of 

more than 12% and 200 mL after a bronchodilator [4]. These fixed thresholds are simple but imperfect. The 0.70 

ratio misclassifies obstruction at the extremes of age [7], some people with asthma keep a low ratio after 

bronchodilation, and some people with COPD show a large bronchodilator response [3 4]. Interpretation also 

varies between clinicians: in a multicentre study, pulmonologists matched guideline-based interpretation of lung 

function tests in 74% of cases on average, against 100% for a machine-learning system [8]. 

 

Machine learning has therefore been proposed to support spirometry interpretation. Topalovic et al. trained a 

model on complete lung function tests that outperformed pulmonologists in both pattern recognition and diagnosis 

[8]. More recently, the Asthma/COPD Differentiation Classification tool, developed from routine-care records, 

reached 73% accuracy against an expert panel compared with 61% for pulmonologists and 50% for primary care 

physicians [9]. Among learning methods, gradient-boosted decision trees such as XGBoost [10] remain strong on 

tabular clinical data and often match or beat deep neural networks on medium-sized tables [11]. Tools based on 

Shapley values can explain their individual predictions [12 13]. 
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Three gaps motivate this study. First, most reports judge a model in isolation rather than against the guideline 

rules that clinicians actually apply. Second, data leakage, when an input reveals the answer, is rarely checked in 

spirometry datasets although it can inflate performance. Third, diagnosis and severity grading are usually studied 

separately, whereas clinical practice applies them in sequence. 

 

This study proposes an interpretable two-step XGBoost diagnostic framework that accurately classifies Normal, 

Asthma, and COPD patients, followed by GOLD-standard COPD staging. To facilitate clinical data leakage, we 

perform data-quality audit and design a pre-bronchodilator-only model variant that eliminates post-test 

confounders. Our pipeline is rigorously benchmarked against three clinical guideline rules using bootstrapped 

confidence-intervals and exact McNemar tests for diagnostic utility. 

 

2. MATERIALS AND METHODS 

2.1 Study design and data 

This study was performed using one thousand six hundred adult spirometry reports. For each report, the patient’s 

age, sex, height, weight, body mass index and smoking status - never, ex-smoker or current were recorded, along 

with pre-bronchodilator forced vital capacity, FEV1 and FEV1/FVC with predicted values and percent predicted. 

For patients with abnormal results, post-bronchodilator FEV1, FEV1 percent predicted, absolute and percent 

change in FEV1 were also recorded. Each report was assigned a final diagnosis as Normal, Asthma or COPD and 

for COPD, a GOLD grade with severity label as shown in Figure 1. The study followed the TRIPOD+AI reporting 

guideline for prediction models [14]. 

 
Fig. 1: Schematic overview of the eight-step study pipeline 

 

2.2 Data-quality and leakage audit 

Firstly, ensured that FEV1 did not exceed FVC; that the stored ratio, bronchodilator change, per cent predicted 

values and BMI matched their raw inputs; that every COPD patient met the GOLD criterion of a post-

bronchodilator FEV1/FVC below 0.70 [3]; and that each GOLD grade matched the post-bronchodilator FEV1 % 

predicted cut-offs (≥ 80%, 50–79%, 30–49%, < 30%) [3]. Authors also checked for whether the pattern of missing 

values had a relationship with the outcome, a known source of leakage [15]. 

 

2.3 Preprocessing and feature sets 

Identifiers and both GOLD columns were removed from the Stage 1 inputs. Sex was coded female = 0 and male 

= 1 and smoking status as an ordinal value as never = 0, ex-smoker = 1 and current = 2. Missing post-

bronchodilator values were left as missing, since XGBoost learns a default branch for them at each split [10]. No 

scaling was applied. As the post-bronchodilator test was missing for every Normal patient, two Stage 1 feature 

sets were defined in advance: 

• Set A, full report (22 inputs): demographics, pre- and post-bronchodilator values and bronchodilator response. 

• Set B, pre-bronchodilator (13 inputs): demographics and pre-bronchodilator values only, thus removing the 

missing-test signal and mimicking a baseline only test. 

Stage 2 used Set A, because GOLD grading requires post-bronchodilator FEV1 [3]. 

 

2.4 Model development 

Both stages of our approach used XGBoost, which sequentially adds shallow regression trees, each fitted to the 

gradient of the remaining loss [10]. The model minimises a regularised objective:  



Genetics and Molecular Research 25 (21s): 2026     3 

ℒ =∑𝑙

𝑛

𝑖=1

(𝑦𝑖 , 𝑦̂𝑖) +∑Ω

𝐾

𝑘=1

(𝑓𝑘),   Ω(𝑓) = 𝛾𝑇 +
1

2
𝜆‖𝑤‖2 

where l is the multi-class log-loss, T the number of leaves and w the leaf weights [10]. A softmax objective gave 

class probabilities. Training rows were weighted inversely to class frequency. Stage 1 predicted Normal, Asthma 

or COPD; Stage 2 predicted GOLD 1–4 and was trained on COPD patients only. 

 

2.5 Validation and tuning 

Patients were split once into a training set (80%, n = 1280), and a test set (20%, n = 320), stratified by diagnosis. 

Stage 2 inherited this split: COPD patients in the training set (n = 343) were used for training, and those in the 

test set (n = 86) for testing, so that no patient appeared in both. Within the training set, a randomised search over 

25 combinations of eight hyper-parameters selected the setting with the best macro-F1 in 5-fold stratified cross-

validation [16 17]. The selected models were then evaluated once on the test set, which avoids the optimistic bias 

of reporting the selection score [18]. Finally, Stage 1 predictions were passed to Stage 2 to evaluate the full pipeline 

over six labels - Normal, Asthma, GOLD 1 to 4. 

 

2.6 Rule baselines 

Three guideline-like rules were applied to the same sets of test patients [3,4]: 

• Rule A: FEV1 increase ≥ 12% and ≥ 0.20 L → asthma; otherwise, pre-bronchodilator FEV1/FVC < 70% → 

COPD; else normal 

• Rule B: similar to Rule A, but with a 10% cut-off and no volume criterion 

• Rule C (GOLD definition): no post-bronchodilator → normal; post-bronchodilator FEV1/FVC < 70% → COPD; 

else asthma 

For Stage 2, the GOLD cut-offs were directly applied to % predicted FEV1 post-bronchodilator as the baseline. 

 

2.7 Statistical analysis 

For the cohort demographics, medians or counts are reported, compared with Kruskal–Wallis test for continuous 

and chi-square test for categorical variables. The test-set results were summarised by accuracy, balanced accuracy, 

macro-F1, Cohen’s κ and one-versus-rest macro-ROC–AUC. Accuracy, macro-F1 and ROC–AUC were 

accompanied by 95% percentile bootstrap confidence intervals from 2000 resamples [19]. Pairwise comparisons 

between models and rules were made using the exact McNemar test on discordant predictions [20 21]. For stability 

assessment, the tuned rules were re-evaluated using a 10×5-fold repeated stratified cross-validation and reported 

as mean ± standard deviation over all eligible patients. A two-sided P value < 0.05 was considered significant. 

2.8 Explainability 

SHAP values were calculated for every prediction by decomposing it into additive feature contributions using 

Shapley values [12]. These were calculated exactly using TreeExplainer [13] and the mean absolute SHAP value 

on the test set was used to rank the features for every class. 

 

3. RESULTS 

3.1 Data quality and cohort 

The data passed all audit tests. FEV1 was never greater than FVC in any report, all derived data corresponded to 

their raw inputs, all COPD patients had a post-bronchodilator FEV1/FVC below 0.70, and all GOLD grades 

corresponded to their post-bronchodilator cut-offs. Pre-bronchodilator FEV1 % predicted would have correctly 

graded only 78.1% of COPD patients. Table 1 represents the patient characteristics across diagnostic group. There 

was one discrepancy found in the audit: 851 out of all 1600 Normal patients did not have a post-bronchodilator 

test, whereas all the other 749 patients did have one. 

 

Table 1: Cohort characteristics across diagnostic groups 

Characteristic Normal (n = 851) Asthma (n = 320) COPD (n = 429) p 

Age, years 62.0 (51.0–73.0) 57.0 (49.0–68.0) 67.0 (57.0–75.0) < 0.001 

Male sex 480 (56.4) 136 (42.5) 286 (66.7) < 0.001 

BMI, kg/m² 25.9 (22.6–29.1) 27.0 (23.3–30.4) 23.9 (20.4–27.4) < 0.001 

Never smoker 567 (66.6) 221 (69.1) 0 (0.0) < 0.001 

Ex-smoker 221 (26.0) 60 (18.8) 188 (43.8) < 0.001 

Current smoker 63 (7.4) 39 (12.2) 241 (56.2) < 0.001 

Pre-BD FEV1, % 

predicted 

94.5 (87.0–102.1) 75.8 (68.7–82.0) 49.2 (34.6–58.5) < 0.001 

Pre-BD FVC, % 

predicted 

97.9 (92.7–103.5) 88.9 (82.5–95.1) 78.8 (69.1–86.2) < 0.001 

Pre-BD FEV1/FVC, 

% 

81.9 (77.2–86.8) 69.6 (66.2–73.4) 50.0 (36.6–65.8) < 0.001 

Post-BD FEV1, % 

predicted 

not tested 88.5 (80.4–95.9) 52.7 (36.9–71.0) < 0.001 
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Post-BD 

FEV1/FVC, % 

not tested 77.1 (73.0–81.8) 60.5 (52.1–67.0) < 0.001 

BD change in FEV1, 

% 

not tested 16.8 (13.1–20.9) 5.6 (3.8–7.3) < 0.001 

 

Of the patients included with COPD, 64 (14.9%) were GOLD 1, 166 (38.7%) GOLD 2, 138 (32.2%) GOLD 3 

and 61 (14.2%) GOLD 4. There were two clinically significant subgroups that crossed traditional thresholds as 

given in Figure 2. Twenty-six COPD patients (6.1%) had a bronchodilator response of 10% or more, to a maximum 

of 76.6%. Forty-three asthma patients (13.4%) had post-bronchodilator FEV1/FVC below 0.70. 

 
Fig. 2: Pre-bronchodilator FEV1/FVC versus bronchodilator response 

 

3.2 Stage 1: diagnosis 

The XGBoost model misclassified 2 out of 320 patients. Both were COPD patients with large bronchodilator 

responses (16% and 47%) who were labelled Asthma. XGBoost was significantly more accurate than Rule A, 

correctly classifying instances where Rule A failed in 17 patients and failing where Rule A succeeded in only 1 (p 

< 0.001). Its superiority over Rule C (8 versus 2 discordant patients, p = 0.11) and Rule B (2 versus 0, p = 0.50) 

was not statistically significant. Rule C failed predominantly on asthma with persistent obstruction, and Rule B 

on COPD with high reversibility. 

 

Table 2. Stage 1 test set performance 

Method Inputs Accuracy Balanced 

accuracy 

Macro-

F1 

Cohen's 

kappa 

Macro 

ROC-

AUC 

McNemar p 

vs Set A 

XGBoost, Set 

A (full report) 

22 0.994 

(0.984–

1.000) 

0.992 0.991 

(0.977–

1.000) 

0.990 1.000 

(1.000–

1.000) 

– 

XGBoost, Set 

B (pre-BD 

only) 

13 0.916 

(0.884–

0.947) 

0.913 0.903 

(0.868–

0.936) 

0.863 0.988 

(0.981–

0.994) 

– 

Rule A (12% 

and 200 mL) 

3 0.944 

(0.916–

0.969) 

0.909 0.919 

(0.881–

0.953) 

– – < 0.001 

Rule B (10%) 2 0.988 

(0.975–

0.997) 

0.983 0.982 

(0.962–

0.996) 

– – 0.50 

Rule C 

(GOLD 

definition) 

2 0.975 

(0.956–

0.991) 

0.958 0.963 

(0.935–

0.986) 

– – 0.11 

 

Using pre-bronchodilator values only, accuracy dropped to 0.916 but remained high for discrimination (ROC-

AUC 0.988). Table 2 represents the Stage 1 performance on the held-out test set. COPD was identified with a 

recall of 0.988 and an F1 of 0.977, with no COPD patient labelled Normal. Most errors occurred between Normal 

and Asthma: 16 Normal patients were labelled Asthma and 7 Asthma patients Normal as shown in Figure 3. 

Asthma therefore had the lowest F1 (0.800; precision 0.761, recall 0.844). 
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Fig. 3: Confusion matrix for the Set B – pre bronchodilator test model 

 

3.3 Stage 2 and the full pipeline 

The GOLD model correctly classified all 86 test COPD patients (accuracy and macro-F1 1.000; GOLD 1, n = 10; 

GOLD 2, n = 33; GOLD 3, n = 28; GOLD 4, n = 15). Applying the GOLD cut-offs directly to the post-

bronchodilator FEV1 % predicted was also accurate. Run in sequence, the two stages achieved an accuracy of 

0.994 and a macro-F1 of 0.986 across six labels. The only two errors were the Stage 1 misclassifications described 

above, one GOLD 1 and one GOLD 2 patient, who never reached Stage 2 as shown in Figure 4. 

 
Fig. 4: Confusion matrix of the full two-stage pipeline on the test set 

3.4 Stability 

Repeated cross-validation produced results close to the single test set with a small variance between folds. 10 × 5-

fold repeated stratified cross validation results are given in Table 3. Also, since the settings were optimized on the 

training portion of the same set, these results might be slightly overestimated. 

 

Table 3: Tuned model performance across 10 × 5-fold repeated stratified cross-validation 

Model Patients Accuracy Macro-F1 

Stage 1, Set A 1,600 0.997 ± 0.003 0.996 ± 0.005 

Stage 1, Set B 1,600 0.933 ± 0.012 0.915 ± 0.017 

Stage 2, GOLD 429 0.992 ± 0.011 0.991 ± 0.013 

 

3.5 Explainability 

For Set A, a post-bronchodilator column (POST_FVC_L) predominantly carried Normal decision through its 

missing value that confirmed the leak detected in the audit is given in Figure 5. Post bronchodilator FEV1/FVC 

dictated the COPD decision, whereas the bronchodilator response dominated the Asthma decision, and the 

smoking status added significance towards COPD. For Set B, the pre-bronchodilator FEV1/FVC dominated all 
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three classes; FEV1 % predicted and smoking status were primarily relevant for COPD, whereas the age, height 

and FVC % predicted contributed slightly to Asthma is shown in Figure 6. In Stage 2, the post-bronchodilator 

FEV1 % predicted was accountable for nearly all of the decision with a minor role for pre-bronchodilator FEV1 

% predicted. 

 
Fig. 5: Mean absolute SHAP values by class - Set A 

 
Fig. 6: Mean absolute SHAP values by class - Set B 

 

4. DISCUSSION 

This study shows that an explainable two-stage XGBoost pipeline accurately reproduces spirometry-based 

diagnoses and GOLD severity grading (0.994 accuracy, n = 320), substantially outweighing standard reversibility 

rules (12% and 200 mL) and halving the errors of the best simple guideline rule. With pre-bronchodilator 

spirometry alone, XGBoost maintains utility for diagnosing COPD (0.988 recall and ROC-AUC) and thus can 

serve as a triage tool in primary care to identify patients requiring further workup without mistakenly labelling 

COPD as Normal [1 2]. SHAP feature attributions track clinical intuition across post-BD ratios, reversibility, 

smoking history, and post-BD FEV%; in combination, these factors enable the XGBoost model to distinguish 

among difficult cases falling across static single-threshold rules, such as longstanding asthma with fixed airflow 

limitation [4] or COPD with marked bronchodilator response [3]. Though prior work reported 73%-82% accuracy 

against expert panels [8 9], our approach achieves higher accuracy by learning standardized spirometric criteria 
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[3]. Our strength lies in the pre-specified data audit to prevent feature leakage, repeated cross-validation, and 

rigorous paired benchmarking with bootstrap confidence intervals. Clinical implementation should consider that 

ground-truth labels were derived from spirometric definitions rather than expert consensus, normal controls lacked 

post-BD testing [15], diagnoses were based on a fixed 0.70 ratio rather than lower-limit-of-normal z-scores [6 7 

22], and the evaluation lacks external validation and other clinical variables such as symptoms, eosinophil counts, 

and imaging [3 4]. 

 

5. CONCLUSION 

An explainable two-stage XGBoost pipeline achieved an accuracy of 99.4% when classifying spirometry reports 

into Normal, Asthma or COPD and correctly graded COPD by GOLD on held out patients. It outperformed the 

standard reversibility rule and was able to correctly classify atypical patients who have COPD with high 

reversibility and asthma with persistent obstruction better than a single threshold rule. A single model using only 

baseline spirometry correctly identified patients with COPD and could be used to triage patients where 

bronchodilator testing is not available. The pipeline requires external validation against diagnostic categories and 

age predicted reference values before clinical deployment. 
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