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Abstract: Asthma is a chronic inflammatory airway disease with significant burden; exacerbations can severely affect quality of life
and healthcare costs. Advances in big data analysis and artificial intelligence have made it easier to predict future exacerbations more
accurately. This study used an integrated dataset of Korean National Health Insurance, meteorological, air pollution, and viral data
from national public databases to develop a model to predict asthma exacerbations on a daily basis in South Korea. We merged these
sources and applied random forest, AdaBoost, XGBoost, and LightGBM machine learning models to compare their performances at
predicting future exacerbations. Of the models, XGBoost (AUROC of 0.68 and accuracy of 0.96) and LightGBM (AUROC of 0.67
and accuracy of 0.96) were the most promising. Common important variables were the number of visits and exacerbations per year,
and medical resource utilization, including the prescription of asthma medications. Comorbid diabetes, hypertension, gastroesophageal
reflux, arthritis, metabolic syndrome, osteoporosis, and ischemic heart disease were also associated with elevated exacerbation risk.
The models examined in this study highlight the importance of previous exacerbations, use of medical resources, and comorbidities in
the prediction of future exacerbations in patients with asthma.
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Introduction
Asthma is a chronic respiratory condition characterized by airway inflammation, hyper-responsiveness, and remodeling
that poses a significant public health burden globally.! Exacerbation, acute worsening episodes of asthma symptoms, not
only impairs quality of life but also substantially contributes to healthcare costs and resource utilization.? Predicting
future exacerbations may lead to preemptive interventions, improve patient outcomes, and reduce healthcare burden.
Previous predictions of exacerbation have been based mostly on clinical parameters and patient-reported outcomes,
using parametric methods. While valuable, these models did not capture the full spectrum of factors influencing
exacerbation risk. Specifically, they mostly did not integrate comprehensive clinical, environmental, and viral data,
which are crucial for a holistic understanding of factors associated with exacerbation. Furthermore, traditional parametric
methods used in earlier studies may not effectively handle the complex interactions between multiple variables, leading
to less accurate predictions. Previous predictive model for exacerbation was on an annual basis. There have been few
models that predicts risk of exacerbation on a daily basis. However, advances in big data analysis and artificial
intelligence models have the potential to make more accurate and timely predictions.>”” In this study, we integrated
national health insurance data with viral, meteorological, and air pollution data to develop a daily predictive model for

asthma exacerbations.
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Methods

Study Design and Data Sources

We merged data from four sources: the National Health Insurance Service-National Sample Cohort Database (NHIS-NSC),
viral data from the Korean Centers for Disease Control (KDCA), meteorological data from the Korea Meteorological
Administration (KMA), and air pollution data from Air Korea.

NHIS-NSC

NHIS-NSC is a nationwide population-based sample cohort that contains data from 2002 to 2015 on 1,025,340 individuals (2.2%
of the total population in 2002) who were selected based on the entire population maintaining national health insurance or medical
aid in the year 2006. The database includes demographics, socioeconomic status, health insurance claim codes, diagnostic codes,
and medical examination data. For this study, the medical data of patients with asthma were extracted from the database between
2008 and 2013 based on the following criteria: age > 15 years; 10th International Statistical Classification of Disease and Related
Health Problems (ICD-10) code for asthma (J45.x-J46.x) in principle or within the fourth position of secondary diagnosis; and
more than one prescription for asthma medication in the previous year, including an inhaled corticosteroid (ICS), ICS plus long-
acting $2-agonists (LABA), leukotriene receptor antagonists (LTRA), short-acting f2-agonists (SABA), short-acting muscarinic
antagonists (SAMA), SAMA+SABA, systemic corticosteroids, methylxanthine, or systemic bronchodilators.

Viral Data from the KDCA

Since 2000, the KDCA has implemented the Korea Influenza and Respiratory Viruses Surveillance System for ongoing
monitoring of respiratory viruses across Korea. This surveillance framework has specimen-based and clinical surveil-
lance system components. The specimens were collected from patients who visited outpatient clinics with acute
respiratory illnesses at 52 designated sentinel sites; clinical information was collected from patients who were hospita-
lized. This comprehensive surveillance system provides weekly updates on the detection and positivity rates of eight
respiratory viruses (influenza virus, parainfluenza virus, adenovirus, respiratory syncytial virus, coronavirus, rhinovirus,
bocavirus, and enterovirus) identified by multiplex reverse transcription-polymerase chain reaction (RT-PCR) analysis.
These data are publicly available on the KDCA website (http://www.kdca.go.kr/npt/).

Meteorological Data from the KMA
We merged meteorological data provided by the KMA, which is publicly available at https://data.kma.go.kr/data/grnd/

selectAsosRItmList.do?pgmNo=36; the data include average, minimum, and maximum temperatures, average, and

maximum wind speeds, total wind run, average dew point temperature, daily precipitation, minimum, and average
relative humidity, total sunshine hours, total solar radiation, and average local atmospheric pressure. Given the presence
of multiple observation stations within each province, we calculated daily summary statistics for each province by
averaging the daily observations for all stations within that province to obtain provincial daily average observations.

Air Pollution Data from Air Korea

Air Korea is a comprehensive real-time air quality information system launched in 2005, developed by Korea Environment
Corporation. It uses data from 642 (or more) monitoring stations nationwide, including urban, suburban, roadside, and port air
monitoring networks, providing data on air pollutants such as sulfur dioxide (SO,), carbon monoxide (CO), nitrogen dioxide
(NO,), ozone (O3), and particulate matter (PM ;o and PM, 5). We extracted daily average concentrations of SO,, CO, O3, NO,,
and PM;, for 16 provinces in South Korea. For each region, we calculated the daily mean value of observations from multiple
monitoring stations. This study did not include data on PM, 5 due to a lack of availability.

Definition of Exacerbation

Operationally, a moderate exacerbation was defined as an outpatient claim that includes asthma (J45.x-J46.x) in principle or
within the fourth position of secondary diagnosis of ICD-10 codes, and a concurrent claim for systemic corticosteroids or
antibiotics. Severe exacerbation was defined as a claim for an admission or emergency room visit, with asthma (J45.x-J46.x)
or associated codes (R06.0, J80) in principle or within the fourth position of secondary diagnoses of ICD-10 codes, and
a concurrent claim for systemic steroids or antibiotics.
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Statistical Analysis

Data Splitting

To train and evaluate the performance of the exacerbation prediction models, the entire dataset was divided into training
and test data at a 70:30 ratio. The training data were used to train the prediction models and the test data were used to
evaluate the performance of the trained model. Of the 168,730 subjects with asthma, 11,811 were allocated to the training
data and 50,619 to the test data, with respective exacerbation rates of 2.41% and 2.42% in each dataset.

Imbalanced Data Handling

Due to the significant imbalance in exacerbation rates, sampling methods were used to balance the data. To improve the
accuracy of the prediction model, initially only under-sampling was applied to the training data to adjust the ratio of
exacerbation occurrence to non-occurrence to 88:12. Subsequently, a hybrid sampling approach combining under-
sampling and adaptive synthetic sampling was used to adjust the ratio to 67:33 in the training data.

Variable Selection
After merging four databases, the total dataset included 151 variables (Table 1). Redundant or excessive variables may

lead to a complex model prone to overfitting, resulting in impaired generalization and accuracy. To address this issue, we

used tree-based feature selection to identify 28 critical variables based on their importance.

Table | Variables for the Prediction Model

Variables

Basic characteristics

Location

Sex, age, visit day, visit week, visit year, number of claims per year, number of visit per year

Province

Exacerbation

Mild/severe/any exacerbation, number of mild/severe/any exacerbation per year

Asthma code

Number of asthma code, or asthma-like code per year; Asthma code or asthma-like code

Antibiotics/hospitalization/
ER visit

Number of antibiotics prescription per year, number of ER visit or hospitalization per year,

antibiotics prescription, ER visit or hospitalization

Comorbidities code per year

Ischemic heart disease, lung cancer, osteoporosis, depression, arthritis, DM, GERD, pneumonia, heart
failure, hypertension, anemia, metabolic syndrome

Asthma medication

prescription per year

IV corticosteroid, oral corticosteroid, systemic bronchodilator, methylxanthine, ICS, ICS/LABA,
LABA, LAMA, LABA/LAMA, SAMA, SABA, SABA/SAMA, LTRA

General health screening data

Date of screening, BMI, systolic/diastolic BP, total cholesterol, smoking status, smoking duration, smoking

consumption per day

Meteorological data

Minimal temperature, daily precipitation, maximum/average wind speed, total wind run, average dew point
temperature, minimum/average relative humidity, average local atmospheric pressure, total sunshine hours, total
solar radiation, daily temperature range, minimum temperature previous day, lowest temperature accumulated

over 3/5/7 days, lowest temperature difference for 3/5/7 days, accumulated precipitation for 3/5/7 days,

Viral data

Total virus detection, total virus detection rate, adenovirus/bocavirus/coronavirus/enterovirus/human
metapneumovirus/rhinovirus/influenza virus/ parainfluenza virus/RSV detection rate for the week, adenovirus/
bocavirus/coronavirus/enterovirus/human metapneumovirus/rhinovirus/influenza virus/ parainfluenza virus/RSV
detection rate in the previous week, sum of 2-4-week adenovirus/bocavirus/coronavirus/enterovirus/human

metapneumovirus/rhinovirus/influenza virus/ parainfluenza virus/RSV detection rate,

Air pollution data

CO/NO,/O3/PMI10/SO, concentration, CO/NO,/O3/PM10/SO, concentration in the previous day, sum of
3-5-7-day CO/NO,/O3/PM10/SO, concentration

Notes: Twenty-eight critical variables identified by tree-based feature selection is identified as bold character.
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Prediction Model Development

To address the severe class imbalance issue in the training data, models were fit using data resampled by under-sampling
and hybrid sampling, as well as data solely adjusted by under-sampling. Models were fit using both the 28 explanatory
variables selected through variable selection and the full set of 151 explanatory variables. The models included
parametric methods such as logistic regression and penalized regression, as well as random forest, AdaBoost,
XGBoost, and LightGBM machine learning methods. The metrics used to evaluate the models were the area under the
receiver operating characteristic (AUROC) curve, accuracy, precision, recall, and F1 score.

Results

We identified 168,730 patients with asthma using the operational definition. Of these, 10,384 (6.15%) had experienced at
least one exacerbation in the 6-year study period. The mean exacerbation frequency in the study period was 3.71; the
mean frequency of severe exacerbations was 0.15.

Daily Prediction Model of Exacerbation in Asthma Patients Using Test Data

Table 2 compares model performance using test data according to five evaluation metrics. Overall, the model with
superior predictive performance addressed the class imbalance issue using under-sampling and applied the XGBoost
model to the 156 explanatory variables. It had an AUROC of 0.68 and accuracy of 0.96. The LightGBM model with
under-sampling using 156 variables also had excellent performance.

Variable Importance

To identify key variables influencing the prediction of acute asthma exacerbations, we used ensemble models based on
classification trees. Of the models, we focused on those with good performance metrics with the training data (XGBoost
and LightGBM), examining the top 25 variables in terms of importance.

Common important explanatory variables identified by both XGBoost and LightGBM for predicting acute exacerbations
included age, systolic, and diastolic blood pressure, number of disecase codes for asthma, metabolic syndrome, arthritis,
hypertension, and gastroesophageal reflux disease annually, and the annual numbers of visits, exacerbations, claims, ER visits
or hospitalizations, and asthma medication prescriptions, including systemic bronchodilators, IV, and oral corticosteroid, LTRA,
SABA, and methylxanthine (Figures 1 and 2). In both models, the number of visits and exacerbations per year were the most
important factors associated with future exacerbations (XGBoost: F scores of 235 and 201, respectively; LightGBM: F scores of
290 and 682, respectively).

Table 2 Model Evaluation Results Using Test Data

Method Sampling Feature AUC Precision Recall Fl-score Accuracy
Method Selection
1) Logistic regression Under No 0.59 0.31 0.18 0.23 0.97
2) penalized logistic regression (L) Under No 0.59 0.31 0.19 0.23 0.97
3) penalized logistic regression (LI) Hybrid Yes 0.66 0.22 0.36 0.27 0.95
4) Random Forest Hybrid No 0.67 0.19 0.38 0.25 0.95
5) Random Forest Hybrid Yes 0.71 0.19 0.48 0.28 0.94
6) Adaboost Under No 0.64 0.27 0.31 0.29 0.96
7) Adaboost Hybrid No 0.70 0.17 0.46 0.25 0.93
8) Adaboost Hybrid Yes 0.71 0.17 0.48 0.25 0.93
9) light GBM Under No 0.67 0.28 0.37 0.32 0.96
10) light GBM Hybrid Yes 0.69 0.25 0.41 0.31 0.96
I'I) XGBoost Under No 0.68 0.28 0.38 0.32 0.96
12) XGBoost Hybrid No 0.68 0.27 0.38 0.32 0.96
13) XGBoost Hybrid Yes 0.68 0.26 0.39 0.31 0.96
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Feature importance

number of visit per year . 235 ——|

number of exacerbation per year 201
body mass index 148
number of asthma code per year
age . 109

total chol ol 104

number of antibiotics prescription per year 104
number of claims per year - 93 — —— ——
number of ER visit or hospitalization per year 92
number of methylxanthine prescription per year : 87 —— —f—
systolic blood pressure 82

number of OCS prescription per year 76

number of metabolic syndrome code per year 70
number of systemic bronchodilator prescription per year 66 _ i - |

diastolic blood pressure 63 | — — — | B S

number of arthritis code per year 61 - — - —

number of IV corticosteroid prescription per year 59
number of asthma-like code per year 58
number of diabetes code per year 57

number of hypertension code per year 56 |

number of GERD code per year 55
number of ischemic heart disease code per year 5

lowest temperature difference for 7 days fr——— 5|
number of SABA prescription per year 1
number of LTRA prescription per year 49

F score

Figure | Explanatory variables identified by both XGBoost for predicting acute exacerbations.
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Figure 2 Explanatory variables identified by LightGBM for predicting acute exacerbations.

Discussion

We examined the performances of various models in predicting asthma exacerbation, using comprehensive integrated
data from nationwide health records and environmental and viral data. XGBoost and LightGBM had the most promising
performances. Important variables common to the two models were the numbers of visits and exacerbations per year.
Medical resource utilization, including prescription of asthma medication, ER visits, and hospitalization were also
important variables in both models. The comorbidities including diabetes, hypertension, gastroesophageal reflux,
arthritis, metabolic syndrome, osteoporosis, and ischemic heart disease were also associated with elevated exacerbation
risks.

Our results concur with previous studies that have shown strong predictive values of previous exacerbations and
medication use for predicting future exacerbations.»*'* Grossman et al'® analyzed 1840 patients enrolled in 12 Asthma
Clinical Research Network Trials and AsthmaNET trials to measure exacerbation risk in asthma patients. For the entire
population, a history of exacerbation and percent predicted FEV, were associated with increased exacerbation rates
(relative rates [RR] =1.9 [95% CI, 1.37-2.56] and 0.74 [95% CI, 0.63—0.87], respectively). However, in our predictive
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models, environmental (except temperature) and viral data had little impact on future exacerbation risk. Although

5,11-13 51213 24 viral

previous studies have reported a negative impact of air pollution, meteorological factors,
exposure,'* the impact of these factors may be trivial and masked by the previous exacerbation frequency and medical
utilization. Further research is needed to explore whether these factors play a significant role under specific conditions or
in conjunction with other variables. There are limitations in this study. First, lower airway tract infection is a potential
risk factor for exacerbation. However, we did not include infection in our machine learning model. Second, adherence to
inhaler is an important factor associated with exacerbation. However, due to the technical difficulty, we could not include
adherence in our model.

In conclusion, our study highlights the potential of using integrated health data for predicting asthma exacerbations.
Using various machine learning models, we identified the impact of previous asthma exacerbations and use of medical
resources for predicting asthma exacerbations. Comorbid conditions such as diabetes, hypertension, gastroesophageal
reflux disease, arthritis, metabolic syndrome, osteoporosis, and ischemic heart disease were also associated with an
increased risk of exacerbations. In comparison, other environmental and viral factors have relatively little impact on the
prediction models. Additionally, our results demonstrated the capability of advanced machine learning models to provide
comprehensive risk assessments. Our study offers important results that can enhance clinical prediction and prevention of

asthma exacerbations, leading to improved patient management and outcomes.
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