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Abstract

NN

Asthma caused around 436,000 deaths globally in 2021. Predicting asthma attacks can save lives,
reduce costs, and strengthen healthcare systems. However, risk prediction requires extensive data,
which is often unavailable. This study aims to develop an approach that minimizes data requirements,
reducing complexity and enabling broader applicability in data-limited settings. We employed the
CRISP-DM methodology, including combinations of feature selection strategies, machine learning
algorithms, and data imbalance handling techniques. Altogether, 120 models were constructed. Model
performance was evaluated based on accuracy and efficiency. The top models were externally
validated. The key finding is that the LR and XGB models, when combined with an under-sampling
technique, perform better, given that the feature selection is conducted based on the feature importance

generated by the XGB-RUS model. Even a few features, including asthma attacks in the past year and



SABA_ICS ratio, can achieve a reasonable level of performance. Through rigorous experimentation,
we achieved high accuracy in multiple scenarios. We have presented 6 feature sets. Among those, FS1
achieved the best performance, while FS6 yielded a reasonable performance with only two features.
This paper presents a comprehensive analysis of the data requirements for predicting the risk of asthma
attacks. This will enhance the acceptability of the prediction models using simplified feature sets in

clinical settings.

Keywords: asthma attack, risk prediction, feature optimization, data imbalance

1 Introduction

Asthma is a non-communicable, chronic respiratory disease that affects people worldwide. Globally,
37.86 million incident cases and 260.48 million prevalent cases of asthina were reported in 2021 [1].
Asthma attack risk prediction has become a significant area of research in recent years as researchers
seek to leverage machine learning (ML) and advanced data integration strategies to improve the
expected outcome. These studies explored the use of heterogeneous datasets, including biological,
hospital, weather, socio-demographic and radiology image data, to gain a higher accuracy in the asthma
attack risk prediction [2-4]. This presents a significant demand for data collection, and it may not be
feasible to find cases where it would be realistic to obtain such a diverse range of data to perform
predictive analysis for escalating asthma risk. A previous study [5] found that there were a few
important predictors among the vast array of hospital and pharmaceutical data features. We believe
that predicting asthma attacks is a life-saving endeavor, and it is crucial for both patients and healthcare
professionals. However, setting up a prediction model that is both accurate and validated is a significant

challenge, requiring vast amounts of data.

Hence, we pose our research question: Can we simplify the method for predicting asthma attack risk?
This simplification is approached from two different angles. One approach is to experiment with

simplifying the feature set used to develop the risk prediction model. The other approach is to use



standard ML algorithms rather than complex deep learning models, which also simplifies the
development of the model. Constructing deep learning models often demands large datasets, and the

“black-box” nature limits the transparency and the interpretability, which is critical in clinical settings

[6].

There is an increasing availability of high-dimensional data across various domains, including
bioinformatics, text mining and finance. This has created a growing need for effective feature selection
or feature reduction techniques to identify the most important features, thereby achieving the best
accuracy for a given task. Feature selection reduces dimensionality and helps to identify the most
informative attributes, thereby enhancing predictive performance while reducing the training and
prediction time [7,8]. Also, high dimensionality not only increases computational cost but also
contributes to issues such as model overfitting, data sparsity and the curse of dimensionality [9-11].
Feature selection is the strategy of identifying the most informative subset of original features, while

feature reduction creates new features through mathematical transformations and projections [8,11].

Feature selection methods are traditionaliy divided into filter, wrapper and embedded approaches.
Filter methods assess individual variables using statistical measures such as correlation or mutual
information, without the involvement of any predictive model, making them computationally efficient,
scalable and model-agnostic, despite the limited ability to detect feature interactions [12]. However,
filter methods traditionally overlook interactions between features [12]. In contrast, wrapper methods
assess subsets from the original feature set by training and evaluating learning models iteratively,
typically delivering higher predictive performance because they tailor the selection to the classifier’s
behavior. A study on EEG-based emotion recognition across two datasets found that applying the
wrapper method, the genetic algorithm, generally improved the model performance [13]. However,
they can become computationally intensive and are prone to overfitting [14]. Embedded methods

integrate feature selection into the model training process, such as Least Absolute Shrinkage and



Selection Operator (LASSO) regression (L1 regularization) or tree-based feature importance, while
balancing efficiency and accuracy by integrating feature pruning into the learning algorithm itself

[13,15]. This study addresses limitations of past research and makes the following contributions.

e Implementing various feature selection strategies to identify the most important predictors
while evaluating the model performance under each strategy.

e Employing a range of ML techniques to develop prediction models under each feature selection
strategy to determine the model with the best performance.

e Handling data imbalance in the data sets using several Data Imbalance Handling Techniques

(DIHTSs) to compare which technique performs best.

The remainder of this article is structured as follows. First, the Related Work section presents the
literature published on asthma attack risk prediction. Next, the Methods section outlines the
methodology used in this study, including data collection, feature optimization, data preprocessing and
model development steps. The Results section presents the models’ performance in terms of accuracy
and efficiency. The Discussion section then interprets the findings in relation to the existing literature
and highlights their implications. Finally, the Conclusion section summarizes the main contributions

of the study and suggests future research directions.

2 Related Work
2.1 Asthma Attack Risk Predictors

In predicting asthma attack risk, past studies have utilized a wide range of features from various
domains [2]. The most frequently used data sources are hospital, clinical and pharmaceutical data
[5,16,17]. Asthma-related hospitalizations or emergency visits have been considered as the occurrence
of asthma attacks [16,18]. Further, asthma attacks can be identified based on the prescription or usage
of medications [16,18,19]. Comorbidities have been accounted for using the Charlson Comorbidity

Index (CCI). The history of previous asthma attacks has also been considered, as it is a key predictor



of future attacks [5,16,20,21]. In addition, smoking status and Body Mass Index (BMI) have been
included [16,20]. Demographic data (e.g., age, gender and ethnicity) were included in the feature sets,
as variations in these factors have been shown to influence the impact of asthma among patients

[5,18,19,21-23].

The risk prediction can be made at either the short-term individual level or the long-term population
level. In addition to the above, clinical factors such as asthma symptoms, peak expiratory flow rate,
and inhaler use have been included in previous studies, which are generally collected on a daily basis
through telemonitoring systems and smart devices [16,24-26] for short-term, individual-level risk
prediction. On the other hand, environmental and meteorological data have been integrated into models
for predicting asthma attack risk, such as temperature, wind speed, air quality index, air pressure, pollen
count, particle matter (PM, 5) and different types of gases (CO, NO,, SO,) [20,27-31] for long-term

population-level risk prediction.

Past studies have identified the most important predictors. Several studies found that previous asthma
attacks, asthma symptoms, medication usage and daily peak flow readings are important asthma attack
risk predictors [16-20,25,27|. Additionally, the literature indicates that comorbidities and hospital stays
are also significant predictors [16,18,20]. Moreover, it has been found that age, gender, race and
smoking status are important in predicting impending asthma attacks [17,23,27,30,31]. Furthermore,
prior studies have demonstrated the importance of weather factors - including temperature, wind speed,

relative humidity and air quality - in predicting future asthma attacks [27,30].

2.2 Identifying Important Predictors

Previous studies have employed various techniques to conduct feature selection in predicting asthma
attack risk. A study has applied LASSO regularization, which imposes a penalty on various features,
thereby avoiding overfitting [27]. LASSO has the limitation that it tends to select only one variable

from a group of highly correlated variables, while ignoring the others, which may lead to instability in



feature selection [32]. A study identified the most important features using the feature importance
scores generated from the Random Forest (RF) algorithm [22]. This method provides a ranking of the
features that contribute most to the prediction [33]. The ensemble nature of the algorithm reduces its
sensitivity to noise, thereby generating robust outcomes. However, this method can be biased based on
certain properties of the features, like feature correlation. If two features are highly correlated, their
importance could be shared, or one feature may dominate, making it difficult to determine which
feature is truly important [34]. Another study employed the Recursive Feature Elimination (RFE)
method [35]. After the model is trained on the full feature set, it ranks the features by their importance
and subsequently removes the least important features. It iteratively removes less informative features
while validating the performance to identify the optimal subset of features [36]. Another study
employed feature elimination through manual observation, followed by RFE with RF, and then
generated feature importance using the Extreme Gradient Boosting (XGB) algorithm [5]. As the RFE
technique utilizes the actual model intended for prediction, the selected features are more likely to
perform well with that model. This process continues until the key features are identified and does not
affect predictive performance. Howevecr, it can be computationally costly due to iterative training. But
this is only until the most important features are identified and will not affect the prediction

performance.

2.3 Handling Data Imbalance

Datasets for predicting asthma attack risk are often highly imbalanced because attacks occur relatively
rarely compared to the total number of instances - i.e., there are more days without attacks when
patients are well, rather than days with attacks. Most studies did not address the target class imbalance,
although a few accounted for it. A study that detected asthma exacerbations using daily home
monitoring data employed three different techniques: Random Under-sampling (RUS), Random Over-

sampling and Synthetic Minority Oversampling Technique (SMOTE) to handle the data imbalance



with a ratio of about 1:1265 (exacerbation:no exacerbation) [35]. The RUS technique performed best.
Another study, which had a data imbalance of 1:2631 (exacerbation:no exacerbation), has shown that
sequential RUS and weighting achieved the best performance [16]. A study reported a similar finding,
identifying pediatric asthma patients at risk of hospital revisits, with a one-time to multiple-time visits
ratio of about 1:4 [23]. SMOTE has been used in a study for asthma risk prediction, having a proportion
of nearly 1:8 (present:absent) in the target class [27]. A key limitation of this study is the application
of SMOTE on the full dataset, which leads to data leakage. Therefore, any of these sampling techniques

should only be applied to the training data.

2.4 ML Algorithms

Recent studies have widely employed ML approaches in this scope. Common algorithms include
Logistic Regression (LR) [5,18-20,27,30,37], RF [5,18-20,27,30,37] and XGB [5,18-20,27,30]. Across
many studies, XGB achieved the best performance. XGB is an ensemble learning algorithm that
sequentially constructs decision trees, where each new tree is developed to correct the residual errors
in the preceding trees, thereby building a strong predictive model [38]. In some studies, LR performed
slightly better. LR showcases the importance of individual predictors through the estimated
coefficients, providing interpretability. Despite not being the top performer, RF was included in
numerous studies. It is an ensemble algorithm that combines multiple decision trees to enhance
predictive accuracy [39]. It has several advantages, including robustness to outliers and missing values,
as well as the ability to handle a larger number of features [40]. Using bootstrap samples and random
feature subsets reduces variance and improves generalization over a single decision tree. A few studies
applied Decision Trees [27,30], Support Vector Machines (SVM) [27,29], LightGBM [37], Naive

Bayes [41] and Neural Networks [28,29].

The literature shows that several types of predictors can be used for predicting asthma attack risk.

However, the addition of more features complicates model development. Despite several studies



employing feature selection methods, they have not compared multiple methods to determine the
optimal feature set, which would simplify model development, making it generalizable and user-
friendly. Hence, we propose systematically eliminating features while determining the most important
ones using different strategies. This enhances the simplicity and generalizability of the asthma attack

risk prediction models.

3 Methodology
The CRISP-DM methodology was employed in this study, as illustrated in Figure 1 and discussed in

the following subsections.

3.1 Data Collection

Hospital and pharmaceutical datasets were obtained from national datasets of the New Zealand (NZ)
Ministry of Health. These datasets comprise publicly funded hospital admissions in NZ, including
acute admissions through emergency departments, as well as data on the national dispensing of
subsidized medications. The ethics approval for daia collection was obtained from the Auckland Health

Research Ethics Committee (Reference AH23069).
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Figure 1 Overview of the CRISP-DM methodology followed in the study.

The data used for analysis spanned from January 1, 2008, to December 31, 2017. A feature named
patient-quarter was derived to predict impending asthma attacks in the next 3 months. This represents
a 3-month period for each patient. As some yearly-based features were included in the feature set, we
extracted data for the fifth patient-quarter so that it could include data for the previous year. There were

355,113 patient records with 39 features.

The target variable represents the presence or absence of an asthma attack within a 3-month period.
Asthma hospital admission and/or oral corticosteroid prescription were used to define an asthma attack
[42,43]. For external validation, similar data were obtained for another patient-quarter (the ninth
patient-quarter), which included 1,093,645 instances. It is worth noting that during the model training

for external validation, the dataset was expanded to a total of 1,142,322 instances.

3.2 Data Preprocessing
Before developing the prediction models, several preprocessing steps were followed to refine the

feature set. The following subsections will discuss each of those steps in detail.



3.3 Feature Optimization

3.3.1 Feature Categorization and Redundant Feature Elimination

Table 1 presents the newly derived features HistoryOfAllergies and CardiovascularDiseases, by
categorizing the same group of medical conditions together. This approach was used to reduce the high
number of categories. As all the original features are binary, the derived features were assigned 1 if
one of the corresponding original features is 1; otherwise, 0. Furthermore, there were some features
that appeared to exhibit higher collinearity among them. Features were grouped by category, and a

single representative from each was retained to avoid redundancy (see Table 2).

Previous asthma attacks were represented by the number of asthma attacks in the past 12 months, as
indicated by the feature P/2MNoOfAsthAttacks. Similarly, to represent the asthma medications, we
chose SABA_ICS Ratio. It is the ratio between the Inhaled Corticosteroids (ICS) and Short-Acting
Beta-Agonist (SABA) inhaler usage, as a parameter to refiect both SABA and ICS inhaler use. In
addition, CharlsonComorbidityScore was selected by excluding DementiaAlzheimers and

RheumatologicalDisease, as these are already included in the score calculation.

3.3.2 Feature Set Generation

The study included six fcature sets. The workflow of feature set generation is presented in Figure 2.
The first feature set (FS1) was extracted from the results of a previous study [5], which highlights the
most important features for predicting asthma attack risk based on the optimal prediction model, XGB-
RUS. In this study, the top 10 features from that feature importance list were considered as the first
feature set. Secondly, the refined full feature set (FS2) was considered to compare with the other
strategies. Next, the Recursive Feature Elimination with Cross-Validation (RFECV) method was used
to determine the most important features based on the two classifiers, RF and XGB, separately on FS2.
This generated the feature sets FS3 and FS6, respectively. Additionally, with the clinical expertise

knowledge, a full clinical feature set (FS4) was defined, which were considered the most important



features in the original feature set for predicting impending asthma attacks. Similarly, RFECV was

applied with XGB and RF on FS4 to extract the feature sets FS5 and FS6, respectively.
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Table 1 New features derived by grouping existing features.

Original features Derived Feature

Rhinitis HistoryOfAllergies

Nasal Polyps Table
Atopic Dermatitis 3

Anaphylaxis

Pulmonary Eosinophilia
Cardiovascular Cerebrovascular Disease CardiovascularDiseases
Ischaemic Heart Disease
Heart Failure

displays the division of the feature sets according to different strategies. The first column shows the

top 10 features extracted from the previously developed XGB model (FS1). It consists of information
on past asthma attacks, exposure to winter, SABA and ICS medication usage and some demographic

factors, such as gender, ethnic group and region (District Health Board (DHB)). The FS2 is the full



feature set generated after refining the original feature set (24 features). The FS3 has 23 features,

excluding Psoriasis.

Table 2 Features selected from different feature categories to exclude redundant features.

Category Features Selected Feature
Previous asthma attacks | P12MNoOfAsthAttacks P12MNoOfAsthAttacks
P6MNoOfAsthAttacks
P3MNoOfAsthAttacks
Asthma medication NoOfICSInhalers SABA-ICS ratio
SABA _ICS Ratio
NoOfSABAInhalers
NoOfAsthmaControllerMeds
Nebulised SABA

Asthma severity step
Charlson Comorbidity CharlsonComorbidityScore | CharlsonComorbidity Score
Index DementiaAlzheimers
RheumatologicalDisease .

Figure A1 in Appendix A shows the selection of the optimal number of features using this strategy.
Notably, the plot indicates that the optimal riumber of features is 48, as it has counted the one-hot
encoded features separately. After analyzing, the distinct feature count was 23. The FS4 has 16
features, excluding Psoriasis, DHB, Obesity, Lower Respiratory Tract Infection (LRTI), Anxiety
Depression, Diabetes NoMetformin, BetaBlockers. FS5 excluded only the two features
NoOfHospitalizations and NumberOfMetforminRx, from FS4 (see Figure A2). Significantly, the FS6
comprises only two features: SABA_ICS Ratio and P12MNoOfAsthAttacks. It is worth noting that the
RFECV-RF on FS2 and FS4 yielded the same feature set (FS6) as the most important features, as

illustrated in Figures A3 and A4.

3.4 Feature Scaling and Encoding
The feature set has several numeric features with varying value ranges. Therefore, to bring them onto

a similar scale, standardization was applied before feeding them into the prediction models, ensuring



that no single feature would disproportionately influence the models. The previous study [5] found that
standardization performed better than normalization. There were a few categorical features, including
ethnic group and DHB. These features were encoded using the one-hot encoding technique, a method
commonly employed for categorical feature encoding. Additionally, the Age was grouped into separate
bins as 12-14, 15-44, 45-64 and >=65 years, to best represent the age groups rather than individual

ages. These categories were chosen in line with previous literature [44-47].

3.5 Model Development and Training

3.5.1 Handling Data Imbalance

The dataset was highly imbalanced in terms of the target class, with a 1:12 ratio where the asthma
attacks positive-class was the minority. To address this data imbalance, four different DIHTs were
employed. They included two down-sampling techniques and two oversampling techniques. The
down-sampling techniques included RUS and Edited Nearest Neighbor (ENN), while SMOTE and
KMeans-SMOTE were used as oversampling techniques. For comparison, models were developed

without applying any DIHTs, which are dencted as No-sample.

3.5.2 Model Training

Asthma attack risk prediciion models were generated using three classifiers, LR, RF and XGB, as they
performed better in similar studies. In each case, the dataset was split into a training set (70%) and a
test set (30%). Initially, each model was built and tested with 5-fold cross-validation (CV) using the
training set. For comparison, Multi-Layer Perceptron (MLP) neural network models (128-64-32) were
also developed on the same dataset. Later, models were rebuilt on the full training dataset. Full
specification of the hyperparameters of all the models is given in Table C1 in Appendix C. The models
were implemented using the Python programming language and executed on a system equipped with
a 3.50 GHz processor and 128 GB of RAM. The python code used to develop these models are

available at https://github.com/DarshaWK/asthma-prediction-feature-optimisation.



Table 3 Details of the feature sets generated based on feature selection strategies.

ased FS2-Refined Full Feature | FS3-RFECV-XGB Feature | FS4-Clinical Full Feature | FS5-RFECV-XGB Clinical | FS6-R1
ature Set Set Set Set Feature Set Set
hAttacks? Q5_WeeksDuringWinter Q5_WeeksDuringWinter Q5_WeeksDuringWinter Q5_WeeksDuringWinter SABA
uringWinter | Age Age Age Age P12MN
alers Gender Gender Gender Gender
Ratio® EthnicGroup EthnicGroup EthnicGroup EthnicGroup
Attacks® DeprivationQuintile DeprivationQuintile DeprivationQuintile DeprivationQuintile
Attacksd DHB¢ DHB¢ SmokingStatus SmokingStatus
[nhalaers Psoriasis Obesity CharlsonComorbidityScore | CharlsonComorbidityScore
Obesity LRTIf NumberOfMetforminRx NoOfOPED Visits
LRTIf AnxietyDepression NoOfHospitalizations Paracetamol
» AnxietyDepression Diabetes NoOfOPEDVisits NSAIDs¢
Diabetes SmokingStatus Paracetamol SABA ICS Ratio®
SmokingStatus CharlsonComorbidityScore | NSAIDs? P12MNoOfAsthAttacks?
CharlsonComorbidityScore | NumberOfMetforminRx SABA_ICS Ratio® HistoryOfAllergies
NumberOfMetforminRx Diabetes NoMetformin P12MNoOfAsthAttacks? CardiovascularDiseases
Diabetes NoMetformin NoOfHospitalizations HistoryOfAllergies
NoOfHospitalizations NoOfOPEDVisits CardiovascularDiseases
NoOfOPEDVisits BetaBlockers
BetaBlockers Paracetamol
Paracetamol NSAIDs¢
NSAIDs¢ SABA ICS Ratio®
SABA _ICS Ratio® P12MNoOfAsthAtacks?
P12MNoOfAsthAttacks? HistoryOfAllergies
HistoryOfAllergies CardiovascularDiseases

CardiovascularDiseases

aNumber of asthma attacks in the previous 12 months, PRatio between short-acting beta,-agonist and
inhaled corticosteroids inhaler count,"Number of asthma attacks in the previous 6 months, INumber of
asthma attacks in the previous 3 months, ¢District health board, fLower respiratory tract infection,
gNon-steroidal anti-inflammatory drugs

3.6 Model Evaluation

3.6.1 Model Testing and Performance Evaluation

Initially, each model was analyzed using 5-fold CV, then trained on the full training set and tested on

the test set. In each of these steps, model performance was evaluated using the Area Under the Receiver

Operating Characteristic (AUROC) and F1-score. AUROC measures how well a model distinguishes

between the classes, while the F1-score produces a balanced value between precision and recall. In

addition, we calculated Area Under the Precision-Recall Curve (AUPRC) and the calibration metric,



brier score. AUPRC measures how well a model identifies the positive class by balancing precision
and recall, particularly when the outcome is rare or imbalanced. Brier score measures the accuracy of
predicted probabilities by calculating the average squared difference between predicted probabilities
and actual outcomes, where lower values indicate better performance. Additionally, identifying the
top-performing models, prediction time (in seconds) and model size (in megabytes (MB)) were
compared as efficiency metrics. These efficiency factors are critical in clinical settings for making

decisions faster without minor delays.

3.6.2 External Validation

To validate the performance of the top models, they were tested on an additional dataset, known as the
validation data. Here, the model performance was evaluated based on the prediction accuracy. The best
model combinations selected from the above were trained on the training data and then tested on the
validation data. The validation data had around a 1:22 imbalance in the target class. To quantify
potential dataset shift between the test and exteinal validation cohorts, the Population Stability Index

(PSI) was calculated for each predictor variable as presented in Table B1 in Appendix B.

4 Results

4.1 Comparison ¢i Models Based on Accuracy

Mainly there are 90 different models generated by combining various ML algorithms, feature selection
strategies and DIHTs. The performance of all these models is graphically represented in Figure 3. The
columns of the facet grid plot show the specific feature sets used to develop the models, while each
row shows the evaluation metric. The x-axis of each subplot represents the ML algorithm used to build
the prediction model. Different colored bars indicate the corresponding DIHT. The first row shows the
mean AUROC values for each model in 5-fold CV, with the error bars representing the 95% confidence

interval. Similarly, the second row shows the mean F1 scores.



Table D1 in Appendix D presents the models’ performance on the 5-fold CV and the test set separately.
Based on the results, it is challenging to select the best model, as some models that achieve higher
AUROC scores have lower F1 scores. Overall, the best performance was achieved by a few of the LR
and XGB classifiers built on the FS1. In comparison, MLP models were developed on the training set

and tested on the test set. The performance of these models are given in Table D2.

Table 4 presents the top-performing models based on the evaluation metrics. The models LR-RUS,
LR-ENN and LR-SMOTE achieved the highest AUROC of 0.75 and F1 score of 0.28 on the FS1 test
set. Similar results were shown by the XGB-ENN model on FS1 (see Figure 3). However, with a
marginal drop in the AUROC values to 0.74, the LR-KMeans-SMOTE model on FS1 achieved the
highest F1 score of 0.30. Despite the overall best performance of LR models, they have wider
confidence intervals during the training phase, especially for F1 scores of the LR-KMeans-SMOTE
models. Additionally, the F1 score uncertainty gap during the training phase is generally higher for
models developed with ENN and KMeans-SMOTE using FS6. KMeans-SMOTE technique produces

the highest gap in the confidence intervals for RF (0.12-0.29) and XGB (0.12-0.30) with FS6 (see

Table B1).

Among the data-balanced models, the lowest AUROCSs of 0.55 and 0.52 were achieved on the test data
by RF-ENN and XGB-ENN, respectively. For FS6, the lowest F1 score of 0.13 was observed for both
models on the test set. However, in the 5-fold CV, the models show an AUROC of around 0.70 and an
F1 score of 0.23. Overall, most models achieved an AUROC above 0.70. The best F1 score of 0.30 is
achieved by the LR-KMeans-SMOTE models developed based on FS2 and FS3. However, the
AUROC:s of those two models are 0.73 each, slightly less than the best. Further, a very few MLP
models developed on FS1, FS4 and FS5 without data sampling showed AUROCs between 0.72 and

0.74; however, their F1 scores were very low.



Overall, for most models built on the first five feature sets, RF models have slightly lower AUROC
values. However, there are fluctuations in the F1 scores of these models for different ML algorithms
and DIHTs. As shown in Figure 3, all the models without a data balancing technique (No-sample) have
the lowest F1 scores, although the AUROC values remain higher. Comparing the performance of the
models, especially the F1 scores, for different DIHTs, the LR algorithms show more robust behavior

regardless of the DIHT applied.

The findings clearly show that under-sampled data improves the performance of the RF and XGB
algorithms regardless of the feature set, except for ENN on FS6. Among the two data under-sampling
techniques, RUS and ENN, ENN performs slightly better with RF and XGB algorithms except for FS6.
The oversampling technique, KMeans-SMOTE, shows marginally higher F1 scores for the LR models
on all the feature sets. The SMOTE technique has marginally lowered the AUROC values in the RF

models, except for FS6.

4.2 Comparison of Models Based on Model Efficiency
In addition to the evaluation metrics, the efficiency of the models was considered to determine the best-
performing models. Prediction time and model size were the two key metrics used for this analysis.

The efficiency of all the models developed is represented in Figure E1 in Appendix E.

In comparison to all models, RF was the lowest performer with the highest prediction time. Overall,
the RF-SMOTE models, ranked at the lowest efficiency, with a model size exceeding 540 MB and a
prediction time exceeding 2.5 seconds. These values are not considered as any standards for a
prediction model. These could change based on different settings. The sole idea was to identify a

threshold to make a comparison between the other models developed.

Based on the ML algorithms, FS2-LR-ENN (prediction time=0.13 s, model size=90.00 MB), RF-

SMOTE with FS1, FS2 and FS3 with average measures of prediction time=2.67 s and model



size=579.37 MB and XGB-ENN with FS3 and FS2 with average prediction time=0.14 s and model
size=89.48 MB were the lowest performers. Overall, MLP models showed average model sizes and
prediction times compared to other models. The lowest model sizes and prediction times were recorded

by MLP-RUS models for FS4, FS5 and FSé6.

Based on all the values, models with a prediction time of less than 1 second and a model size of less
than 1 megabyte were chosen as the top-performing models. It should be noted that, although a few
models with the No-sample DIHT were among the top-ranked models based on efficiency, they were
eliminated due to lower F1 scores. The primary objective was to identify the best-performing models

based on all performance measures.

Figure 4 displays the comparison of the 12 top-performing models based on the efficiency metrics.
Among these, a significant observation is that models with KMeans-SMOTE were larger in size (~0.90
MB), while the FS6-XGB-SMOTE took a similar amourt of space (0.93 MB). But it was one of the
models with the lowest prediction time (C.01 s). Notably, all LR-RUS models in this subset yield the
lowest model size (0.25 MB), independent of the feature set. However, there are slight variations in
the prediction time for the LR-RUS models using different feature sets, with a marginally lower time
for FS6 and a higher time for FS2. The shortest prediction time (< 0.01 s) is reported by the models
using FS6, despite their varying model sizes. Oversampling techniques have increased the model size.
Within this group of top models, approximately two-thirds are based on the RUS technique, whereas

none incorporates ENN.

DeLong's test revealed that LR-KMeans-SMOTE achieved a significantly lower AUROC than the
other models (all p < 0.001). However, the absolute difference in AUROC was small (0.74 vs. 0.75),
indicating that the practical significance of this finding is limited. No significant differences were
observed among LR-RUS, LR-SMOTE, and XGB-ENN, suggesting comparable discriminative

performance among these models. The test results are given in Table 5.



4.3 External Validation

Table 6 presents the performance of the models on the validation data. The results show that the top
selected models yield AUROC values of 0.74, which is slightly lower than the test results. However,
reductions in the F1 scores were observed. Compared with the smallest feature set (FS6), the two

models with higher efficiency and better accuracy were included in this validation. However, their

overall performance dropped.

Table 4 Top performing models for FS1 feature set.

ML DIHT AUROC F1 Score AUPRC |Brier
Algorithm CV Mean Test | CV Mean Test | Test set | Score
95% CI) set |(95% CI) set Test set
LR RUS 0.75 (0.74-0.75) | 0.7510.28 (0.28-0.29) 1 0.28 | 0.29 0.06
ENN 0.75 (0.74-0.76) | 0.7510.28 (0.27-0.29) | 0.28 | 0.29 0.06
SMOTE 0.75 (0.74-0.75) | 0.750.28 (0.27-0.29) | 0.28 | 0.28 0.19
KMeansSMOTE |0.74 (0.73-0.76) | 0.74 {0.29 (0.27-0.31) | 0.30 {0.27 0.09
XGB ENN 0.75 (0.74-0.75) | 0.7510.28 (0.27-0.30) | 0.28 | 0.29 0.06

Table S Pairwise comparison of the top models' AUROC values using the DeLong test.

Model 1 Model 2 p-value
LR-RUS LR-ENN <0.001
LR-RUS LR-SMOTE 0.705
LR-RUS LR-KMeansSMOTE <0.001
LR-RUS XGB-ENN 0.443
LR-ENN LR-SMOTE <0.001
LR-ENN LR-KMeansSMOTE <0.001
LR-ENN XGB-ENN 0.795
LR-SMOTE LR-KMeansSMOTE <0.001
LR-SMOTE XGB-ENN 0.366
LR-KMeansSMOTE | XGB-ENN <0.001
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Table 6 Performance of the top models on the validation data

Feature | ML DIHT AUROC | F1 Score | AUPRC | Brier
Set Algorithm Score
FS1 LR RUS 0.74 0.22 0.23 0.18
LR ENN 0.74 0.24 0.23 0.03
LR SMOTE 0.74 0.22 0.23 0.18
XGB ENN 0.74 0.24 0.24 0.03
LR KMeansSMOTE | 0.71 0.27 0.22 0.06
FS6 LR RUS 0.71 0.23 0.21 0.19




| | XGB RUS 0.71 0.19 0.20 0.19

5 Discussion

This is an important study that aimed to evaluate the performance of a range of ML algorithms and
traditional statistical models in predicting impending asthma attacks using national health datasets with
different feature optimization strategies. These strategies generated several feature sets by excluding
some of the less important features in making predictions of asthma attack risk. The FS1 was defined
based on the previous study [5] which developed several prediction models for predicting asthma attack
risk. Based on the best-performing XGB model, the study identified the most important features for

predicting asthma attack risk.

Several common features are included in the feature sets generated in this study. One of them is the
number of past asthma attacks. This has been identified as a key predictor of future asthma attacks in
several previous studies [2,48-50]. Demographic factors such as Gender and Ethnic Group were
common among the first five feature sets. A study reveals the impact of asthma on different ethnic
groups in NZ [51]. There is cvidence that shows some ethnic groups have a greater influence from
asthma, specifically, Maori, the indigenous population in NZ [51]. Another feature was the
SABA ICS Ratio, which shows the ratio between preventer and reliver medication. This has been
considered a predictor of asthma attack risk in previous studies [52,53]. However, the method we used
to calculate this ratio differs from that employed in previous studies. In our study, we calculated the
SABA:ICS ratio as the number of SABA inhalers divided by the number of ICS dispensed to a patient
over the last year. It has been calculated as the average daily dose of SABA/ICS in studies [52,53].
However, this reflects key aspects of asthma control. The external validation results (Table 6) show a

slight reduction in the models’ performance. The PSI calculated (Table B1) supports this performance



reduction by indicating a significant and moderate shift in the key predictors SABA_ICS Ratio and

PI12MNoOfAsthAttacks, respectively, across the test and validation cohorts.

RFECV-XGB on FS2 resulted in FS3, excluding only Psoriasis. Psoriasis is a long-term, immune-
driven inflammatory condition that primarily affects the skin and/or joints [54]. The lower importance
of this feature is evident in the values in Table E1 in Appendix E, which indicates that 99.98% of
instances involve the absence of Psoriasis, regardless of whether asthma attacks occur or not.
Therefore, Psoriasis has had no significant impact on differentiating the occurrence or non-occurrence
of an asthma attack within the prediction models developed in the study. However, the literature shows
that individuals diagnosed with psoriasis are more likely to be susceptible to asthma [55,56]. In this
study, only 0.02% of patients had this health condition; therefore, the lack of data may have led the

models to overlook it as an important predictor of asthma attacks.

Although previous asthma hospitalizations are a key predictor for determining future asthma attacks,
in this cohort, we considered hospitalizations due to all causes; therefore, they might have become a
less important factor in differentiating between the target class. This is evident from the descriptive
statistics presented in Tabie E2. Although the mean number of hospitalizations was slightly higher
among those who experienced asthma attacks (mean=0.53) compared to those who did not
(mean=0.32), the median and first quartile (Q1) values were both zero for both groups, indicating that
most individuals had no prior hospitalizations. In fact, 80.6% of attack cases and 80.7% of non-attack
cases resulted in zero hospitalizations in the previous 12 months. This limited variability might have
reduced the predictive value of this feature. Furthermore, regarding NumberOfMetforminRx, although
the mean number of metformin prescriptions was slightly higher among individuals with asthma
attacks (mean=0.34) compared to those without (mean=0.32), the distribution is highly skewed, with
the median and all quartiles equal to zero in both groups since metformin use is uncommon amongst

asthma patients (refer to Table E3). Additionally, 95.4% of attack cases and 95.7% of non-attack cases



had no metformin use. This suggests that the variation in this feature is limited and its contribution to

distinguishing between the two groups is minimal.

Generally, the LR and XGB models performed marginally better than the RF and MLP models. The
best AUROC was given by the LR classifier with both under-sampling and oversampling techniques
on FS1, while the highest F1 scores were given by the KMeans-SMOTE with the LR classifier on FS1
although the AUROC was marginally lower than others. Pairwise comparison of AUROC values using
DeLong's test indicated that LR-KMeansSMOTE performed significantly differently from the other
models. However, the observed AUROC difference was small (0.74 versus 0.75), suggesting limited
practical significance despite statistical significance. This finding highlights the importance of
considering effect size in addition to statistical significance when evaluating predictive models. The
comparable AUROC values observed for LR-RUS, LR-SMOTE, and XGB-ENN indicate that these
approaches achieved similar discriminative performance. The FS1 feature set includes some redundant
features, such as previous asthma attacks in ditferent time windows and medication usage, such as
SABA and ICS inhalers. Therefore, the multicollinearity between these features might have impacted
the prediction models, especially on the LR classifier [57,58]. However, all LR models were developed

using ridge regularization, which constrains coefficient magnitude and reduces overfitting.

Although the AUROC values for the No-sample models were sufficient, all these models exhibited the
lowest F1 scores (see Figure 3). This could be because AUROC summarizes the model’s ability to
discriminate between the positive and negative classes at all possible thresholds. But not the number
of correctly classified instances under each class. In highly imbalanced datasets, specificity (true
negative rate) can appear very high because the negative class is much larger. This can make the ROC
curve appear to indicate that the model performs well overall, even if it does not accurately identify
the minority (positive) class. Therefore, using ROC curves alone in these scenarios may lead to an

overestimation of the model's actual performance [59]. The F1 score is the harmonic mean of precision



and recall, providing a more informative evaluation of the classifier's performance, especially for the
minority class [59,60]. Therefore, it is essential to consider the F1 score in model evaluation,
particularly when there is a significant data imbalance. Thus, in highly imbalanced datasets, DIH

improves overall model performance.

On the other hand, the results showed that LR-RUS, LR-ENN, LR-SMOTE and XGB-ENN achieved
the highest AUROCSs and F1 scores. Further analysis on the performance using AUPRC and brier score
values confirmed the better performance of the LR-RUS, LR-ENN and XGB-ENN models on FS1. A
similar finding that LR-RUS performs better has been reported in another study [35]. In the RUS
technique, data from the majority class is randomly removed. In contrast, ENN eliminates most
samples that differ significantly from most of their k-nearest neighbors, thereby improving class
separability and reducing noise in the data. This sharpens the decision boundary, guiding classifiers to
prioritize learning from more informative data. A study proposed a combined approach of SMOTE-
ENN on diabetes prediction and found that RF with this approach achieved the best performance
compared to SVM [61]. However, overall, our findings showed that the RF models had marginally
lower performance compared to the other two classifiers. LR has outperformed XGB in predicting
asthma exacerbations in a study, although it has not considered the data imbalance [24], whereas the
opposite is true in another study [20]. A similar observation was found in another work on developing
asthma attack risk prediction models [5]. These findings suggest that LR and XGB classifiers generally
perform better on highly imbalanced data. Despite the better performance of XGB, the XGB-ENN also
showed the lowest AUROC for FS6. This could be due to the lack of features in discriminating between
the two predictive classes, as too few features might not provide enough information to the models
[62]. These algorithms attempt to construct multiple decision trees with various combinations, and a

lack of features may reduce their predictive power. Fewer features will result in fewer possible splits



in the decision trees. This is further supported by the validation results, which show that limited

features reduce model performance, especially with larger and highly imbalanced datasets.

Comparatively, the findings showed that the LR-RUS models have shorter prediction times for FS6
and longer for FS2. A parallel observation was there for the RF and XGB algorithms. Similarly, MLP
models showed a reduction in prediction time and model size for FS4, FS5 and FS6. This could be
mainly due to the difference in the number of features the algorithms need to consider during a
prediction. Overall, RF-SMOTE was the least performer for the first five feature sets compared to the
other prediction models developed in the study. Accordingly, Figure 5 proposes a generalized
workflow for obtaining better results in asthma attack risk prediction. Considering both the factors,
accuracy and efficiency, and feature selection strategies experimented within the study, using XGB-
RUS to determine the most important features is identified as a betier option. While it is critical to
handle data imbalance, down-sampling data generates marginally better results. Overall, as discussed
above, LR and XGB generated better results. Hence, the study findings helped in generating the
proposed workflow which would be a hybrid model that combines two ML algorithms to make a better

prediction with improved accuracy and efficiency.

Several factors strengthen this study. Most researchers will typically stick to one feature selection
method in their individual work. However, in this study, several feature selection strategies were
employed simultaneously. Additionally, the study focused on addressing data imbalance. Various
DIHTSs were applied to the dataset to handle the data imbalance before the actual prediction models
were constructed. Further, it utilized a few conventional ML algorithms to develop the prediction
model. As a result, a total of 90 model combinations were to be compared. Moreover, the performance
of the models was evaluated, not only based on accuracy but also on efficiency. Another key strength

was the external validation of the models.
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Figure 3 Generalized workflow for asthma attack risk prediction.

Apart from the significant strengths of the study, several limiitations should be noted. The study only
applied feature selection to a dataset that has hospital and pharmaceutical data. The findings might be
different if the data parameters were broader to include weather, peak flow, inhalation data, etc.
Including further data sources might help in identifying further key predictors for asthma attack risk
prediction models. Also, there are several other feature selection strategies that could be applied to
confirm the most important predictor identification. In the current study, it only applied RFECV and
did not compare the other feature selection methods. Therefore, it is worth to experiment and compare

the other strategies/techniques for feature selection in the future work.

6 Conclusion

This study explores a method to minimize the complexity of predicting asthma attack risk while
determining the least amount of data required. This study contributes to asthma attack risk prediction
by experimenting with variant feature selection methods together with different data resampling
techniques and ML algorithms, creating 90 combinations for comparison. Further, 30 MLP models

were developed to make a comparison of deep learning models. By paying attention not only to



accuracy but also to efficiency, the study offers a balanced perspective on model performance
evaluation. The results show that the number of asthma attacks in the past year and medication use,
especially the SABA_ICS ratio, are strong predictors of impending attacks. A hybrid model that
combines XGB-RUS-based feature selection with a down-sampling technique (RUS or ENN) for LR
and XGB ML algorithms performed slightly better than others. Also, the findings reveal that a very
simple model using only two features with LR-RUS can also give promising results, but with a higher
variation. However, this requires further exploration. Overall, the findings suggest that accurate
predictions can be achieved even with fewer features, thereby enhancing the simplicity and
generalizability of the models. Future research can be conducted to utilize multiple data sources with
various feature selection methods to identify the most important features, thereby enhancing the
performance and simplicity of models. Additionally, researchers could focus on further enhancing the
external validity of the models, particularly by conducting a pilot study to apply these models in

hospitals and communities that lack access to a wide range of data features.
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Appendix A

RFECV Feature Selection with XGB
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Figure A1 Recursive Feature Elimination with Cross-
Validation (RFECV) using the XGB classifier on
refined full feature set (FS2), showing mean Area
Under the Receiver Operating Characteristic curve
(AUROC) across different number of selected features.
It is noted that the optimal is shown as 48, as it has
counted the one-hot encoded features, but it has only 23
distinct features.

RFECV Feature Selection with RF

—-- Optimal = 2

Mean CV score (AUROC)
=
@
&

0.67

0.66

0.65

0 5 1 5 20
Number of features

Figure A3 Recursive Feature Elimination with Cross-
Validation (RFECV) using the RF classifier on refined
full feature set (FS2), showing mean Area Under the
Receiver Operating Characteristic curve (AUROC)
across different number of selected features.
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Figure A2 Recursive Feature Elimination with
Cross-Validationi (RFECV) using the XGB classifier
on clinical full feature set (FS4), showing mean Area
Under the Receiver Operating Characteristic curve
(AUROQ) across different number of selected
{eatures. It is noted that the optimal is shown as 20,
as it has counted the one-hot encoded features, but it
has only 14 distinct features.
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Figure A4 Recursive Feature Elimination with
Cross-Validation (RFECV) wusing the RF
classifier on refined full feature set (FS4),
showing mean Area Under the Receiver
Operating Characteristic curve (AUROC) across
different number of selected features.



Appendix B

Table B1 Population Stability Index (PSI) calculated to quantify the dataset shift between the test and

validation cohorts.

Feature PSI Shift

Q5 _WeeksDuringWinter 0.0107 No Shift
Age 0.0267 No Shift
Gender <0.0001 No Shift
EthnicGroup 0.0071 No Shift
DeprivationQuintile 0.0003 No Shift
DHB 0.0100 No Shift
Psoriasis <0.0001 No Shift
Obesity 0.0007 No Shift
LRTI 0.0083 No Shift
AnxietyDepression 0.0118 No Shift
Diabetes 0.0027 No Shift
SmokingStatus <0.0001 No Shitt
CharlsonComorbidityIndexScore 0.0000 No Shift
NumberOfMetforminRx <0.0001 No Shift
Diabetes NoMetformin 0.0049 No Shift
NoOfHospitalisations 0.0056 No Shift
NoOfOPEDVisits 0.0068 No Shift
BetaBlockers 0.0015 No Shift
Paracetamol 0.0056 No Shift
NSAIDs 0.0011 No Shift
SABA_ICS Ratio 1.8396 Significant Shift
P12MNoOfAsthAttacks 0.1232 Moderate Shift
HistoryOfAllergies 0.2667 Significant Shift
CardiovascularDiseases 0.0085 No Shift

Appendix C

Table C1 Hyperparameter values used for developing the prediction models.

ML Model Hyperparamenter Value

LR Penalty L2
Regularisation Strength (C) 1.0
Solver Ibfgs
Maximum Iterations 400




Tolerance 0.0001
RF Number of Trees 100
Split Criterion Gini
Maximum Tree Depth None (unlimited)
Maximum Features per Split sqrt
Minimum Samples per Split 2
Minimum Samples per Leaf 1
Bootstrap Sampling True
Out-of-Bag Evaluation False

XGB Objective

binary:logistic

Number of trees

100

Learning rate 0.30
Maximum tree depth 6
Minimum child weight 1
Gamma 0
Subsample ratio 1.0
Column sampling by tree 1.0
L1 regularisation (o) 0
L2 regularisation (1) 1
MLP Optimizer Adam
Learning Rate 0.001
Loss Function BCEWithLogitsLoss
Batch Size 64
Maximum Epochs 100
Dropout Rate 0.3
Activation Function RelLU

Appendix D

Table D1 Performance of the models in 5-fold CV and using test dataset.

Imbalance

Handling Mean AUROC
95% CI) - CV

Technique (05% €1y

ENN 0.75 (0.74-0.76)

Feature Feature Set Description ML
Set cature Set Deseriptio Algorithm
FS1 XGB-based importance LR
10 features
FS1 XGB-based importance LR
10 features
FS1 XGB-based importance LR

10 features

No-sample

KMeansSMOTE | 0.74 (0.73-0.76)

0.75 (0.74-0.75)

AUROC
(Test set)

0.75

0.74

0.75

Mean F1 Score
(95% CI) - CV

0.28 (0.27-0.29)
0.29 (0.27-0.31)

0.16 (0.15-0.17)
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10 features
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10 features
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10 features
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10 features

Refined full set 24
features

Refined full set 24
features

Refined full set 24
features

Refined full set 24
features

Refined full set 24
features

Refined full set 24
features

Refined full set 24
features

Refined full set 24
features

Refined full set 24
features

LR

LR

RF

RF

RF

RF

XGB

XGB

XGB

XGB

XGB

LR
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RF

RF
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RUS

SMOTE
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No-sample

RUS
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KMeansSMOTE
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No-sample

RUS
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No-sample
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0.75 (0.74-0.75)
0.75 (0.74-0.75)
0.69 (0.69-0.69)
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0.28 (0.27-0.30)
0.18 (0.16-0.20)
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0.73 (0.72-0.74)
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0.72 (0.71-0.72)
0.74 (0.74-0.75)
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0.70 (0.70-0.71)
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14 features

Clinical RFECV-XGBF
14 features

Clinical RFECV-XGBF
14 features

Clinical RFECV-XGBF
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0.73 (0.72-0.74)
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0.72 (0.72-0.73)
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0.55
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0.72
0.73
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0.52
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0.19 (0.18-0.20)
0.14 (0.13-0.15)
0.21 (0.21-0.21)
0.18 (0.17-0.19)
0.27 (0.25-0.28)
0.20 (0.18-0.21)
0.14 (0.13-0.15)
0.25 (0.24-0.25)

0.18 (0.17-0.19)

0.27 (0.24-0.31)
0.30 (0.28-0.32)
0.16 (0.15-0.17)
0.27 (0.26-0.27)
0.27 (0.26-0.27)
0.23 (0.20-0.25)
0.21 (0.12-0.29)
0.13 (0.12-0.14)
0.26 (0.26-0.27)
0.26 (0.26-0.26)
0.23 (0.20-0.26)
0.21 (0.12-0.30)
0.12 (0.11-0.13)
0.26 (0.26-0.27)
0.27 (0.26-0.27)



Table D2 Performance of the MLP models on the test dataset.

Imbalance Handling

Feature Set AUROC  Fl-score AUPRC  Brier Score

Technique
ENN 0.68 0.13 0.18 0.93
KMeansSMOTE 0.65 0.13 0.20 0.90
FS1 No-sample 0.74 0.15 0.29 0.06
RUS 0.46 0.13 0.11 0.93
SMOTE 0.64 0.13 0.17 0.93
ENN 0.63 0.13 0.14 0.93
KMeansSMOTE 0.52 0.13 0.09 0.93
FS2 No-sample 0.73 0.12 0.27 0.06
RUS 0.68 0.13 0.17 0.93
SMOTE 0.38 0.13 0.09 0.93
ENN 0.67 0.13 0.14 0.93
KMeansSMOTE 0.58 0.13 0.08 0.93
FS3 No-sample 0.73 0.11 0.26 0.06
RUS 0.68 0.13 0.17 0.93
SMOTE 0.68 0.13 0.16 0.93
ENN 0.64 0.13 0.17 0.93
KMeansSMOTE 0.49 0.13 0.07 0.93
FS4 No-sample 0.74 0.09 0.28 0.06
RUS 0.66 0.13 0.15 0.93
SMOTE 0.50 0.13 0.14 0.93
ENN 0.68 0.13 0.15 0.93
KMeansSMOTE 0.39 0.13 0.06 0.93
FS5 No-sample 0.74 0.13 0.27 0.06
RUS 0.69 0.13 0.17 0.93
SMOTE 0.56 0.13 0.17 0.93
ENN 0.66 0.13 0.12 0.93
KMeansSMOTE 0.72 0.28 0.19 0.10
FS6 No-sample 0.73 0.09 0.27 0.06
RUS 0.66 0.13 0.13 0.93

SMOTE 0.53 0.13 0.09 0.93
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Figure E1 Comparison of the efficiency of the models based on different feature sets and data imbalance handling techniques.

Appendix E

Distribution of values in the features that were excluded from the feature sets

Table E1 Psoriasis vs asthma attacks in the training set.

Psoriasis
0

1

Total

Asthma Attack=0

207,016
30
207,046

Asthma Attack=1

16,107
5
16,112

Total
223,123
35
223,158

Table

E2

Number

of

hospitalizations vs asthma attacks

in the training set.

XGB



Metric / Category

No Hospitalizations (0)

Hospitalized (1+)
Total

Minimum
Mletric / Category

M digtformin Use (0)

ngd Metformin (1+)

VefRlmum
Minjmum
Ql
Median
Q3
Maximum

Mean

Asthma Attack=0
167,127

39,919

207,046

0
%sthma Attack=0

198,129

8017
203,046
%.32

0

0

0
352
0.32

Asthma Attack=1
11,784

4,328

16,112

0
%sthma Attack=1

1§.377
735
Ifh12
%.53

0

0

0
101
0.34

Table E3 Number of Metformin

Rx vs asthma attacks
training set.

in the
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Prediction Time (sec)

Model Size (MB)
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