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Abstract: Length of stay (LOS) is a key indicator of healthcare quality and reflects the burden on
the healthcare system. However, limited studies have used machine learning to predict LOS in
asthma. This study aimed to explore the characteristics and associations between asthma-related
admission data variables with LOS and to use those factors to predict LOS. A dataset of asthma-
related admissions in the Auckland region was analysed using different statistical techniques. Using
those predictors, machine learning models were built to predict LOS. Demographic, diagnostic, and
temporal factors were associated with LOS. Māori females had the highest average LOS among all
the admissions at 2.8 days. The random forest algorithm performed well, with an RMSE of 2.48, MAE
of 1.67, and MSE of 6.15. The mean predicted LOS by random forest was 2.6 days with a standard
deviation of 1.0. The other three algorithms were also acceptable in predicting LOS. Implementing
more robust machine learning classifiers, such as artificial neural networks, could outperform the
models used in this study. Future work to further develop these models with other regions and to
identify the reasons behind the shorter and longer stays for asthma patients is warranted.

Keywords: asthma; length of stay; machine-learning; prediction

1. Introduction

Asthma is a common long-term condition due to abnormal airway functionality with
airflow limitations and wide variations during a short time [1]. Those symptoms are
generally intermittent and reversible with proper treatment [2]. Globally, asthma affects
around 339 million people and causes about 455,000 deaths [3,4]. Furthermore, 100 million
people are expected to be affected by asthma by 2025 [4]. Asthma affects children and adults
but often starts in childhood [5]. While many studies have been conducted to manage
childhood asthma [6–9] and adult asthma [10], limited research has explored how LOS
may impact asthma treatment and outcomes. The study [11] found that hospitalisation due
to COVID-19 has increased among children (5–17 years) with poorly controlled asthma
compared to children with well-controlled or without asthma in Scotland. This highlights
the risk that asthma patients have in their lives. It emphasises that this respiratory condition
requires regular medical treatments and proper management because the disease’s severity
varies with other factors, including environmental and meteorological conditions [12–14],
workplace conditions, and severe adverse life events [15]. If asthma is not adequately
managed, it can lead to sudden exacerbations needing emergency health care and hospital
admission for treatment and monitoring [12]. Therefore, asthma patients are at a high risk
of needing medical care, which could be prolonged and costly to the health system.
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The highest prevalence of asthma in adults is seen in the Western Pacific region [16].
New Zealand (NZ) is one of the countries with the highest prevalence of asthma, where
more than 597,000 people are on medical treatment for asthma [17]. Asthma is a common
reason why children get admitted to hospitals in NZ [18]. According to NZ health sur-
veys, one in every seven children (13%) and one in every eight adults (12%) take medical
treatments for asthma [19]. By comparing the characteristics of patients admitted with
critical asthma syndrome (CAS) to intensive care units (ICUs) in the USA, Australia, and
NZ (ANZ), ANZ patients made up a more significant percentage of ICU patients and
had more prolonged ICU and hospital stays [20]. Therefore, asthma is a more prevalent
health condition in NZ than in other countries, with a high impact on quality of life and a
significant burden on health service providers.

Severe asthma symptoms could cause asthma exacerbations and result in hospital
admission. When patients get admitted to the hospital, they may require a more extended
stay in the hospital for treatment. Length of Stay (LOS) can be expressed as the number of
days that patients stay in hospital, i.e., the duration of a patient’s stay, starting from the date
of admission to the date of discharge. Predicting LOS is helpful for hospitals to determine
the utilisation and management of available resources while providing required medical
treatments to patients. LOS also reflects the complexity of patient status and hospital
care efficiency [21]. Furthermore, hospital stays incur a considerable cost, impacting the
economy to the extent of increased unpaid bills and bankruptcy rates [22]. According
to a study, direct cost estimation of $103 m and $62 m has been made for paediatric
asthma-related hospital admissions and prescriptions in NZ, respectively, for the period
2010–2019 [23]. The estimated total cost for ED and OP visits in NZ in 2020 is nearly
$163 m [24]. Moreover, patient transportation during medical emergencies may cost
healthcare providers and patients, which could be avoided if asthma hospitalisations and
transfers were minimised [25]. Therefore, recognising the critical predictors of asthma LOS
and the early prediction of LOS can lead to saving money for a country via the effective
management of resources in hospitals.

This study aims to explore regional-level NZ asthma admissions using statistical
approaches to identify the importance of factors related to asthma LOS. Furthermore, we
aim to use machine learning models to predict LOS. In summary, the contributions of this
work are as outlined:

• Preprocessing data: We performed different preprocessing techniques on the raw
data before data analysis. Missing values and outliers are commonly available in real
datasets. Therefore, preprocessing eliminated the missing values manually identified
and used z-score to handle outliers. We grouped some feature values into major
categories and excluded minor categories. Before feeding data into machine learning
models, we encoded the categorical values using one-hot encoding technique or a
manual mapping code. We scaled the numerical values via standardisation.

• Data analysis: It was essential to find the association between different factors with
asthma LOS. First, we grouped LOS into stay and no stay. To identify the importance
of factors associated with the asthma LOS group, we performed correlation analyses
using chi-square and ANOVA tests on categorical and numerical features, respectively.
Also, we performed bivariate and multivariate analyses to explore the association of
features with the LOS group.

• Feature extraction: Initially, there were 13 variables, including LOS. We derived new
features from existing date variables, adding more information to the dataset. Some
variables with feature descriptions and dates were removed, which had no extra
computational contribution. As a result, we ended up with a total of 9 variables.

• Developing a methodology: For predicting asthma LOS using machine learning
algorithms, we extracted instances with LOS in the range of 1 to 14 days and then split
them into training and test sets. Different machine learning models were developed
and validated using 5-fold cross-validation. Initially, we developed baseline models
and, as the next step, applied the grid search technique to tune hyperparameters
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which could optimise model performance. After identifying the best performing
hyperparameter values, we redeveloped a model with the best set of hyperparameters
and retrained the model using the whole training set. Finally, these models were tested
on the test data.

• Performance Evaluation: To understand and compare the model performance, we
evaluated the models on the test data using a few evaluation metrics, RMSE, MSE
and MAE, which are error terms commonly used to evaluate regression models. We
selected the model having minimum error values as the best model.

• Future Direction: Following all the stages above, we highlight several key points as
the future direction towards asthma LOS predictions.

The remaining part of the paper has the following sections: Section 2 presents the
related work to this study. Section 3 covers the methodology for analysing asthma-related
admission data and predicting LOS using machine learning. Section 4 presents the analysis
results and machine learning models’ performance. In Section 5, we discuss the results
obtained. Finally, in Section 6, we conclude and propose some future perspectives.

2. Related Work

Research has been conducted internationally to identify the key determinants in
predicting LOS for paediatric asthma hospitalisations using socio-demographic, temporal,
and diagnostic factors [26,27], all of which have statistically significant associations with
LOS [26]. They have found age, gender, and day of the week as important predictors [26,27].
Additionally, respiratory-related secondary diagnoses, year of admission [26], obstructive
sleep apnoea, complex chronic conditions, and season (winter) [27] have been reported as
the key predictors of asthma LOS. Another study examined the association of ambient air
pollution on the LOS of children (aged 5–18 years old) with asthma in South Texas and
found that ozone levels and PM2.5 significantly correlate with LOS [28].

Data from previous paediatric asthma research in NZ show that Māori children
are more likely to experience asthma hospitalisations compared to non-Māori children
(7.2/1000 versus 3.5/1000, p < 0.001), and a higher percentage of Māori children are
readmitted to hospitals within three months of their first admission (18% versus 14%,
p < 0.001) [23]. This shows that there is an apparent ethnicity disparity in terms of asthma
hospitalisations. Thus, it is essential to investigate the association between ethnicity and
asthma LOS. A model that accurately predicts LOS at the time of admission of an asthma
patient could be beneficial for healthcare practitioners. This could enable the effective
and efficient utilisation of human and other resources available. Previous research has
considered this a regression problem and developed multiple linear regression (MLR), SVM,
random forest, and gradient boosting Models to predict LOS for other long-term health
conditions. One study [29] used an open-source Microsoft dataset for predicting LOS, and
gradient boosting outperformed other models, with a mean absolute error of 0.44, compared
to MLR, SVM, and random forest. However, it is unclear for which disease they have built
LOS prediction models. A group of researchers has applied a regression tree (Cubist) model
for predicting the LOS of patients diagnosed with congestive heart failure [30]. Another
study [31] has developed artificial neural network and logistic regression models with more
than 88% accuracy for coronary atherosclerosis (CAS) patients in the cardiovascular unit.
Apart from regression models, LOS classification has been performed with three classes for
a population in a general surgery department in Iran [32]. They used k-nearest neighbours
(KNN), naïve Bayes, and Decision Tree (DT) machine learning algorithms to predict LOS
and concluded that DT performs well with 85% accuracy. The study [33] followed binary
classification in predicting LOS in two classes; short LOS and prolonged LOS following
colorectal cancer resection. They used the median of LOS (9 days) to separate the records
into two LOS groups. In predicting the LOS group, the study [33] obtained an area under
the receiver operating curve (AUROC) of 0.82 for both SVM and logistic regression models.
This kind of LOS classification could be helpful for clinicians in identifying patients at a
high risk of prolonged stays. To predict whether a patient in the intensive care unit (ICU)
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can be discharged within 10 days, the study [34] developed a real-time learning one-class
classification framework using extreme learning machines (ELM). They chose the value of
10 because it was the dataset’s median and geometric mean. However, when selecting the
mean value of the dataset to separate the numeric LOS, it needs to be more specific because
it solely depends on the dataset. Instead, researchers could ask for support from medical
staff to decide on the appropriate value. Whilst there has been prior research to predict
LOS for other medical conditions, to our knowledge, machine learning has not yet been
applied to predict asthma LOS with a real dataset.

3. Materials and Methods
3.1. Data Source

The data used in this study is an Auckland region-wide asthma-related admission
dataset collected from the Auckland District Health Board in NZ from 1 January 2017 to 1
January 2021. Patients admitted for asthma to any of four Auckland regional DHBs were
included for analysis. Eligible patients admitted to the hospital with asthma were identified
based on the International Classification of Disease (ICD-10AM) diagnostic codes relating
to asthma Table 1.

Table 1. Diagnostic codes and descriptions.

ICD-10AM Diagnostic Code Description

J450 Predominantly allergic asthma
J451 Nonallergic asthma
J458 Mixed asthma
J459 Asthma, unspecified
J46 Status asthmaticus
R05 Cough
R060 Dyspnoea
R061 Stridor
R062 Wheezing

The dataset comprised 11,414 anonymised records of children (<18 years) and adults
with asthma. Admission data were recorded from the four District Health Boards (DHBs)
in the Auckland region in NZ (including Northland). Admission data included the socio-
demographic and diagnostic variables of the patients.

3.2. Data Pre-Processing

The dataset was cleaned and preprocessed before analysing and developing machine
learning models. Only a few missing values were present in the dataset and were directly
removed. A few columns with dates and descriptions were removed as they did not add
any extra information to the dataset. The dependent variable had outliers; therefore, those
were removed using z-score values. Records having z-scores greater than 3 were identified
as outliers and removed from the dataset. After handling missing values and outliers,
the dataset remained with 11,348 records. Figure 1 shows the activity diagram for the
methodology followed in data analysis and machine learning model development.
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3.3. Modifying and Deriving Features

The dataset had hospital admissions data from Auckland, Waitemata, Counties
Manukau, and Northland DHBs. Additionally, some other features were derived from the
existing features. Each admission was comprised of the admission date and the discharge
date. The admitted month was extracted from the admit date as a new temporal feature to
explore the pattern of asthma admissions relating to the month of admission, as seasonality
is known to affect asthma symptom control [35]. Ethnicity is self-identified and is registered
at each health interaction rather than being a classification that remains unchanged over
time [36]. Where an individual identifies as more than one ethnicity, prioritised ethnicity is
used; that is, individuals are classified into one ethnic group in the following order: Māori,
Pacific Peoples, Asian, MELAA, Other, and European [37]. Due to the high variability in
ethnicity, prioritised ethnicity values were grouped into the 6 major categories of ethnicities
in NZ based on NZ Statistics level 2 categories. Accordingly, the major ethnicities used to
analyse the dataset were European, Pacific peoples, Asian, Māori, Middle Eastern/Latin
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American/African (MELAA), and Other ethnicity. Categorical features with binary values,
gender and smoker status, were encoded to binary values (0 and 1) to represent them in a
numeric form.

3.4. Grouping LOS

LOS is a continuous variable having an extensive range of values. Therefore, to analyse
the data, LOS was labelled into two groups (binary classification), “Stay” (group 1) and “No
stay” (group 0). When LOS > 0, they were labelled as “Stay” and denoted by 1. Admissions
with LOS = 0 were labelled as “No stay” and represented by 0. Accordingly, groups “Stay”
and “No stay” had 6559 and 4789 records, respectively.

3.5. Exploring Feature Set and Development of Machine Learning Models

First, a descriptive analysis was performed to observe the characteristics of individual
features related to asthma admissions. Then, bivariate and multivariate analyses were
conducted to explore the relationship among different features. To understand the corre-
lation between the features and the target variable, LOS group correlation analysis was
performed to investigate the p-value for each feature. Since there are categorical and nu-
merical features, the chi-square test was used to find the relationship between categorical
features and the LOS group target variable. The ANOVA [38] test was performed to see
the correlation between age and the LOS group. As a result, we found that all the features
except admit month were correlated with the LOS group. However, admit month was not
removed from the current work to retain the seasonality factor in the dataset.

After performing the analysis, different machine learning models were developed to
predict asthma LOS. For this, we used only the LOS records between 1 and 14, including
boundaries, as there were a minimal number of records with higher LOS values which was
not suitable for training the machine learning models. Before the models were developed,
categorical features were converted to numerical features. Accordingly, multi-categorical
features, admit day of the week, diagnostic code, admit month, DHB group and ethnicity
group, were encoded using the one-hot encoder approach since binary features had already
been converted previously in the analysis stage. This encoding technique creates separate
binary-valued variables to represent each category of a variable. For example, seven new
binary variables were generated after one-hot encoding for admit day of the week to
replace the original variable. Since age had continuous values, this was standardised before
applying to the machine learning models.

The dataset was split into training and test sets of 70% and 30%, respectively. The ma-
chine learning models developed were SVM, random forest (RF), and KNN. The boosting
algorithm, Extreme Gradient Boosting (XGBoost), was used to build the machine learn-
ing models. These machine learning models were developed using the training set, and
hyperparameter tuning was conducted using the GridSearchCV technique with 5-fold
cross-validation. Commonly for tree-based models, hyperparameters such as number of
estimators (trees) and number of features were tuned. Additionally, min_samples_leaf
and min_samples_split were tuned for RF, while learning rate, sample size and maxi-
mum depth of trees were tuned for XGBoost. For SVM, gamma, kernel, degree, and C
(penalty for misclassifying a data point) were tuned, while hyperparameters tuned for
KNN were algorithm to compute the nearest neighbour, number of neighbours, and power
parameter, for distance calculation and weights. The models with the optimal parameters
were then trained and evaluated using a test set. Root mean squared error (RMSE), mean
absolute error (MAE) and mean squared error (MSE) were used to evaluate the model
performance. Analysis and machine learning model development were performed us-
ing Python 3.8 programming language in Jupyter notebook using the library packages,
including matplotlib and scikit-learn. All executions were conducted on a personal com-
puter with 16 GB RAM, an Intel core i5 processor, and a CPU of 1.60 GHz. The code
to implement data preprocessing and develop machine learning models is available at
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https://github.com/DarshaWK/Predict-asthma-LOS-using-ML (accessed on 17 Septem-
ber 2022).

4. Results
4.1. Characteristics of Asthma Admission Data

The age of the patients ranged from 0 to 101 years, with a mean age of around 30 years.
A considerable number of admissions were from children younger than 5 years old. Gender
representation of females (49.2%) and males (50.8%) were roughly equivalent. Less than
10% were smokers. Most asthma admissions were European (35.68%) and Pacific (23.0%).
Asians and Māori made up 21.8% and 15.8% of asthma-related admissions, respectively,
whilst MELAA and other ethnicities made up the remaining 3.7%.

A third of patients (33.1% and 29.3%) were identified with unspecified asthma and
wheezing diagnostic codes, respectively. May to August (winter season) had a higher num-
ber of asthma admissions during the year, while January and December (summer) showed
the least number of admissions, with monthly proportions >9% and <7%, respectively.
Figure 2 shows the yearly trend in asthma admissions. There were 2771 admissions in 2017,
which increased to 2962 in 2018. In 2020, the number of admissions had reduced by 263
compared to 2019. One possible reason for this drop could be lockdowns and public health
practices, such as mask-wearing, imposed by health practitioners to avoid COVID-19. This
may have safeguarded asthma patients from getting exposed to asthma triggers.
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Concerning the distribution of LOS, most LOS were of short duration. After handling
the outliers using the z-score values, LOS had a mean of 2.28 days and a standard deviation
of 4.97 days. Minimum and maximum LOS were 0 and 45 days. The total number of
instances in the dataset was reduced to 10,833. Asthma admissions were higher on Mondays
(16.5%) and Tuesdays (15.9%) and lowest on Saturdays (11.2%).

The distribution of different features under each of the LOS groups is demonstrated
in Figure 3. The y-axes of the graphs represent the number of admissions/count, while
the x-axes have different values for each feature. A dual colour code (orange and blue)
has been used to differentiate the LOS groups (stay (1) and no stay (0)). Mondays and
Tuesdays have the highest admissions for LOS group 1, while Mondays and Fridays have
the highest for LOS group 0. Each day had a greater proportion of admissions for patients
whose LOS was more than 1 day compared to no stays. Over 60% of females stay more
than 1 day when admitted, compared to around 55% of males. A greater proportion of
smokers remain for more than 1 day (66.3%) compared to non-smokers (56.9%). More than
half of the patients admitted with unspecified asthma, dyspnoea, cough, and stridor have a
LOS > 1 day with the proportions of 64.2%, 58.5%, 59.9%, and 81%, respectively. But for
patients with admitted diagnoses of wheezing and allergic asthma, the majority have a

https://github.com/DarshaWK/Predict-asthma-LOS-using-ML
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LOS < 1 day. During the year, compared to no-stay groups, each month has more asthma
admissions with a LOS > 1 day rather than 0 days. Among the major ethnicity groups, 60%
of Europeans, 58.9% of Pacific peoples, 53.5% of Asians, and 59.6% of Māori stay more than
1 day after admission. Nearly half of the MELAA and Other ethnicity groups stay for more
than 1 day.
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As seen in Figure 4, most children under 10 years of age do not have a prolonged LOS
in the hospital. However, as age increases, the number of patients who stayed more than
1 day exceeds the no-stay group. Most patients older than 68 years have a longer LOS, with
a small proportion being discharged on the same day of admission. Asthma admissions in
the Auckland DHB are significantly higher than in other DHBs.
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4.2. Association of Features with LOS

This study observed several key features concerning asthma admission in NZ. Admis-
sion rates for children aged 0–5 years were significantly higher than for other ages. Figure 5
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illustrates the LOS concerning age for males and females. One important observation is
that very few males aged between 20 and 50 years stayed more than 20 days in hospitals
compared to females. But like females, many males over 50 years had a LOS greater than
20 days. The average value of LOS is 2.3 days for the whole population, equal to the
average LOS for asthma patients in 2018, as reported in a previous study [2].
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The central tendency of LOS against ethnic groups is illustrated in Figure 6 based on
gender. The average LOS for females was higher than for males in most ethnic groups,
including Europeans, Pacific peoples, Māori, and Other ethnicity. For all the ethnic groups,
the mean LOS for females was 1.5 days or more. The Other ethnicity group had the lowest
mean LOS values for female and male patients. Among all the ethnicity groups, Māori had
the highest mean LOS at nearly 2.8 days (95% CI) for females and European at 2.6 days
(95% CI) for males. Table A1 shows the p-values of correlation between the feature set and
the LOS group, which were calculated from the correlation finding tests.
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4.3. Development of Machine Learning Models

Several machine learning models were developed to predict the LOS using the asthma
admission dataset with 5862 instances and with the LOS ranging from 1 to 14 days. As LOS
is a continuous variable, machine learning regressors were developed to predict the LOS
of asthma patients. Table 2 shows the performance of the models based on the evaluation
metrics RMSE, MAE and MSE. As all these are error values, the models with lower error
values perform better. The random forest model predictions made for the first 500 instances
of the test data are plotted in Figure 7. Predicted LOS values ranged from 1 to 6 days,
with a mean of 2.6 days and a standard deviation of 1.0 days. Figure 8 demonstrates the
mean predicted LOS among the different values of the features in the test data, with the
error bars showing the standard deviation. Almost all feature values had a mean predicted
LOS between 2 and 3 days, except the diagnostic codes R062 and R05, which had a mean
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predicted LOS of around 1.5 and 4 days, respectively. According to our test dataset, there
was nearly a 0.5-day gap in the predicted LOS among gender and smoker status differences.
However, there were fluctuations among admitted weekday, diagnostic code, admit month
and ethnicity. Wednesday to Friday had comparatively higher mean predicted LOS values.
February and November had the least mean predicted LOS, while June, August, and
September had relatively higher values. The mean predicted LOS for Europeans was nearly
3 days, and for Māori, it was above 2.5 days. Significantly, the Other ethnicity group had a
larger standard deviation which needs to be further analysed, only considering minority
groups.

Table 2. Performance of the machine learning models in predicting LOS.

Model RMSE 1 MAE 2 MSE 3

SVM 2.65 1.50 7.03
Random Forest 2.48 1.67 6.15

KNN 3.08 1.58 9.46
XGBoost 2.50 1.67 6.26

1 RMSE—Root Mean Squared Error. 2 MAE—Mean Absolute Error. 3 MSE—Mean Squared Error.
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5. Discussion

This study explored predictors of LOS for asthma-related hospital admissions for
children and adults in NZ. Our study found several predictors that increase LOS: gender,
ethnicity, smoking status, day of the week of admission, month of admission, and presenting
diagnosis.

Most of the admissions were recorded from children rather than adults, which is
expected since asthma is predominantly a childhood medical problem. However, another
study observed that most older adults have a higher LOS than younger adults [26]. Research
from [10] suggested that extra attention should be paid to adult asthma patients. Asthma
LOS had a clear association with the day of the week. Several studies [39,40] have found
that Mondays are associated with the highest asthma-related admission rates compared to
weekends, which is consistent with our findings. One of the main reasons for this could
be that air pollution peaks during weekdays due to more vehicle movements, factory
operations, and other factors, while the opposite may be true on weekends [41]. Even
indoor air pollution in urban schools due to PM2.5 and PM10 will cause respiratory disorders
among children, leading to more hospital admissions on weekdays [42]. Another reason
could be that asthma patients are busy or out during weekends and wait until Monday to
meet with their general physician or go to the hospital, as they try to manage themselves
over the weekends.

We observed ‘unspecified asthma’ (J459) as the most common diagnostic code in
asthma-related admissions, similar to the findings of a past study [23]. However, the
previous study [23] was on children (0–14 years) in NZ. It did not include wheezing (R062)
as an inclusion criterion for asthma-related admissions, which was our study’s second
most common diagnosis. Our study included a broad range of diagnostic codes to identify
people with asthma; however, due to the broad inclusion criteria, it is possible that people
admitted for non-asthma-related diagnoses were included. We decided to use broad criteria
as we wanted our LOS prediction model to be more sensitive than just specifically for
asthma, allowing triage at the point of asthma-related presentations to the hospital.

Many studies have reported that asthma is affected by environmental and meteoro-
logical factors [12,13,43]. These factors change within the seasons of the year. We found
that seasonality greatly affected asthma-related admissions, with higher admissions in the
winter (June to August) and fewer admissions during Summer. These findings are essential
to help health workforce resourcing and planning to meet predicted hospital demand. A
previous study [23] showed that Māori children were hospitalised with asthma at higher
rates than non-Māori. Our study found that Māori females have the highest average LOS,
potentially reflecting a greater difficulty with asthma management. This could be due to
delays in seeking healthcare or treatment due to financial or logistical barriers, a reluctance
to proceed with multiple treatment adjustments, and/or a lack of rapport with healthcare
providers [44]. Unfortunately, we did not have access to asthma severity or symptom data
that may explain the variations seen in the LOS. The higher admission rate for Pacific
peoples reported in previous studies is consistent with the results of our study [17]. Also,
the average LOS (2.3 days) we found for the asthma-related admissions is comparable with
the result (1.9 days) of a previous study [27]. More research on minority ethnic groups and
access to the severity and symptom data would be helpful for further comparisons.

Here, predicting the LOS was considered a regression problem. This could be ex-
tended for multiclass classification to make the prediction more informative for health care
providers with more variables and examples. Predicting the LOS of an asthma patient
enables healthcare teams to take immediate appropriate clinical actions with patients. Also,
before analysing and developing the machine learning models, a few age groups could
be defined beforehand without considering this as a continuous value. Furthermore, in
addition to these features, future research could be carried out to find other factors such
as deprivation quintile, domicile, and their association with the current factors, which
would be relevant in predicting LOS for asthma patients, providing further information for
hospital staff to better manage and allocate available health resources.
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In predicting LOS using machine learning models, the random forest algorithms
performed better with an RMSE of 2.48 and MSE of 6.15. The predictions of the random
forest model had a mean LOS of 2.6 days with a standard deviation of 1.0, which is
acceptable. XGBoost also performed well, giving an RMSE of 2.50 and MSE of 6.26. Both
algorithms showed identical values for the performance metric MAE as 1.67. However,
SVM had the lowest MAE of 1.50. Although KNN was the least performing algorithm, it
gave an RMSE of 3.08, MAE of 1.58 and MSE of 9.46, which are acceptable. This implies
that machine learning could predict asthma LOS more accurately using demographic,
socioeconomic, and temporal factors. These factors could be applied to clinical practice
in real-time to help triage patients—for example, awareness that LOS could be higher for
specific demographic groups at certain times of the year. Whether this translates to cost
savings will need further investigation. However, the models need to be improved to make
them more applicable in clinical practice. For example, this could be considered a multiclass
classification problem by grouping LOS into meaningful groups with knowledge from
asthma experts. Furthermore, more robust machine learning models such as artificial neural
networks and deep learning algorithms could be applied to predict LOS, which has shown
better performance in medical prediction and recommendation systems [9,12,13,45–49].

6. Conclusions and Future Direction

Asthma is a respiratory disease that is a significant public health concern. We analysed
a real-world asthma-related dataset in NZ to explore the characteristics and build several
machine learning models to predict LOS. Our results found that demographic, diagnosis
and temporal factors are highly associated with asthma LOS. It was found that the highest
average LOS was for Māori females. This emphasises that special attention could be
separately given to the Māori community, the indigenous population in NZ, to explore any
unique factors related to asthma LOS. Overall, asthma LOS prediction should be improved
using more robust algorithms applied in real environments.

Accordingly, future research could investigate the admissions of other minority ethnic
groups and other DHBs separately. Also, corresponding environmental, meteorological,
and socioeconomic data could be combined with this real-world dataset to explore the
impact of those new factors in predicting asthma LOS. In addition, past data on the previous
hospital stays of asthma patients could be included as a factor, as well as data on asthma
severity and control. Further, machine learning models could be built to classify multiple
asthma-related LOS groups and identify the factors affecting LOS for asthma-related
admissions. Moreover, future work could be carried out to explore the reasons behind the
shorter and longer hospital stays.
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Appendix A

Table A1. Correlation of features and LOS group.

Feature p-Value (95% CI)

Admit Day of Week <0.05
Gender <0.05

Smoker Status <0.05
Diagnostic Code <0.05

Admit Month 0.969
Ethnicity Group <0.05

DHB Group <0.05
Age <0.05
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