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ABSTRACT
Objective:  The objective of this study was to determine the extent of machine learning 
(ML) application in asthma research and to identify research gaps while mapping the existing 
literature.
Data Sources:  We conducted a scoping review. PubMed, ProQuest, and Embase Scopus 
databases were searched with an end date of September 18, 2020.
Study Selection:  DistillerSR was used for data management. Inclusion criteria were an 
asthma focus, human participants, ML techniques, and written in English. Exclusion criteria 
were abstract only, simulation-based, not human based, or were reviews or commentaries. 
Descriptive statistics were presented.
Results:  A total of 6,317 potential articles were found. After removing duplicates, and 
reviewing the titles and abstracts, 102 articles were included for the full text analysis. Asthma 
episode prediction (24.5%), asthma phenotype classification (16.7%), and genetic profiling 
of asthma (12.7%) were the top three study topics. Cohort (52.9%), cross-sectional (20.6%), 
and case-control studies (11.8%) were the study designs most frequently used. Regarding 
the ML techniques, 34.3% of the studies used more than one technique. Neural networks, 
clustering, and random forests were the most common ML techniques used where they 
were used in 20.6%, 18.6%, and 17.6% of studies, respectively. Very few studies considered 
location of residence (i.e. urban or rural status).
Conclusions: The use of ML in asthma studies has been increasing with most of this focused 
on the three major topics (>50%). Future research using ML could focus on gaps such as 
a broader range of study topics and focus on its use in additional populations (e.g. location 
of residence).

Introduction

Asthma is a chronic health condition affecting all age 
groups globally. It is a heterogenous inflammatory 
disease of the lung characterized by variable symptoms 
such as cough, wheeze, shortness of breath, chest 
tightness, and variable airflow limitation (1). 
Worldwide, more than 262 million people suffered 
from asthma in 2019 with 461,000 people dying due 
to asthma (2). Asthma is a multifactorial disease. 
Many studies have been conducted to assess the risk 
factors, natural history, severity, underlying biology, 
and treatment of the disease (3–6).

Despite all these data, the goal of achieving asthma 
prevention remains elusive. Many environmental and 
genetic factors have been identified which contribute 
to the onset of asthma but the exact causal mecha-
nisms are not fully understood (3–7). Part of the 
reason could be the complexity of asthma. It is com-
monly believed that many environmental factors, 
genes, and interactions including gene*gene and 
gene*environment interactions play an important role 
in the etiology of the diseases. Highly dimensional 
data is difficult to comprehend by humans, which 
may lead to difficulties in assessing patterns or poor 
decisions (8,9). To better understand this condition, 
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it may be beneficial to use novel technologies and 
techniques.

Machine learning is a relatively new method of 
data analysis. It is an area of artificial intelligence 
suited to recognizing patterns in large datasets (10). 
The focus of conventional statistical analysis is to 
explain data using human expertise to formulate and 
discover cause-effect relationships driven by a set of 
pre-determined assumptions. There could be human 
error in this approach. In contrast, machine learning 
(ML) is focused on data and hypothesis generation 
by building predictive models using algorithms (11). 
Use of machine learning allows for higher order inter-
action analysis (12).

Given the complexity of asthma, machine leaning 
could be a useful approach to understand asthma. We 
know that machine learning techniques have been 
successfully applied to a variety of studies such as 
those investigating asthma phenotypes (13,14), wheeze 
exacerbation trajectories (15), asthma prediction 
(16,17), asthma diagnosis (18), asthma hospitalization 
(19,20), asthma control (21,22), and asthma severity 
(23). However, we do not know the extent to which 
ML has been used in asthma research. We also do 
not know which areas of asthma research would ben-
efit most from machine learning techniques. A better 
understanding of what ML approaches have been used 
in asthma is needed if we hope to improve asthma 
understanding and management. Scoping reviews are 
an important method to help map existing literature 
and detect research gaps (24). The objective of our 
current review was to examine the nature of ML activ-
ity related to asthma research and identify gaps in 
the existing literature.

Methods

The methodology of this study used the framework 
developed by Arksey and O’Malley (24), which out-
lines the work into six stages: (1) identifying the 
research question; (2) identifying relevant studies; (3) 
study selection; (4) charting the data; (5) collating, 
summarizing, and reporting the results; and (6) con-
sultation. In addition, the PRISMA checklist that 
included an extension for scoping reviews (25) was 
followed.

Our first step was to identify the research question. 
We followed the suggestion by Daudt et  al., 2013 
which states that “Scoping studies aim to map the 
literature on a particular topic or research area and 
provide an opportunity to identify key concepts; gaps 
in the research; and types and sources of evidence to 
inform practice, policymaking, and research” (26). 

Following this principle, our review was guided by 
the following questions:

What are the most common study areas of asthma 
research where machine learning is used?In which 
groups (e.g., population, locations) are machine learn-
ing methods most commonly used in asthma 
research?Which machine learning methods are most 
commonly used in asthma research?In what ways can 
machine learning be used in asthma studies to aid in 
identifying etiology and clinical practice?

We performed a comprehensive literature search 
between December 2019 and February 2020 using 
three electronic databases: PubMed, ProQuest, and 
Embase Scopus databases. We searched again in 
September 2020 to obtain more recent publications. 
We considered all literature from the databases until 
September 2020. PubMed covers the area of medicine, 
nursing, health care systems, preclinical sciences, and 
biomedical and life sciences. ProQuest covers the area 
of public health information and research. Embase 
covers a wide range of core and niche scientific, med-
ical, and healthcare disciplines. Keywords such as 
‘asthma’, ‘wheeze’, ‘machine learning’, ‘human’, ‘cluster’, 
‘hierarchical’, ‘artificial intelligence’, ‘naive Bayes’, ‘k 
nearest neighbor’, ‘k means clustering’, ‘decision tree’, 
‘support vector machine’, ‘principal component anal-
ysis’, ‘hidden Markov model’, ‘Bayesian network’, ‘ran-
dom forest’, ‘gradient boosting model’, ‘regression’, 
‘artificial neural network’, and ‘deep learning’ were 
used to search for literature in all three databases. All 
citations were imported into Mendeley reference man-
ager to create a single Research Information Systems 
(RIS) file. The RIS file was then imported into the 
Web-based systematic review software DistillerSR 
(Evidence Partners, Ottawa, ON) to remove duplicates 
and help screen titles and abstracts.

Eligible studies were included if they described any 
use of machine learning techniques in relation to 
asthma. We determined any study as machine learning 
if the study explicitly mentioned machine learning 
algorithms or any techniques mentioned above as 
supervised or unsupervised. Inclusion criteria were 
an asthma focus, human participants, and use of 
machine learning methods in the analysis. Studies 
were excluded if they were published in any language 
other than English, did not include humans, included 
only an abstract, were simulation or data mining 
based, or were reviews or commentaries.

After completing the screening of titles and 
abstracts, full text articles of all citations considered 
relevant for the full text review were extracted and 
imported to Mendeley for an in-depth review. Studies 
were excluded in this phase if they did not meet the 
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inclusion criteria. The data were compiled and 
imported into Microsoft Excel for validation 
and coding.

For each paper, the following information was 
recorded: location/country where the study was con-
ducted, year of publication, publication type (journal/
conference), study topic, study design, machine learn-
ing methods used in the study, sample size, study 
population (children/adolescents/adults), and location 
of residence (urban/rural).

Operational definitions

We grouped the studies by their clinical research 
focus. Groupings are described below.

Asthma phenotype
Asthma phenotypes are the identifiable clusters of 
demographic, clinical and/or pathophysiological char-
acteristics (7,27,28). Asthma phenotypes include clin-
ical, molecular, and atopy phenotype.

Asthma episode prediction
Asthma episodes are the acute conditions of worsen-
ing of symptoms. It could be the initial presentation 
of asthma in some cases (1). For our purposes, this 
category includes wheeze, shortness of breath, chest 
tightness and cough, variable expiratory airflow lim-
itation, prediction of exacerbation, hospitalization, and 
emergency department visits.

Asthma diagnosis prediction
Diagnosis of asthma is based on identifying a char-
acteristic pattern of respiratory symptoms (i.e. wheez-
ing, shortness of breath, chest tightness or cough) and 
variable expiratory airflow limitation (29). This cate-
gory includes studies describing the diagnostic value 
of spirometry and impulse oscillometry, diagnostic 
support for pulmonary diseases, and assessment of 
key factors in asthma diagnosis.

Allergic sensitization
Allergic sensitization is a process by which the body’s 
immune system develops an abnormal reaction (i.e. 
producing an antibody) to an allergen (i.e. certain 
foods, pollen, mold, or medications) (30). Depending 
on the individual, allergic sensitization response can 
range from minor to potentially life-threatening. This 
category includes studies focused on allergic sensiti-
zation, allergen, atopic endotype, and determinants of 
allergic rhinitis among children with asthma.

Cough sound
Cough sounds are coughing sounds from patients with 
and without pathological respiratory conditions (31). 
This category includes studies looking at the devel-
opment and analysis of algorithms analyzing coughing 
sounds, respiratory sounds, and breath sounds.

Genetic profile of asthma
This category includes studies related to genetic pro-
files of asthma patients. These include genetic profiles 
related to phenotype, genetic factors, gene-environment 
interaction, genome-by-environment, fetal lung tran-
scriptomes, and vitamin-D related genes.

Metabolomics
This category includes studies related to asthma and 
–omics, specifically metabolites. These include urine 
metabolomics, metabolomic prediction of asthma, 
exhaled breath condensate metabolome clusters, and 
metabolomics of asthma control.

Miscellaneous
We categorized a study as miscellaneous if any one 
of the following topics were the focus of a study: 
asthma and absenteeism, mixed longitudinal outcomes 
related to the asthma state, neonatal lung function, 
developmental profiles, text-based asthma status based 
on mobile phone technology, plasma biomarkers, 
data-driven order set generation, airway obstruction, 
exhaled biomarkers for asthma, bronchodilator 
response, exhaled air temperature, infant wheeze, and 
computer-based assessment of asthma strategies. There 
was only one study conducted for each of these topics.

Machine learning techniques used

We also grouped the studies by their machine learning 
approach. The types of machine learning we looked 
at were clustering, Bayesian network, random forest, 
neural network, regression, support vector machine, 
decision tree, hidden Markov model, and gradient 
boosting model. Specific details of each technique are 
listed in Appendix B. In addition, we classified the 
study as using one vs. multiple machine learning types.

Analysis

We completed a number of descriptive analyses. 
Initially, we looked at frequencies of studies per year 
(1993–2020), study designs, study topics, and machine 
learning techniques. Subsequently, we looked at 
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various cross-tabulations between these variables. 
Simple descriptive statistics such as frequencies and 
graphs were created in Excel and SPSS.

Results

The study inclusion flow chart is located in Figure 1. 
A total of 6,317 articles were found and imported into 
the citation managing software DistillerSR. After 
removing 908 duplicates, 5,409 articles were included 
for title and abstract review. From this, 280 articles 
were considered for full text review. Articles related 
to simulation, non-human study, and abstracts only 
were excluded (n = 178) from the study. Finally, 102 
articles were included for the full text review. The 
data charting of the articles including location/country, 
year of publication, study topic, design, M/L method, 
sample size, study population, and location of resi-
dence are presented in the Supplemental Table 1.

Based on our review, we found there was no asthma 
related study using machine learning before 1993. In 
1993, artificial neural networks were first used to assess 
the relationship between pulmonary function of children 
with asthma and air pollution (32). However, since 2000, 
the use of machine learning has increased over time in 

asthma related studies, reaching its peak in 2017–2020 
(Figure 2). Forty-one percent of studies used a small 
sample size of fewer than 300 people.

There was wide variability in the study topics inves-
tigated. The three topics most commonly considered 
were asthma episode prediction, asthma phenotyping, 
and genetic profile of asthma (Figure 3). The most 
frequently used study designs were cohort (n = 54), 
cross-sectional (n = 21), and case-control (n = 12) 
(Figure 4). Machine learning was used in randomized 
controlled trial/experimental, time series, case study, 
aggregate panel, prospective panel, or retrospective 
chart studies very rarely (Figure 4).

Most of the studies related to asthma episode pre-
diction used a cohort design while a smaller portion 
used a cross-sectional design (Table 1). The majority 
of studies related to asthma phenotyping used a 
cohort and cross-sectional design, while fewer studies 
used a case-control or randomized controlled trial 
design (Table 1). Finally, most of the studies related 
to genetic profiles of asthma used a case-control or 
randomized controlled trial design, while only a few 
used a cohort or cross-sectional study design (Table 1).

With regard to the type of machine learning tech-
niques used, most of the studies used a single machine 

Figure 1. F low chart of the study selection procedure.

https://doi.org/10.1080/02770903.2022.2043364
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learning method (n = 67). The top three machine learning 
techniques were neural networks, clustering, and random 
forests (Figure 5). Among the studies looking at asthma 
episode prediction, the top three machine learning tech-
niques were decision tree, naïve Bayes, and support vector 
machine. Among those studies looking at asthma phe-
notype, the top three machine learning techniques were 
clustering, hidden Markov model, and boosting. Among 
the studies looking at genetic profile of asthma, the top 
three machine learning techniques used were principal 
component analysis, Bayesian network, and nearest neigh-
bor (Table 2).

Overall, 67% of studies included only children 
and adolescents (age < = 18 years) while 21% included 
only adults. The remaining studies included both 
children and adults. Consistently for studies related 
to asthma episodes, phenotype, and genetic profile, 
children and adolescents were most often included 
(Table 3).

The majority of machine learning and asthma stud-
ies were performed in the USA and Europe with only 
two studies conducted in Canada, both by Farion 
et  al. (33,34). Very few studies mentioned location of 
dwelling (urban or rural status) while describing or 

Table 1.  Proportion of studies using a specific study design by study topic.

Topic
Sample size 

(n)

Study design (row %)

Cohort Cross-sectional
Case- 

control

Randomized 
controlled 

trial Time series
Retrospective 

chart study
Aggregate 

panel study
Prospective 

panel
Case 
study Unknown

Asthma 
phenotype

(n = 17) 47.1 41.2 5.9 5.9 – – – – – –

Asthma prediction
Asthma episode 

prediction
(n = 25) 80.0 12.0 – 4.0 – 4.0 – – – –

Asthma 
diagnosis 
prediction

(n = 7) 42.9 57.1 – – – – – – – –

Genetic profiles (n = 13) 15.4 15.4 30.8 23.1 – – – 7.7 7.7 –
Allergic 

sensitization
(n = 9) 66.7 11.1 22.2 – – – – – – –

Cough sound (n = 6) 50.0 33.3 16.7 – – – – – –
Air pollution (n = 5) 20.0 – 20.0 – 40.0 – 20.0 – – –
Metabolomics (n = 4) 25.0 – 25.0 50.0 – – – – – –
Asthma control (n = 3) 100.0 – – – – – – – – –
Miscellaneous (n = 13) 53.8 15.4 15.4 7.7 – – – – – 7.7

Figure 2. N umber of studies published on asthma and machine learning by year.
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analyzing the study population. Only three studies 
(14,35,36) mentioned including both urban and rural 
populations in the analysis. The research topics for 
these three studies were air pollution, asthma episode 
prediction, and genetics. Support vector machine, 
k-means clustering, regression, and principal 

component analysis were used in these urban-rural 
studies. Seven studies (19,32,37–41) described location 
of residence and considered an urban only population. 
The research topics from these seven studies were 
asthma phenotype, asthma episode prediction, genetic 
profile of asthma, allergic sensitization, and neonatal 

Figure 3.  Percentages of published studies focused on asthma that used machine learning techniques by study topic (N = 102).

Figure 4.  Percentages of published studies focused on asthma that used machine learning techniques by study design (N = 102).
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lung function. Random forests, decision trees, regres-
sion, principal component analysis, Bayesian networks, 
and k-means clustering were used in these urban only 
studies. There were no rural-only studies mentioned.

Discussion

Our scoping review presents an overview of the stud-
ies which used machine learning on asthma-related 
data. We followed the methodology of the five-step 
scoping review protocol (25) and PRISMA. Our scop-
ing review provides a clear map on the use of machine 
learning in the field of asthma. Among the studies 
included in this review, asthma episode prediction, 
asthma phenotype, and genetic profiles were identified 

as the most widely studied topic in studies of asthma 
where machine learning was used. A reason behind 
the use of machine learning around these topics is 
that it can reduce some forms of human bias, although 
human error is still possible through mechanisms such 
as the use of inappropriate techniques, coding errors, 
or selection and information biases in data collection. 
ML uses specific algorithms to analyze data in an 
unbiased way (e.g. clustering, decision tree) although 
the data itself may be biased due to selection and 
classification issues.

Among the asthma episode prediction, asthma phe-
notype, and genetic profile topics, most of the studies 
used cohort, cross-sectional, and case-control study 
designs. A cohort design has the advantage of aiding 

Figure 5.  Percentage of studies using specific machine learning techniques used in published studies focused on asthma. Note: 
The total number of studies does not add up to 102 as many studies included multiple machine learning techniques.

Table 2. S tudy topic vs. machine learning technique used.

Topic
Sample size 

(n)

Machine learning technique (row %)

Cluster BN
Neural 

network Regression PCA RF SVM DT Boosting GBMM NB NN HMM Misc

Asthma phenotype (n = 17) 58.8 11.8 5.9 23.5 17.6 11.8 5.9 11.8 17.6 5.9 5.9 – 11.8 17.6
Asthma prediction
Asthma episode 

prediction
(n = 25) 12.0 20.0 24.0 12.0 8.0 16.0 28.0 24.0 12.0 – 12.0 8.0 – 4.0

Asthma diagnosis 
prediction

(n = 7) 14.3 – 28.6 14.3 – 28.6 28.6 28.6 28.6 – 14.3 14.3 – 28.6

Genetic profiles (n = 13) 23.1 23.1 7.7 15.4 23.1 15.4 7.7 7.7 – – 7.7 7.7 – 15.4
Allergic 

sensitization
(n = 9) 11.1 11.1 11.1 22.2 11.1 22.2 – 11.1 – 33.3 – – 11.1 22.2

Cough sound (n = 6) – – 33.3 33.3 – – 16.7 – – 33.3 – – 16.7 –
Air pollution (n = 5) – 40.0 40.0 – – – 20.0 – – – – – – –
Metabolomics (n = 4) – 50.0 – 25.0 – 50.0 – – – – – – – –
Asthma control (n = 3) – – 66.7 – 33.3 66.7 33.3 – 33.3 – 33.3 33.3 – –
Miscellaneous (n = 13) 7.7 7.7 30.8 15.4 15.4 15.4 23.1 – – – – 7.7 – 23.1

Cluster = Clustering; BN = Bayesian networks; PCA = Principal component analysis; RF = Random forest; SVM = Support vector machine; DT = Decision tree; 
GBMM = Gaussian/Bernoulli mixture model; NB = Naïve Bayes; NN = Nearest neighbor; HMM = Hidden Markov model; Misc = Miscellaneous.

Note: The total row% does not add up to 100% as some studies included multiple machine learning techniques.
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in the assessment of causality between exposure and 
outcome of the disease due to its ability to consider 
temporality. Cohort study designs are the preferred 
observational design although it is also important in 
epidemiology to use other study designs to help con-
firm study results. The use of case-control and ran-
domized controlled trial designs were less frequently 
observed in asthma phenotype and asthma episode 
prediction topics while, cohort and case-control 
designs in genetic profiles were less frequently used. 
The randomized controlled trial study design could 
be used in testing an intervention (42). However, in 
studies looking at etiology, for example, with an out-
come of asthma prediction or asthma phenotype, ran-
domized controlled trial study designs are usually not 
possible and so observational study designs are used. 
For studies of asthma episode prediction, none of the 
studies we found used a case-control design.

Regarding machine learning techniques, most of 
the studies concerning asthma phenotype used a clus-
tering method. The reason for using a clustering 
approach would be to identify or classify phenotypes 
within the data based on features or attributes. 
Classification of asthma based on phenotype is 
important because accurate categorization may be 
useful for treating patients appropriately as well as 
for etiological understanding. Clustering may not be 
an appropriate technique where classification or cat-
egorization is not required, for example: predicting 
presence of asthma, asthma episode or diagnosis. 
Therefore, very few studies related to episode predic-
tion used a clustering algorithm. Clustering could be 
used in genetic profiles and allergic sensitization 
where categorization is required; however, the use of 
clustering in genetic profiles and allergic sensitization 
was minimal. For the asthma episode prediction topic, 
most of the studies used a decision tree or support 
vector machine algorithm. Decision tree is an appro-
priate method for making predictions and accurate 

classification in asthma diagnosis and medical decision 
making (34). All other study topics used a variety of 
machine learning algorithms.

It is difficult to suggest best/potential M/L methods 
by study topic. Because the application of machine 
learning depends on not only the study topic, but 
also on the nature of the specific research question 
and how big the sample size. It may be most appro-
priate to employ multiple methods to determine the 
best fit. For example, if the intent is to determine 
phenotypes and with an accompanying research ques-
tion to identify any asthma phenotypes based on the 
data, an unsupervised technique (e.g. clustering) could 
apply. However, if the research question is to find 
predictors of an established phenotype (e.g. atopic 
asthma) then a variety of supervised machine learning 
techniques might be applicable (e.g. naïve Bayes, deci-
sion tree, SVM, Bayesian networks). Given the sample 
size, decision tree generally allows us to detect a 
higher order interaction. Each machine learning 
method has specific advantages and disadvantages, 
the use of multiple techniques would allow for the 
most appropriate selection. Therefore, an “optimal” 
approach based on the performance of the several 
M/L techniques to be used consecutively instead of 
reporting a “best” approach. Based on our scoping 
review, we found that 34% of the studies used more 
than one M/L technique.

The majority of studies included children and ado-
lescents. Asthma is more common in children (43) 
which could be a reason for inclusion of children and 
adolescents as study participants in most studies. 
However, asthma among adults could be different 
compared to children in various ways such as asthma 
presentation, potential phenotypes, determinants or 
risk factors (44). Therefore, application of machine 
learning in asthma studies including adults as study 
participants could be helpful for understanding the 
disease.

Table 3.  Characteristics of the study populations by study topic.

Topic
Sample size 

(n)

Study population (row %)

Children
Children/ 

adolescent

Children/ 
adolescent/ 

adult Adult Fetus Unknown

Asthma phenotype (n = 17) 29.4 29.4 5.9 23.5 – 11.8
Asthma prediction
Asthma episode prediction (n = 25) 8.0 56.0 8.0 28.0 – –
Asthma diagnosis prediction (n = 7) 14.3 14.3 – 57.1 – 14.3
Genetic profiles (n = 13) 15.4 46.2 – 7.7 7.7 23.1
Allergic sensitization (n = 9) 55.6 11.1 – 22.2 – 11.1
Cough sound (n = 6) 50.0 33.3 – 16.7 – –
Air pollution (n = 5) – 40.0 20.0 20.0 – 20.0
Metabolomics (n = 4) 50.0 50.0 – – – –
Asthma control (n = 3) – 100.0 – – – –
Miscellaneous (n = 13) 46.2 38.5 7.7 7.7 – –
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A significant gap was identified when considering 
location of residence, such as urban and rural. Among 
the included studies, most studies did not specify 
location of residence. Location of residence may have 
a significant impact on the results as there is evidence 
of urban-rural variation in asthma prevalence and 
related outcomes (45–49). The prevalence of asthma 
is lower among the rural population compared to the 
urban population (45,46,50–52). Clustering could be 
used in phenotype analysis considering an urban-rural 
gradient. However, a prediction modeling (e.g. via 
decision tree) would be appropriate and has not been 
used in the prediction of an urban-rural gradient of 
asthma. New technologies will help us to identify why 
there is an urban-rural variation.

Recently, two additional reviews looking at 
machine learning and asthma were published (53,54). 
These came after the search and collection of articles 
for our review. Our study differs from these previous 
reviews and adds to the knowledge around the topic 
(53,54). The previous reviews focused on artificial 
intelligence (53,54), which may include machine 
learning; however, there has not been a single scop-
ing review specifically on machine learning and 
asthma. The objective of the first prior review was 
to review asthma screening and diagnosis, patient 
classification, asthma management and treatment for 
identifying trends and potential gaps (53) while the 
objective of the second prior review was to review 
fundamental analytical approaches conducted in lit-
erature and critical analysis of these approach and 
their usefulness in medicine (54). In contrast to the 
previous studies, we followed a specific framework 
for scoping reviews developed by Arksey and 
O’Malley (24) and PRISMA (25). The first study (53) 
used a systematic review focused on asthma while 
the second study (54) used a bibliometric analysis 
(quantitative statistical analysis to analyze published 
studies in a given research area) focused on big data 
analytics of asthma. Regarding methodology, the first 
prior review (53) included articles from two sources 
(DBLP and PubMed), the second review (54) included 
studies from the Scopus database, whereas our source 
of studies was from PubMed, ProQuest, and Embase. 
After selecting studies, researchers of the first review 
(53) categorized studies into four broad types includ-
ing asthma screening and diagnosis, patient classifi-
cation, asthma management and monitoring, and 
asthma treatment. The researchers of the second 
review (54) categorized articles into three categories 
based on machine learning technique including mul-
tivariate statistics, machine learning/artificial intelli-
gence, and Bayesian statistics. However, we divided 

our studies into a larger range of topics (e.g. asthma 
phenotypes, asthma episode prediction) and consid-
ered analysis type. This included a descriptive 
cross-tabulation looking at study type by analysis 
type which has not been conducted by previous stud-
ies. As a scoping review, we also describe the study 
designs and populations used in the included studies 
more thoroughly as well as their cross-tabulations 
by study type and machine learning type. We further 
described the study populations included with regard 
to age (e.g. children, adults) and location including 
urban-rural status.

There are strengths and limitations of this scoping 
review. A strength is that it is based on the approach 
of knowledge synthesis which is effective for mapping 
gaps in the existing literature. However, scoping 
reviews lack quality assessment, which could be a 
problem for precise interpretation from the articles 
although it is not a requirement for conducting a 
scoping review. The conclusions are based on the 
existence of the selected literature, not on their fun-
damental qualities. Issues could have occurred from 
reporting or publication biases as well. We included 
literature from electronic databases and key journals. 
However, we did not include any unpublished litera-
ture and so our results may have a potential publi-
cation bias. We carefully searched and selected the 
studies for inclusion to overcome ‘researcher bias’ 
through the process. We included articles in the 
English language only which might lead to potential 
‘language bias’ (24).

Conclusions

Different types of machine learning techniques were 
used while investigating asthma. This is appropriate 
given the variety of study topics. Our study found 
several gaps in the application of machine learning 
to studies of asthma such as minimal use of some 
study designs, limited involvement of some study pop-
ulations (e.g. adult participants), and limited research 
by location of residence (i.e. Canada, urban-rural). 
Future work should focus on addressing these gaps.
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Appendix A
Search protocol (September 18, 2020)

PubMed
((((((((((((((((“machine learning”[MeSH Terms] OR (“ma-

chine”[All Fields] AND “learning”[All Fields]) OR “machine learn-
ing”[All Fields]) OR (“Proc IEEE Int Conf Clust Comput”[Journal] 
OR “cluster”[All Fields])) OR hierarchical[All Fields]) OR (“boi-
dae”[MeSH Terms] OR “boidae”[All Fields] OR “python”[All 
Fields])) OR (“artificial intelligence”[MeSH Terms] OR (“artifi-
cial”[All Fields] AND “intelligence”[All Fields]) OR “artificial in-
telligence”[All Fields])) OR (naive[All Fields] AND bayes[All 
Fields])) OR (k[All Fields] AND nearest[All Fields] AND neigh-
bor[All Fields])) OR (k[All Fields] AND means[All Fields] AND 
(“cluster analysis”[MeSH Terms] OR (“cluster”[All Fields] AND 
“analysis”[All Fields]) OR “cluster analysis”[All Fields] OR “clus-
tering”[All Fields]))) OR (“decision trees”[MeSH Terms] OR (“de-
cision”[All Fields] AND “trees”[All Fields]) OR “decision trees”[All 
Fields] OR (“decision”[All Fields] AND “tree”[All Fields]) OR 
“decision tree”[All Fields])) OR (“support vector machine”[MeSH 
Terms] OR (“support”[All Fields] AND “vector”[All Fields] AND 
“machine”[All Fields]) OR “support vector machine”[All Fields])) 
OR ((“random allocation”[MeSH Terms] OR (“random”[All Fields] 
AND “allocation”[All Fields]) OR “random allocation”[All Fields] 
OR “random”[All Fields]) AND (“forests”[MeSH Terms] OR “for-
ests”[All Fields] OR “forest”[All Fields]))) OR (“principal compo-
nent analysis”[MeSH Terms] OR (“principal”[All Fields] AND 
“component”[All Fields] AND “analysis”[All Fields]) OR “principal 
component analysis”[All Fields])) OR (hidden[All Fields] AND 
markov[All Fields] AND model[All Fields])) OR (bayesian[All 
Fields] AND (“Network”[Journal] OR “Netw Res Triangle Park N 
C”[Journal] OR “IEEE Netw”[Journal] OR “network”[All Fields]))) 

OR (artificial[All Fields] AND (“neural networks, computer”[MeSH 
Terms] OR (“neural”[All Fields] AND “networks”[All Fields] AND 
“computer”[All Fields]) OR “computer neural networks”[All Fields] 
OR (“neural”[All Fields] AND “network”[All Fields]) OR “neural 
network”[All Fields]))) OR (“deep learning”[MeSH Terms] OR 
(“deep”[All Fields] AND “learning”[All Fields]) OR “deep learn-
ing”[All Fields])) AND ((“asthma”[MeSH Terms] OR “asthma”[All 
Fields]) OR (“respiratory sounds”[MeSH Terms] OR (“respirato-
ry”[All Fields] AND “sounds”[All Fields]) OR “respiratory 
sounds”[All Fields] OR “wheeze”[All Fields])) AND (hasabstract[-
text] AND “humans”[MeSH Terms] AND English[lang]))

Total articles found: 1839
ProQuest
noft(((machine learning) OR cluster OR hierarchical OR python 

OR (artificial intelligence) OR (naive bayes) OR (k nearest neigh-
bor) OR (k means clustering) OR (decision tree) OR (support 
vector machine) OR (principal component analysis) OR (hidden 
markov model) OR (random forest) OR (bayesian network) OR 
(artificial neural network) OR (deep learning))) AND noft(Asthma* 
or wheeze)

Total articles found: 112
Embase
Keywords search for ‘machine learning’, ‘cluster’, ‘hierarchical’, 

‘python’, ‘artificial intelligence’, ‘naive Bayes’, ‘k nearest neighbor’, 
‘k means clustering’, ‘decision tree’, ‘support vector machine’, ‘prin-
cipal component analysis’, ‘hidden Markov model’, ‘Bayesian net-
work’, ‘artificial neural network’, ‘deep learning’. Then combined 
these keywords by ‘OR’.

After that, Keywords search for ‘asthma’, ‘Wheeze and then 
combined these two by ‘OR’. Finally, combined machine learning 
keywords with asthma or wheeze by ‘AND’.

Total articles found: 4366

to asthma and wheeze among rural dwelling children 
and adolescents. J Obes. 2013;2013:315096–315099. 
doi:10.1155/2013/315096.

	 50.	 Chrischilles E, Ahrens R, Kuehl A, Kelly K, Thorne P, 
Burmeister L, Merchant J. Asthma prevalence and 
morbidity among rural Iowa schoolchildren. J Allergy 
Clin Immunol. 2004;113(1):66–71. doi:10.1016/j.
jaci.2003.09.037.

	 51.	 Solis Soto MT, Patiño A, Nowak D, Radon K. Prevalence 
of asthma, rhinitis and eczema symptoms in rural and 
urban school-aged children from Oropeza Province 
- Bolivia: a cross-sectional study. BMC Pulm Med. 
2014;14(1):16–21.  doi:10.1186/1471-2466-14- 
40.

	 52.	 Chan-Yeung M, Zhan LX, Tu DH, Li B, He GX, 
Kauppinen R, Nieminen M, Enarson DA. The preva-
lence of asthma and asthma-like symptoms among 
adults in rural Beijing, China. Eur Respir J. 
2002;19(5):853–858. doi:10.1183/09031936.02.00250602.

	 53.	 Exarchos KP, Beltsiou M, Votti C-A, Kostikas K. 
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