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Abstract
Approximately 300 million people are afflicted with asthma around the world, with the estimated death rate of 250,000 cases,
indicating the significance of this disease. If not treated, it can turn into a serious public health problem. The best method to treat
asthma is to control it. Physicians recommend continuous monitoring on asthma symptoms and offering treatment preventive
plans based on the patient’s control level. Therefore, successful detection of the disease control level plays a critical role in
presenting treatment plans. In view of this objective, we collected the data of 96 asthma patients within a 9-month period from a
specialized hospital for pulmonary diseases in Tehran. A new ensemble learning algorithm with combining physicians’ knowl-
edge in the form of a rule-based classifier and supervised learning algorithms is proposed to detect asthma control level in a
multivariate dataset with multiclass response variable. The model outcome resulting from the balancing operations and feature
selection on data yielded the accuracy of 91.66%. Our proposed model combines medical knowledge with machine learning
algorithms to classify asthma control level more accurately. This model can be applied in electronic self-care systems to support
the real-time decision and personalized warnings on possible deterioration of asthma control level. Such tools can centralize
asthma treatment from the current reactive care models into a preventive approach in which the physician’s therapeutic actions
would be based on control level.

Keywords Asthma control . Ensemble learning .Medical knowledge . Rule-based . Self-care

Introduction

Asthma is a multifactorial, heterogeneous and periodical dis-
ease created or exacerbated among the genetically apt people
under environmental exposures [1]. The nature of asthma and
its various exacerbating stimuli have made the management of
this disease a challenging issue [2].

Older guidelines classify asthma based on its severity and
then underpin the treatment process only upon the same factor.
Many physicians, however, argue that such approach in the
phase of guidelines implementation has various weaknesses
[3]. The most important issue is to answer the question that
how one can classify a disease with highly variable and fluc-
tuating nature into such fixed indices and provide the treat-
ment only based on its severity [4]. For this reason, the
National Asthma Education and Prevention Program
(NAEPP-EPR3) in its Expert Panel Report suggested that
physicians start the treatment based on the asthma severity,
and then set up the treatment plan based on the asthma control
level [5]. In other words, NAEPP-EPR3 recommends that the
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changes in treatment plan should be based on the answer to
another simple question: BIs asthma under control?^ [6].

To achieve desired asthma control level, before everything,
evaluation of control level by the physician for making any
changes in the treatment plan is required [7, 8]. NAEPP-EPR3
divides asthma control into three levels, and suggests the phy-
sicians to adopt a step-by-step pharmaceutical treatment ap-
proach based on the level in which the patient’s condition is
permanently monitored [5].

The important point is that in most cases, asthma control
level is not properly estimated; this issue is more frightening
when it is estimated more desirably than the reality [4].
Accurate detection of asthma control level can lead to pre-
awareness about the deterioration of the disease control, and
when the patient is on an inappropriate control status, the
required warnings will be submitted to him/her to take urgent
measures [4]. As a result, since the importance of asthma
control has recently become an integral part of most of thera-
peutic interventions in this field, we intend to detect it with
suitable tools in this study.

Review of literature

Review of the related literature shows that what differentiates the
asthma control studies from each other relies on answering the
following questions: BWhat is the objective of examining asthma
control?^, BWhat kind of stimuli affects asthma control?^ and
BWhat are the analytical tools with what degree of accuracy
applied for this purpose?^ Table 1 presents the summary of pre-
vious studies on asthma control assessment area.

Reviewing the studies reveals that scholars have focused
on three main objectives:

& Predicting asthma attacks as an event resulting from the
most undesired control level [2, 9–17]

& Predicting the deterioration of asthma control level [4, 17]
& Predicting asthma control level [18, 19]

The first two objectives focus on predicting undesirable
events much late, while they can be prevented much earlier
when the disease is at an uncontrolled level. Only two recently
published papers have focused on predicting the level of con-
trol. For this purpose, the present study classifies asthma con-
trol level into three classes of well-controlled, not well-con-
trolled, and very poorly-controlled, which have not been taken
seriously into account in previous studies.

In terms of stimuli, the related articles (Table 1) can be
differentiated based on the stimuli effective on asthma control.
These stimuli can be categorized into seven groups as below:

1. Group of stimuli based on environmental data
2. Group of stimuli based on the patient’s demographic

information

3. Group of stimuli based on the patient’s medical history
and clinical variables

4. Group of stimuli based on the lung function
5. Group of stimuli based on genetic factors
6. Group of stimuli based on biomarkers
7. Group of stimuli based on symptoms derived from the

questionnaires of asthma control

Each of the above groups has different sub-stimuli, all or a
part of which has been already studied in the literature. In this
paper, the considered stimuli include the patient’s demographic
features, clinical variables and the patient’s medical history, en-
vironmental data, the lung function, and group of stimuli based
on the Asthma Control Test (ACT). In this study, we could not
access two groups of stimuli: genetic factors and biomarkers.

Regarding the analysis of data, research evidence shows
that previous studies have been limited to using traditional
statistical methods, data mining and machine learning tech-
niques (Table 1) such as regression, decision tree and so on
[13, 20] to classify the level of control while their results
indicate that adopting this methods alone is not sufficient.
Compared to traditional methods of classification, new ma-
chine learning techniques such as ensemble learning provide
better performance in many cases [21] and the their potential
has not yet been addressed in improving the classification of
asthma control level. On the other hand, there is a rich litera-
ture on incorporating experts’ knowledge as informative
priors with machine learning techniques to achieve the maxi-
mum classification accuracy [21]. Physicians’ knowledge can
be transformed into if-then rules in a rule engine and then used
in the form of a rule-based classifier [22–24]. Concerning the
classifier, it is important to identify that physicians consider
what characteristics and rules according to their knowledge
and practice to assess level of asthma control.

With this inmind,we propose an ensemble learning algorithm
to derived from the combination of physicians’ knowledge as
well as supervised learning algorithms to improve the results of
asthma control level detection. In fact, to build a powerful clas-
sification model, it is necessary to select an appropriate integra-
tion of models and the stimuli affecting asthma control.

Ensemble learning

Ensemble methods are learning techniques that combine a
number of base learners in a parallel or sequential style and
then classify new data points through weighted voting of their
predictions to obtain better predictive performance compared
to individual base learners that make them up [25]. In present
study, we use an ensemble averaging approach, that is one of
the two major types of static committee machines. In ensem-
ble averaging, outputs of a set of different predictors with low
bias and high variance, are linearly combined to produce an
overall output [26].
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Let X, Y,H, and T denote the instance space, the set of class
labels, the set of base learners, and the number of base
learners, respectively. A training dataset D= {(x1,y1), …, (x-

m,ym) is given, where xi ∈ X and yi ∈ Y (i = 1, …, m). Also,
base learners are denoted by hi ∈H (i = 1,…, t). The learner is
a hypothesis about the true function f. Given new data points
x, f predicts the corresponding y values. The implementation
steps of the ensemble method used in this study include the
following steps:

1. Training each base learner separately, each with their own
initial value (each learner is tuned with K-fold cross-val-
idation and optimal initial parameters are set).

2. Given an unlabeled instance x: predicting a class label of
x by combining the multiple learners and obtaining total
vote received by each class with averaging their values (as
a weighted sum),

yi xð Þ ¼ ∑T
t¼1wthti i ¼ 1;…:m;wt ≥0;∑T

t¼1wt ¼ 1;

(wt is the weight assigned to the t-th classifier ht according
to some measure of performance)
3. Returning the class label with choosing the class that re-

ceives the highest total vote (weighted majority voting) as
the final ensemble decision. Specifically, yFinal (x) =
argmax yi(x).

In the following, the executive stages of the proposed mod-
el and the results are presented.

Materials and methods

Research methodology

The general block diagram of the proposed model is shown in
Fig. 1. This diagram consists of three major components. To
build the proposed classifier, we use the machine learning
ensemble meta-algorithm and convert weak learners to strong
ones. In the first component, after preparing and pre-
processing the data, multiple well-known supervised algo-
rithms are constructed using CRISP methodology [27] to clas-
sify control level. In this paper, multinomial logistic regres-
sion, support vector machine, random forest, extreme gradient
boosting, K-nearest neighbor, decision tree, and Gaussian
naïve Bayesian are used as seven supervised algorithms.

Multinomial logistic regression (MLR), Support vector ma-
chine (SVM), Random forest (RF), Extreme gradient boosting
(XGB), K-nearest neighbor (KNN), Decision Tree (DT),
Gaussian Naïve Bayesian (GNB), Feature Selection (FS),
Multivariate adaptive regression splines (MARS), Recursive
Feature Elimination (RFE), Information gain (IG), Mean de-
crease in Gini (MDG), Mean decrease in accuracy (MDA).T
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In the second component, a rule-based classifier (RBC) is
made up. RBC is based on rules derived from the physi-
cians’ knowledge to classify asthma control level. For this
purpose, it is necessary to be extracted the characteristics
and instructions that physicians consider to assess the level
of control. Table 2 shows these characteristics and instruc-
tions. These instructions are transformed into if-then rules,

stored in a rule engine and then used in the form of a rule-
based classifier in our ensemble model. Physicians assess
four types of characteristics including daytime symptoms,
nighttime symptoms, level of activity and need for Reliever
use simultaneously and then detect control level based on
Table 2 [28]. According to RBC, a data record is labeled
Bwell-controlled^ when none of the characteristics are met.

Table 2 The characteristics and rules used by physicians to classify the level of asthma control.*So rated when none of characteristics are met.***So
rated when at least 3 of the characteristics are met in any week.**So rated when 1 or 2 of the characteristics are met in any week

In the past week, has the patient had:

1. Daytime asthma symptoms more than twice a week?  

Yes 

No  

2. Any night waking due to asthma?

Yes  

No  

3. Reliever needed for symptoms more than twice a week?

Yes  

No  

4. Any activity limitation due to asthma?

Yes 

No  

Well controlled 

level
*

Not well 

controlled level
**

Very poorly 

controlled level
***

None of these 1-2 of these 3-4 of these

J Med Syst (2019) 43: 158 Page 5 of 15 158

Fig. 1 Detailed architecture of proposed ensemble learning for asthma control level detection
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Therefore, only one rule is defined to detect Bwell-
controlled^ class. Also, a data record is labeled BNot well-
controlled^when 1 or 2 of the characteristics are met in any
week. Therefore, ten rules are defined to recognize BNot
well-controlled^ class. Finally, a data record is labeled
Bvery poorly-controlled^ when at least 3 characteristics
out of 4 items are met in any week. Therefore, five rules
are defined to detect Bvery poorly-controlled^ class. As a
result, the rules engine has a total of 16 rules for categoriz-
ing the level of asthma control. In this research, RBC was
encoded at a rule engine using Drools and combined to our
proposed ensemble learning.

In the third component, all classifiers are combined to cre-
ate multiclass ensemble learning for asthma control level de-
tection. Firstly, we find the best weight combination for single
classifiers and then apply the weight values into each proba-
bility to create a combined classifier. Before building such
powerful models, selecting a base model is essential to com-
pare the performance of the newly built model. In this paper,
MLR is used as the base model.

Data collection

This study was conducted in cooperation with Iranian
National Research Institute of Tuberculosis and Lung
Disease, and the required data (included five stimuli groups)
were collected from 96 asthmatic patients (>5 years old) re-
ferring to the Asthma and Allergy Clinic within a 9-month
period. Table 3 shows the research variables, their possible
values, and the corresponding codes.

For this purpose, variables and parameters of the two
groups of demographic data and medical history were collect-
ed using a standard registry form when the patient referred to
the clinic. Allergy skin test and the patients’ lung function
(using Spirometry test), were collected in a dataset.

There are several efficient tools such as peak flow meter and
asthma control test questionnaire, which have been developed
for monitoring and controlling of asthma [29]. To this end, for
4–12 consecutive weeks, the patients were asked to measure
and write down their peak expiratory flow rate (PEFR) daily at
the morning and afternoon times using a peak flow meter.
Moreover, the data of other daily symptoms of asthma were
collected with the help of ACT [7], the ACT scores of each
patient were calculated within the weekly periods.

In addition, the environmental stimuli such as the air pol-
lution parameters and daily meteorology information were
needed for each data record in view of date and address of
patients’ place of residence. The air pollutant parameters were
obtained from 24 pollution-monitoring stations of Tehran Air
Quality Control Company.Moreover, the meteorology param-
eters were extracted from four synoptic stations of the
Meteorological Organization. Then they were connected to
each patient’s data record with the help of ArcGIS software.

Finally, the final dataset includes one multivariate
dataset and a three-class response variable with labels of
well-controlled, not well-controlled and very poorly-
controlled levels. This information was obtained from 96
patients with a total of 2870 records collected base on
daily assessment of asthma control.

Implementation of the method

Data pre-processing

In this study, outlier detection, handling the missing values
and re-sampling for imbalanced classes were used for data
pre-processing.

To review the outliers, we used a multivariate model ap-
proach, named BCook’s distance^ [30] and eliminated them
from the dataset after further review, if necessary. To address
the problem of missing values, we used multiple imputation
using the fully conditional specification method [31] for fill-
ing the empty cells. After these stages, the final dataset includ-
ed 140 variables and 2870 observations.

As Table 4 shows, on the original dataset, 65.43, 33.24 and
1.32% of the samples belong to the well-controlled, not well-
controlled and very poorly-controlled classes, respectively,
indicating the classes’ imbalance. To fix this challenge, we
created the datasets 2 and 3 with an oversampling method
[32], namely Randoverclassif, and Synthetic Minority Over-
sampling Technique [33], namely Smotclassif, respectively.
Dataset No.1 is also an unbalanced dataset.

Feature selection

Different feature selection algorithms yield different candi-
date feature subset and, features with the lowest ranking
values of various indices in most methods can be safely
rejected. Furthermore, it is necessary to be used methods
that el iminate redundant and correlated features.
Therefore, we have applied a hybrid approach by combining
various feature selection methods to determine the best sub-
set of features. This approach has provided maximum infor-
mation about the asthma control level detection and no im-
portant variables have missed.

For this purpose, we created a feature subset using a wrap-
per approach called Boruta. This method divides the features
into three categories of confirmed, tentative, and rejected var-
iables. Out of the 140 initial variables, 121 and 19 variables
were confirmed and rejected, respectively. In the next step,
feature selection was implemented using other methods on
121 confirmed variables separately. Then we integrated the
top joint variables in all methods, of which 35 variables were
chosen as the selected variables. Six methods were as below:
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1. Multivariate adaptive regression splines (MARS) method
measuring the importance of variables with generalized
cross-validation and residual sum of squares [34].

2. Recursive feature elimination (RFE) measuring the im-
35].

3. Random forest algorithm with the function scoring of
mean decrease in accuracy (MDA) [36].

4. Random forest algorithm with the function scoring of
mean decrease in Gini (MDG) [36].

5. An entropy-based method with information gain (IG) [37].
6. Pearson’s Chi-square test [38].

After feature selection, our reduced dataset included 2870
observations and 35 variables. Fig. 2 shows the selected var-
iables and their importance.

Creating and evaluating the ensemble learningmodel

To build the ensemble learning model (defined in sections 1.2
and 2.1), it required various types of models with weights on
each model. In this study, MLR, XGB, RF, DT, KNN, GNB,
SVM, and RBC were used as base learners. In the first step,
these algorithms were created using 5-fold cross-validation
separately. In addition, 20 independent runs of 5-fold cross-
validation were performed to deal with any biasing that might
have occurred during the random partitioning process. It is to
be noted that all supervised models have encoded with
Rstudio software.

In the next step, our ensemble model was built by multiple
outputs from various types of the machine learning models
with proper weights on each output; however, choosing

Table 4 The main and balanced
datasets Datasets Data size Data with well-

controlled class
Data with not well-
controlled class

Data with very
poorly-controlled class

Dataset Number 1 (D1) 2870 1878 (65.43%) 954 (33.24%) 38 (1.32%)

Dataset Number 2 (D2) 3945 1315 (33.33%) 1315 (33.33%) 1315 (33.33%)

Dataset Number 3 (D3) 2068 670 (32.39%) 699 (33.80%) 699 (33.80%)
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Fig. 2 Reduced features subset and their importance

portance of variables by 10-fold cross-validation [



perfect combination of the optimal weights was another chal-
lenge. Although there were many different methods to choose
the optimal weights, this study has used the brute force search
with multiple for-loops. Brute-force search involved system-
atically enumerating all possible candidates for checking
whether each candidate was able to satisfy the condition of
the problem. In here, all possible candidates of different com-
bination of weights in the range of [0, 0,05, …, 0.95, 1] were
applied to each classifier with multiple loops. It is to be noted
that, the sum of the weights applied to classifiers should be
equal to 1 in each iteration. Being an iterative process, the
accuracy of all possible ensemble model was calculated and
the ensemble that acquired the best performance was selected
as the best learner for asthma control level detection and its
weights were chosen as optimal weights and applied into each
probability.

In this study, two ensemble models were trained on two
different datasets (D2, and D3):

& The first ensemble model combining seven super-
vised algorithms

& The second ensemble model combining seven supervised
algorithms as well as the rule-based classifier

After creating models, five standard metrics including ac-
curacy, recall, specificity, precision, and negative predictive
value (NPV), were used to measure the models’ performance
using 3-class confusion matrix (Fig. 3) [39].

Measures for multi-class classification are based on a gener-
alization of the measures of binary classification for many clas-
ses Ci [39]. For an individual class Ci, the assessment is defined
by TPi, FNi, TNi, FPi (For instance, for class 1, FNi is the
number of instances of very poorly-controlled level that the
model incorrectly identifies as not well-controlled or well-con-
trolled). Therefore, for the above three-way confusion matrix,
the following three one-versus-all matrices (Fig. 4) are returned
to calculate five standard metrics for each class separately [39].

Also, the quality of the overall classification is assessed using
a micro-averaged accuracy that aggregates the contributions of
all classes to compute the average metric. In a multi-class classi-
fication setup, micro-average is preferable if there is class imbal-
ance problem and is computed using Fig. 4 and below formula:

Micro−averaged accuracy ¼
∑3

i¼1

TPi þ TNi

TPi þ TNi þ FPi þ FNi

3
¼

1

3

h Aþ E þ F þ H þ Ið Þ
Aþ E þ F þ H þ Ið Þ þ Bþ Cð Þ þ Dþ Gð Þ

� �

Class 1

þ E þ Aþ I þ C þ Gð Þ
E þ Aþ I þ C þ Gð Þ þ Dþ Fð Þ þ Bþ Hð Þ

� �

Class 2

þ I þ Aþ Bþ E þ Dð Þ
I þ Aþ Bþ E þ Dð Þ þ Gþ Hð Þ þ C þ Fð Þ

� �

Class 3

i

Concerning the classification of asthma control level, it is
important to properly detect the cases with not well-controlled
and very poorly-controlled classes rather than the cases with
well-controlled class. If the case with very-poorly controlled
level is diagnosed wrongly as the not well-controlled or well-

Fig. 4 One-versus-all confusion matrix for 3-class classification
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Fig. 3 The 3-class confusion matrix
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controlled case, it is likely that due to providing inappropriate
treatment, the patient will suffer from further asthma attacks
and serious control status. Furthermore, if the class of not
well-controlled is wrongly diagnosed as the well-controlled
one, due to insufficient adjustment of the treatment program,
the patient may fall into the very poorly-controlled level and
thus inappropriate consequences are brought about. For this
reason, improvements of results in the classification of not
well-controlled and very poorly-controlled classes are more
important than the well-controlled one.

In models evaluation section, considering the accuracy met-
ric is not sufficient because in datasets with the problem of
imbalanced classes, the results would be deceptive, while the
classification model does not detect any transaction involving a
minority class [40]. In such cases, improvement of two metrics
of recall and accuracy is more important in uncontrolled classes.
It is also required to decrease the number of wrong alarms.
Hence, the value of precision should be improved.

Results and discussion

Table 5 shows the results obtained from implementation of
each single classifier, the rule-based classifier, and the ensem-
ble learning models 1 and 2.

All single classifiers in the well-controlled zone classifica-
tion have almost similar and acceptable results in two datasets.
GNB has weak performance for not well-controlled zone clas-
sification, while RF and XGB yield acceptable results for this
class on both datasets. RF and XGB classifiers have accept-
able accuracy and recall to detect very poorly-controlled class.
While the results from other algorithms are undesirable, it is
very disappointing in SVM, KNN, DT and GNB models. In
KNN, SVM and XGB, the precision for the very poorly-
controlled class has no acceptable results on D2 and D3, and
if used, it will increase wrong alarms for occurrence of this
class. Generally, the single algorithms on D2 have better per-
formance than on D3. Also, the accuracy, precision, and recall
of Bperform the best as a single model.

Table 6 shows the weight distribution obtained from find-
ing best weight values combination on each prediction that
was applied into each probability in ensemble learningmodels
1 and 2. As indicated, RBC, RF, and SVM have the highest
weight in the ensemble learning model 2, respectively. It is
interesting to see some bad model such as SVM is

contributing more weight than better models such as XGB.
By comparison between the base model (MLR), and the pro-
posed ensemble model 2, the accuracy on D2 for well-
controlled zone (over 14%), for not well-controlled zone (over
10%) and for very poorly-controlled zone (over 18%) are
improved. The ensemble model 2 performs the best out of
all models with accuracy of 0.943 for well-controlled zone,
0.894 for not well-controlled zone and 0.913 for very poorly-
controlled zone on D2.

It is to be noted that, the rule-based classifier has better
results than single classifiers and while combining with mul-
tiple models, the performance of asthma control level detec-
tion is improved especially for very poorly-controlled and not
well-controlled zones. The quality of the overall classification
of asthma control detection models in Fig. 5 shows that pro-
posed model has yielded better results than other algorithms
and the micro averaged-accuracy index is estimated as
91.66% on D2.

Conclusions

The present study was designed to develop a novel ensemble
learning method for asthma control level detection using the
combination of supervised learners with rule-based classifier.
The rule-based classifier was created using the physicians’
knowledge and stored in a rule engine. The proposed model,
in comparison with the other classifiers, significantly im-
proved the recall, precision and accuracy metrics, especially
for very poorly-controlled class. The reasons can be integrat-
ing experts’ knowledge with ensemble learning, feature selec-
tion, balancing operation on the dataset, and use of various
variables affecting the asthma control level. Also, the results
showed that machine learning techniques such as ensemble
learning have high potential to be used in prognostic systems
for asthma control level detection especially when combined
with medical knowledge. In future research, numerous objec-
tives can be considered as follows:

& Adding other factors affecting asthma control level such
as genetic factors and biomarkers to enhance the perfor-
mance of asthma control level detection

& Implementing the asthma control level detection models
with time series approach rather than using the attribute-
based data

Table 6 Ensemble model weight

Classifiers MLR XGB GNB KNN SVM RF DT RBC

Ensemble model 1 0.05 0 0 0 0.05 0.90 0 –

Ensemble model 2 (Proposed) 0.05 0.05 0 0 0.2 0.3 0 0.4
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& Using the capabilities of novel technology to create self-
care systems with the aid of the models of asthma control
level detection
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