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Abstract

Currently, there is a need to accurately and timely diagnose asthma in children. Spirometry, which is the
most common technique used for its diagnosis, is often unsuitable for small children since it requires to follow
exact instructions that usually they cannot perform. The Impulse Oscillometry System (IOS) could be an
alternative solution for the asthma diagnosis and control in children since it offers important advantages to
this end. These include a test procedure that only requires minimum patient cooperation which makes the
IOS a friendly technique for young children. Additionally, it is a validated, objective and reliable technique.
The disadvantage for its use consists in the interpretation of its results, they are difficult to understand by
physicians since the IOS is highly technical and based on mechanical and electrical concepts with multiple
output variables. Hence, the IOS acceptance in the clinical field diminishes. To this end, computer-aided
decision systems could help clinicians to strengthen the way that peripheral airway obstruction diseases
(such as asthma) in children are diagnosed, monitored and controlled. This paper presents a methodological
review of research works related to the computer-aided classification of peripheral airway obstruction using
the IOS technique, which is focused but not limited to asthmatic children. The purpose is to understand
the current computer-aided classification research works on this matter.
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1. Introduction

Asthma is a major chronic obstructive pulmonary
disease affecting around 235 million people on a
global scale and it is considered the most common
chronic non-communicable disease among children5

[1]. In 2016, the asthmatic population in the United
States (US) was estimated to be 26 million, with
children constituting about 6.1 million[2]. Chil-
dren suffering from this condition are often under-
diagnosed and poorly controlled, creating a sub-10

stantial social and economic burden in terms of

IThis document is a collaborative effort
∗Corresponding author
Email addresses: nsavila@miners.utep.edu (Nancy

Avila), hnazeran@utep.edu (Homer Nazeran),
nelly.gordillo@uacj.mx (Nelly Gordillo), emeraz@uacj.mx
(Erika Meraz)

a decreased quality of life, increased school absen-
teeism with work loss for parents, elevated health
care expenditures, high rates of hospitalizations and
emergency room visits, among others[1, 8, 9, 30, 32].15

Regardless of its impact, asthma remains a poorly
controlled disease [8].

Asthma causes airway hyper-responsiveness, in-
flammation, and airway obstruction, with a pre-
dominant airflow resistance at the small airways,20

also called peripheral or distal airways which are
the airways with an inner diameter less than 2mm
[31, 32, 33]. It could be considered that an early
evaluation and treatment of small airways could be
even more effective for the timely management of25

the asthmatic disease. Unfortunately, the assess-
ment of small airways using traditional diagnostic
tests is a difficult task [5].
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Spirometry is the most common Pulmonary
Function Test (PFT) used by primary medical prac-30

titioners to diagnose asthma. However, it is of-
ten considered unsuitable for young children since
it requires significant cooperation from patients to
perform extreme maneuvers for the forced inspira-
tion and exhalation required by this test. It has35

been demonstrated that when performing spirom-
etry, both pre-school and school-age children have
difficulty meeting some of the quality-control crite-
ria to achieve reliable and repeatable results [6, 7].
These challenges may have led this method to be40

significantly under-used when treating children. It
is estimated that only 21% of primary care prac-
titioners consistently use spirometry in the diag-
nosis of asthma in children and only 8.3% consis-
tently use it for routine monitoring [29]. There-45

fore, robust quantitative techniques to determine
airway obstruction to reliably diagnose and monitor
asthma at an early stage are needed. The Impulse
Oscillometry System (IOS) could be an alternative
solution for the asthma diagnosis and control in50

children since it offers important advantages to this
end. These include a validated, objective and re-
liable patient-friendly technique that only requires
the patient’s passive cooperation[10, 11]. The dis-
advantage of the IOS consists in the interpretation55

of its results, these are difficult to understand by
physicians since the IOS is highly technical and
based on mechanical and electrical concepts with
multiple output variables which hinders its broad
acceptance in the clinical field despite its objectiv-60

ity. To this end, computer-aided decision systems
could improve the utility of the IOS and help clini-
cians to strengthen the way that peripheral airway
obstruction diseases (such as asthma) in children
are diagnosed, monitored and controlled. This pa-65

per presents a methodological review of research
works related to the computer-aided classification
of peripheral airway obstruction using the IOS tech-
nique, which is focused but not limited to asthmatic
children. The purpose is to understand the current70

computer-aided classification research works on this
matter. It also provides an overview of the most
common pulmonary function testing features used
by the different classifiers of the selected articles
for this review, which include Spirometry, IOS and75

Respiratory Model parameters derived from IOS.

2. Spirometry and its Parameters

Spirometry is a Pulmonary Function Test (PFT)
that measures lung function by quantifying the vol-
ume and flow of air inhaled and exhaled as a func-80

tion of time. In other words, it determines how
much air can be inhaled and exhaled by an individ-
ual, and how fast [34, 35]. This test is highly de-
pendent on patient cooperation since extreme ma-
neuvers such as a maximal forced exhalation after85

a maximum deep inspiration is required. Spirome-
try is considered the gold standard for the diagnosis
and management of chronic obstructive respiratory
diseases such as asthma and Chronic Obstructive
Pulmonary Disease (COPD) [31, 35]. FVC, FEV1,90

and FEV1/FVC are the most important spiromet-
ric indices used to assess lung function. These
parameters are compared against predicted values
based demographic data (age, height, sex, and eth-
nicity) to determine the severity of airway obstruc-95

tion [34]:

2.1. Forced Vital Capacity (FVC)

The forced vital capacity (FVC) is the total vol-
ume of air that the patient can forcefully exhale
in one breath. To obtain this measurement, the100

patient has to perform a spirometric maneuver to
deeply inhale air. Then the FVC is obtained when
the patient exhales as long and as forcefully as pos-
sible. Values of FVC are measured in liters and
are also expressed as a percentage of the predicted105

values for that individual. [34, 35].

2.2. Forced Expiratory Volume in 1 second (FEV1)

The forced expiratory volume in 1 second (FEV1)
is the amount of air exhaled during the first second
of the FVC maneuver. In obstructive airway dis-110

eases (such as asthma), the FEV1 value tends to be
reduced. Values of FEV1 are measured in liters and
are also expressed as a percentage of the predicted
values for that individual [34, 35].

2.3. FEV1/FVC Ratio115

The FEV1/FVC is the ratio of FEV1 to FVC ex-
pressed as a fraction and is used to determine if the
pattern is obstructive, restrictive, or normal. A re-
duced FEV1/FVC ratio indicates airflow limitation.
In children, FEV1/FVC ratio below 0.90 represents120

airway obstruction. In adults, the FEV1/FVC ra-
tio is normally greater than 0.75 to 0.80, smaller
values suggest airflow limitation [34, 35, 36, 37].
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3. Impulse Oscillometry System and its De-
rived Parameters125

The Impulse Oscillometry System (IOS) is based
on the forced oscillation technique (FOT), which
measures the mechanical properties of the lungs by
using the noninvasive superimposition of air pres-
sure fluctuations applied to the airways over the130

subject’s normal breathing. An essential aspect to
be understood is that the IOS graphically displays
frequency-dependent curves that are of the utmost
importance in the diagnosis of distal obstruction be-
cause changes in lung function are evaluated based135

on the visual interpretation of their shape and mag-
nitude [11]. Consequently, the interpretation of IOS
results must be performed by trained physicians
who understand the infrastructure and the specifics
of the test.140

3.1. Impedance (Z)

The IOS uses sound waves to calculate the respi-
ratory impedance (Z) by injecting short impulses of
air pressure into the mouth and measuring the con-
sequent air flow at the mouth. Periodic brief pulses145

(rectangular waves) of pressure oscillations are ap-
plied with a fixed period of 200 msec from which
a range of frequencies of interest is derived (5, 10,
15, 20, 25 & 35 Hz). The respiratory (pulmonary)
impedance (Z) is the sum of all the resistive and150

reactive forces that oppose the pressure impulses
(oscillations) and are calculated from the ratio of
pressure and flow at each frequency [12]. The main
components of Z are: resistance (R) and reactance
(X).155

3.2. Resistance (R)

Resistance is the in-phase component of respi-
ratory impedance and reflects information about
the forward pressure of the conducting airways[12].
The resistance at 5 Hz (R5) represents the total air-160

way resistance, and the resistance at 20 Hz (R20)
represents the resistance of the large airways. The
small airways resistance could be deducted by sub-
tracting R20 from R5 (R5-R20). The larger the dif-
ference between R5-R20 is, the greater the periph-165

eral airways resistance is. R5-R20 is also considered
an IOS-derived parameter known as the frequency-
dependence of resistance (fdR) [12, 14]. For in-
stance, resistance is independent of the frequency
in healthy subjects, while for small airway obstruc-170

tion, the resistance at lower frequencies increases
but is unchanged at higher frequencies that do not

reach the small airways [15]. In other words, dis-
tal obstructive diseases such as Asthma, result in a
frequency-dependent increase in resistance at lower175

frequencies because the pressure signal wave prop-
agating out to the lung periphery (R5) encounters
greater resistance than the more proximal higher-
frequency (R20) impulse [11]. Figure 1 shows the
resistance IOS curves of children with Normal and180

Peripheral Obstruction conditions.

3.3. Reactance (X)

Reactance is the out-of-phase component of res-
piratory impedance and reflects the capacitive (C)
and inertive (I) properties of the airways. Reac-185

tance can be viewed as the rebound resistance, or
an echo, giving information about the distensible
airways [12]. Because the ability of the lungs to
store capacitive energy is primarily manifested in
the small airways, reactance at low frequencies can190

provide important information about the small air-
ways [12]. Unlike resistance, reactance is always
frequency-dependent [15]. Peripheral obstruction
results in a decrease in the reactance magnitude be-
cause the signal returning from the lung periphery195

to the sensor also has to navigate these same nar-
rowed airways [11]. Figure 2 shows the reactance
IOS curves of children with Normal and Peripheral
Obstruction conditions.

3.4. Resonant Frequency (Fres) and Area of Reac-200

tance (AX)

The resonant frequency (Fres) is the frequency
at which the reactance’s components: “C” and “I”
have the same magnitude, since inertance repre-
sents a positive value and capacitance a negative205

value, with the value of reactance at Fres equal to
zero. Fres separates the low-frequency from high-
frequency impedance. Respiratory restrictive and
obstructive conditions cause the Fres value to be
increased; moreover, Fres is usually higher in chil-210

dren and decreases with age [12, 14].
The area of reactance (AX), also known as the

“Goldman Triangle” is the area under the curve be-
tween 5 Hz and Fres (please refer to figs. 3 and 4).
This is a single-magnitude parameter (an index),215

which comprises the reactance at all frequencies
where the capacitance (elasticity of the airways)
dominates the inertance. As with reactance at
low frequencies, the AX parameter provides impor-
tant information about small airways obstruction220

[12, 14].
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Figure 1: Resistance IOS curves of Children with Normal
and Peripheral Obstruction.

Figure 2: Reactance IOS curves of Children with Normal
and Peripheral Obstruction.

Figure 3: AX and Fres of Children with Peripheral Ob-
struction.

Figure 4: AX and Fres of Children with Healthy Condi-
tion.

3.5. eRIC and aRIC Respiratory Model Parameters
The extended Resistance Inductance Capaci-

tance (eRIC) and the augmented RIC (aRIC) are
equivalent electrical circuit models for the human225

respiratory system impedance which are derived
from IOS parameters. The eRIC model is an im-
provement of the RIC model, its components in-
clude the representation of large airway resistance
“R”, peripheral resistance “Rp”, large airway iner-230

tance “I”, and peripheral airway compliance “Cp”.
Specifically, the added peripheral resistance “Rp”
represents the small airways in the respiratory sys-
tem which could not be captured by the previously
developed RIC models. The aRIC model was de-235

veloped and validated as an augmentation of the
eRIC model. The additional element “Ce” in the
aRIC model represents the extrathoracic compli-
ance mainly due to the upper airways shunt effects
[17]. Figures 5 and 6 show the recent IOS-based240

equivalent electric circuit models of the human res-
piratory system.

Figure 5: eRIC Model of the Human Respiratory Sys-
tem.
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Figure 6: aRIC Model of the Human Respiratory Sys-
tem.

4. Review Methodology

The literature review was performed using the
following parameters and databases: ”All fields” in245

PubMed, ”Full-Text & Metadata” in IEEE Xplore,
and ”All Databases” in Web of Knowledge. The
search only includes articles written in the English
language. The words and logic operators used for
the search in each of the databases were ”asthma”250

AND ”classification” AND ”oscillometry”. Ad-
ditional searches were performed using the same
methodology, but substituting in first place the
word ”asthma” by the phrase ”small airways”, the
next search was done by replacing ”small airways”255

by ”peripheral airways”, and in the last search ”pe-
ripheral airways” was replaced by ”distal airways”.
The search was performed on June 29, 2018. A to-
tal of 34 articles were found by the search. The title
and abstract of these articles were screened and se-260

lected based on the following eligibility criteria: 1)
Publications centered in the computer-aided classi-
fication of asthma or small airway impairment, 2)
Computer-aided classification includes Impulse Os-
cillometry features. Bibliography of selected arti-265

cles was also screened to find other relevant articles.

5. Computer-aided Classification of Lung
Function using Impulse Oscillometry

Of 34 articles identified using web databases, only
seven met the eligibility criteria and an additional270

article was found through the screening of selected
articles’ bibliography for a total of eight articles.

Based on the selected articles, the most recent
research efforts regarding computer-aided classifica-
tion of lung function using IOS features have been275

conducted by Badnjevic et al. [18, 19, 20, 21, 22],
Hafezi et al. [23], and Barua et al. [25, 24].

Studied conditions, population, classifiers’ input
features and soft-computing techniques used in the
different classification studies are summarized in280

Tables 1 and 2 and further described in the next
sections.

5.1. Studied Conditions

In the selected articles, the conditions studied are
Asthma, Chronic Obstructive Pulmonary Disease285

(COPD), Small Airway Impairment (SAI), Possi-
ble Small Airway Impairment (PSAI), Central Ob-
struction, Peripheral and Healthy conditions. Even
though peripheral obstruction related to Asthma
and SAI is of our main interest, the results of clas-290

sification of COPD which is a respiratory condition
characterized by chronic airflow obstruction mainly
due to long-term smoking [39, 40], are presented
because in selected study [21] this condition was
studied along with asthma. COPD is not part of295

the scope of this review; therefore, the works pre-
sented in here do not represent all computer-aided
classification works using IOS features for this con-
dition.

The classifiers presented by Badnjevic et al. in 4300

out of 5 studies [18, 19, 20, 22] were bi-class where
the Asthma and Healthy conditions were studied.
Study [21] included 3 classes, where COPD was
studied along with the Asthma and Healthy con-
ditions.305

The classification efforts conducted by University
of Texas at El Paso (UTEP) research group includes
the work performed by Barua et al. and Hafezi et al.
The first two efforts were conducted by Barua et al.
in 2004 and 2005 [25, 24]. In both cases, the studies310

differentiated between 2 classes. In the 2004 classi-
fier, the classes studied were Central and Peripheral
diseases, while the classification in 2005 included
Asthmatic and Non-asthmatics. The last classifi-
cation effort by UTEP’s researchers was conducted315

in 2009 by N. Hafezi et al., the classes studied were
the Asthma, SAI, PSAI, and Normal conditions.

5.2. Studied Population

Regarding age, Badnjevic et al. in [20] and
[21] studied asthmatic subjects with an age range320

of 19.85 years +/- Standard Deviation (SD) 8.18,
while normal subjects were 30.03 years +/- SD
11.83, also in [21] studied COPD patients with a
range of 52.25 years +/- SD 7.636, the other studies
performed by Badnjevic et al. [18, 19, 22] did not325

provide information regarding age; in [23] Hafezi et
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al. studied children from 5 to 17 years old; while
the studies performed by Barua et al. included chil-
dren from 2 to 8 years old in [25] and in [24] sub-
jects studied ranged from 13 to 85 years old. In330

summary, from the demographics provided by the
different studies, only two papers [23] and [25] ad-
dressed early childhood, which is considered a criti-
cal period to assess pulmonary function since those
suffering from asthma usually face the onset of their335

symptoms during this time [6, 7]. Three papers
[20, 21, 24] included subjects in a later childhood
stage and adulthood, while the three remaining ar-
ticles [18, 19, 22] did not provide information about
age.340

The articles that reported information about gen-
der were [18, 19, 23, 20, 21, 25, 24], these papers
included a balanced female and male population,
except for [25], where females included the 66.8%
of the study while males represented 33.2%. The345

rest of the studies,[22] and [23] did not include gen-
der information.

The papers published by Barua et al. [25, 24]
are the ones that provided more specifics about
the demographics of the studied population, they350

also included subject’s information about height
and weight. In [25] the subject’s height and weight
ranged from 0.88 to 1.4 meters and 12 to 32.7 kilo-
grams respectively and in [24] from 1.4 to 1.85 me-
ters and 35 to 176 kilograms respectively.355

Most of the papers reviewed provided limited in-
formation about the demographics of the studied
population. An important aspect is to understand
the demographics behind each of the classification
studies, as they could play an important role in360

the performance of IOS acquired values. Particu-
larly, height has been found to strongly correlate
with different IOS variables.[38]. Therefore, a com-
prehensive assessment of anthropometric variables
could potentially help to obtain better computer-365

aided classification results.
A summary of the studied population in each of

the selected articles is presented in Table 1

5.3. Input Features and Classification Techniques

In the selected articles, different spirometric and370

IOS parameters were used as input features of the
classifiers presented by the authors. These input
features were derived from what are called static
and/or dynamic assessments. A static assessment
is based on first pulmonary function testing (IOS375

and/or spirometry). On the other hand, a dy-
namic assessment of the patient takes into consid-

eration the application of bronchial dilation (BDT)
and bronchial provocation (BPT) tests. After BDT
and/or BPT treatment and after the second and/or380

third measurements of pulmonary function, poten-
tial changes of lung parameter values are evaluated,
from which physicians get accurate information on
the specifics of the disease [19, 18, 20, 21].

In the studies reviewed, Badnjevic et al. were the385

only authors who performed a dynamic assessment
in [18, 19, 20, 21, 22] when inconclusive results were
obtained with the static assessment. The common
input features used in the studies from Bandjevic
et al. included the R5, R20, R5-R20, X5 and Fres390

from IOS; FVC,FEV1, FEV1/FVC from spirome-
try; along with symptoms and allergy history fea-
tures; in addition to these features in [18] Bandjevic
et al. outlined the use of the PEF spirometric pa-
rameter as input feature and in [20] the use of body395

plethysmography features, while in [19] no specifics
about the input parameters used were provided. In
these studies, the classification was performed us-
ing algorithms based on Artificial Neural Networks
(ANN) [18], Fuzzy logic [19] or Neuro-Fuzzy tech-400

niques [20, 21, 22], and as previously mentioned
most of the classifiers were bi-class.

Studies conducted by N. Hafezi et al. and Barua
et al. were based on the static assessment of IOS
derived features. N. Hafezi et al. developed two405

Neuro-Fuzzy multi-class classifiers using IOS pa-
rameters R5-R15, AX, and extended model param-
eters eRIC (R, Rp,I, and Cp), or aRIC (R, Rp,I,
Cp, and Ce)[23], in their publication four different
degrees of peripheral obstruction were assessed.410

On the other hand, Barua et al. studies [25, 24]
were based on ANN algorithms were the input fea-
tures used for the bi-class classification were the
IOS parameters R5, R10, R15, R20, R25, R35, and
X5, X10, X15, X20, X25, X35 along with demo-415

graphic features of age, gender, height and weight;
and for the particular case of study [24] smoking
status features were considered.

The selected studies were based on a supervised
training approach for the learning algorithms. An420

important aspect in the development of learning al-
gorithms is the selection of the relevant features.
The process of feature selection also called variables
reduction strongly impacts the classifier’s perfor-
mance. In other words, the use of better discrim-425

inative parameters will lead to a best classifier’s
computational and accuracy performance. To this
end, none of the studies presented in this review
provided a rationale or a method for feature se-
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Table 1: Studied Population in Current Research Works of IOS Lung Function Classification

A. 
Badnjević 

et al
2016 Classification of Asthma Using Artificial 

Neural Network
Asthma & 
Healthy

N=1250.
Asthma: 728
Healthy: 522

Male: 601
Female: 649 Not reported Not 

reported
Not 

reported

A. 
Badnjević 

et al
2016

Diagnostic of Asthma Using Fuzzy Rules 
Implemented in Accordance with International 

Guidelines and Physicians Experience

Asthma & 
Healthy

N=1250.
Asthma: 728
Healthy: 522

Male: 601
Female: 649 Not reported Not 

reported
Not 

reported

A. 
Badnjević 

et al
2015 Classification of Asthma Utilizing Integrated 

Software Suite
Asthma & 
Healthy

N=289
Asthma: 72

Healthy: 217

Male: 142
Female:147

Asthma : 
19.85 +/-  SD 8.18

Healthy: 
30.03 +/- SD 11.83. 

Not 
reported

Not 
reported

A. 
Badnjević 

et al
2015 Neuro-fuzzy Classification of Asthma and 

Chronic Obstructive Pulmonary Disease
Asthma, COPD & 

Healthy

N= 455
Asthma: 170
COPD: 248 
Healthy: 37

Male: 244  
Female: 211

Asthma : 
19.85 +/-  SD 8.18

COPD: 
52.25 +/- SD 7.636

Healthy: 
30.03 +/- SD 11.83. 

Not 
reported

Not 
reported

A. 
Badnjević 

et al
2013

Interpretation of Pulmonary Function Test 
Results In Relation to Asthma Classification 

Using Integrated Software Suite

Asthma & 
Healthy

N=156
Asthma: 72 
Healthy: 84

Not reported Not reported Not 
reported

Not 
reported

Barúa, 
Miroslava 

et al
2005

Classification of Impulse Oscillometric 
Patterns of Lung Function in Asth- matic 
Children using Artificial Neural Networks

Asthmatic 
Constricted  & 
Asthmatic Non- 

Constricted 

N= 361 IOS patterns 
from 41 subjects.
Constricted: 168

Non-constricted: 193

Male: 120 
Female: 241 2-8 0.88-1.4 12-32.7

Barúa, 
Miroslava 

et al
2004

Classification of Pulmonary Diseases Based on 
Impulse Oscillometric Measurements of Lung 

Function Using Neural Networks

Central & 
Peripheral 
Diseases

N=131 Male : 64 
Female: 67 13-85 1.4 - 1.85 35 - 176

Height 
(m)

Weight 
(Kg)

Number of Subjects 
(N)

Not reported Not 
reported

Not 
reported

Nazila 
Hafezi et 

al
2009

Asthma, SAI, 
Mild SAI & 

Healthy

An Integrated Software Package to Classify 
Small Airway Impairments of the Human 

Respiratory System

Age (Years)Author Year Paper Title Conditions 
Studied

N=112  5-17 

N per 
Gender 

lection. Additionally, the learning algorithms were430

based in limited soft-computing techniques, partic-
ularly only ANN, Fuzzy Logic and Neuro-fuzzy al-
gorithms among the eight selected papers for this
review were used.

5.4. Classification Performance435

Badnjevic et al. achieved the best classification
results in the analysis presented in Table 2; in their
studies, the best accuracy results were achieved
when using both static and dynamic assessment fea-
tures, leading to obtain overall classifier’s accuracy440

results ranging from 92.3% to 99.34% in the dif-
ferent studies performed. The best result achieved
was in cite badnjeciv2015, where a neuro-fuzzy al-
gorithm was used to classify Asthma, COPD and
Healthy conditions. It is important to mention445

that Badnjevic et al. did not present the over-
all classifiers accuracy results in their articles, in-
stead they presented the classification performance
per class for both static and dynamic assessment

approaches, as the authors provided all the infor-450

mation required to calculate the overall classifiers
accuracy, we calculated it to be able to compare
the different studies, Table 2outlines the condition-
specific accuracy results reported by the authors
as well as the overall classifiers accuracy calculated455

by us for both static and dynamic assessment ap-
proaches. We need to emphasize that the dynamic
assessment used in Badnjevic et al. studies, es-
pecially the one derived from the BPT is unsuit-
able for an important asthma population which is460

young children. The BPT testing is physically de-
manding and depends on the patient’s ability to
perform acceptable spirometric maneuvers, and the
patient’s fatigue to perform repetitive spirometry
testing [26, 27, 28]. Additionally, Badnjenvic et al.465

used input variables from different sources (IOS and
spirometry derived from static and dynamic test-
ing), from both computational and clinical points
of view, it is desirable to use the minimum number
of sources to perform classification; so parsimony is470
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Table 2: Results of Current Research Work of IOS Lung Function Classification

Asthma COPD Healthy Asthma COPD Healthy Static 
Assessment 

Static & 
Dynamic 

Assessments 

A. 
Badnjević 

et al
2016

Classification of Asthma 
Using Artificial Neural 

Network

Asthma & 
Healthy

 IOS, SPIR, 
BDT, BPT

Static & 
Dynamic

Symptoms
IOS: not specified          

SPIR: not specified 
ANN Not 

reported
Not 

reported
Not 

reported 97.11% N/A 98.85% Not reported 97.84% 97.11% 98.85%

A. 
Badnjević 

et al
2016

Diagnostic of Asthma 
Using Fuzzy Rules 

Implemented in Accordance 
with International 

Guidelines and Physicians 
Experience

Asthma & 
Healthy

 IOS, SPIR, 
BDT, BPT

Static & 
Dynamic

Symptoms
IOS: R5, R20, X5, R5-

R20, Fres        
SPIR: FVC, FEV1, 
FEV1/FVC , PEF

Fuzzy 
Logic

8.65 % 
(63/728) N/A   89.08% 

(465/522) 91.89% N/A 95.01% 42.24% 93.20% N/A N/A

A. 
Badnjević 

et al
2015

Classification of Asthma 
Utilizing Integrated 

Software Suite

Asthma & 
Healthy

 IOS, SPIR, 
BDT, BPT

Static & 
Dynamic

Symptoms and allergy 
history

IOS : R5, R20, R5-R20, 
X5, Fres         

SPIR: FEV1, FEV1/FVC 
Body Plethysmography

Neuro-
fuzzy

11.43%
(8/72) N/A Not 

reported 97.22% N/A 98.61%

Could not be 
estimated 
with the 

information 
reported

98.20% 98.15% 98.62%

A. 
Badnjević 

et al
2015

Neuro-fuzzy Classification 
of Asthma and Chronic 
Obstructive Pulmonary 

Disease

Asthma, 
COPD & 
Healthy

 IOS, SPIR, 
BDT, BPT

Static & 
Dynamic

Symptoms
IOS : R5, R20,R5-R20, 

X5, Fres         
SPIR: FEV1, FVC, 

FEV1/FVC 

Neuro-
fuzzy

87.65% 
(149/170 )

85.5% 
(212/248)

Not 
reported 99.41% 99.19% 100% **86.3% 99.34%

99.28 % 
(For 

Asthma & 
COPD 
only)

100%  
(For 

Asthma & 
COPD)

A. 
Badnjević 

et al
2013

Interpretation of Pulmonary 
Function Test Results In 

Relation to Asthma 
Classification Using 

Integrated Software Suite

Asthma & 
Healthy

 IOS, SPIR, 
BDT, BPT

Static & 
Dynamic

Symptoms, allergies and 
risk factors

IOS : R5, R20,R5-R20, 
X5, Fres 

SPIR: FEV1, FVC, 
FEV1/FVC 

Neuro-
fuzzy 10.70% N/A 93.67% 90.25% N/A 94.04% 51.92% 92.30% N/A N/A

IOS: R5-R15, AX eRIC 
(R, Rp, I,Cp), 

Not 
reported N/A Not 

reported N/A N/A N/A *95.54% N/A N/A N/A

IOS:  R5-R15, AX, aRIC 
(R, Rp,I, Cp, Ce)

Not 
reported N/A Not 

reported N/A N/A N/A *97.32% N/A N/A N/A

Barúa, 
Miroslava 

et al
2005

Classification of Impulse 
Oscillometric Patterns of 
Lung Function in Asth- 
matic Children using 

Artificial Neural Networks

Asthmatic 
Constricted  

& 
Asthmatic 

Non- 
Constricted 

IOS Static

IOS : R5, R10, R15, R20, 
R25, R35,  X5 ,X10, X15, 

X20, X25, X35
General: Age, gender, 

height, weight.

ANN Not 
reported N/A Not 

reported N/A N/A N/A 98.61% N/A N/A N/A

Barúa, 
Miroslava 

et al
2004

Classification of Pulmonary 
Diseases Based on Impulse 

Oscillometric 
Measurements of Lung 
Function Using Neural 

Networks

Central & 
Peripheral 
Diseases

IOS Static

IOS : R5, R10, R15, R20, 
R25, R35, X5, X10, X15, 

X20, X25, X35
General: Smoking status, 

age, gender, height, 
weight.

ANN Not 
reported N/A Not 

reported N/A N/A N/A 61.53% N/A N/A N/A

* Accuracy of training data. No validation results available.
** Only taking in consideration the  Asthmatic and COPD populations as Healthy results were not reported by the authors

Sensitivity Specificity

Co-Active 
Neuro-
fuzzy 

Inference 
System 

(CANFIS)

Accuracy by Condition after 
Static Assessment

Accuracy by Condition 
after Static & Dynamic 

Assessments

Overall Classifier's 
Accuracy after:Classi-

fication 
Technique

Nazila 
Hafezi et 

al
2009 IOS Static

Asthma, 
SAI, Mild 

SAI & 
Healthy

An Integrated Software 
Package to Classify Small 
Airway Impairments of the 
Human Respiratory System

Author Year Paper Title Conditions 
Studied

 Assessment 
Type 

Diagnostic 
Techniques 

Used
Input Parameters Used

favored. As previously mentioned Badnjevic et al.
achieved the best results after performing static and
then dynamic testing; however, in 3 out of 5 papers,
the authors also reported the classification results
after performing only static testing, for compara-475

tive purposes this is very useful since the rest of the
studies involved in this review used input variables
derived from static data. To this end, the over-
all classifier’s accuracy results for Badnjevic et al.
studies after the static assessment ranged between480

42.24% to 86.3%; while Nafezi et al. obtained over-
all accuracy results on training data (no validation
data was used) were 95.54% and 97.32% for the two
classifiers described in paper cite; lastly, the over-
all classification accuracy obtained by Baruas et al.485

from unseen data in cite 2004 and cite 2005 were
61.53% and 98.61% respectively.

6. Conclusion

To date, different computer-aided classification
efforts have been conducted to improve the diagno-490

sis of peripheral obstruction conditions using IOS
features. However, these studies are limited regard-
ing the number of publications. According to our
research criteria only eight papers were found pub-
lished from three different main authors. The most495

recent efforts have been published by Badnjevic et
al, with five out of eight publications between 2013
to 2016, followed by one publication from H. Nafezi
et al. 2009, and two publications from Barua et al.
in 2004 and 2005 respectively. It is worth mention-500

ing that publications are even fewer when specifi-
cally talking about the IOS, regarding lung testing
features only three papers used only IOS derived
features while five used a combination of spiromet-
ric and IOS features as the classifier’s inputs. To505

favor parsimony, in this particular case, the use of
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one source of input variables is more desirable. Re-
garding asthma, the diagnostic utility of the IOS
has a greater impact on children population, as the
use of spirometry for this population could pro-510

vide unreliable results. In this regard, only two
articles specifically addressed the children’s pop-
ulation. Additionally, one advantage of the IOS
over spirometry is that unnoticeable changes in a
patient’s airway function by the latter may be de-515

tected earlier by the former [12], especially because
the IOS provides objective information in cases in
which spirometry has been either normal or could
not have been performed [11]. The areas of op-
portunities for improvement in the reviewed papers520

relate to the feature selection approach, as no ra-
tionale was provided in any of the articles reviewed
to explain why the input features used were cho-
sen or considered relevant, as supervised classifica-
tion was used by all authors feature selection is an525

important aspect that impacts the classifier’s com-
putational and quality performance. Additionally,
another limitation is related to the variety of learn-
ing algorithms used by the different authors, only
ANN, Fuzzy Logic, or Neuro-fuzzy algorithms were530

used. Furthermore, In conclusion, there is still a
great opportunity to improve the utility of IOS by
developing more robust classifiers, specifically for
the children asthmatic population as the classifica-
tion studies performed to date have the following535

limitations: 1)they are limited in number, 2) they
include features derived from tests that are not op-
timally suitable for children; 3) are bi-class (mostly
asthma and non-asthma); or 3) produce modest re-
sults for the multi-class classification of the different540

degrees of peripheral airway obstruction.
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