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Abstract— Asthma is a common chronic inflammatory 

disease of the airways characterized by variable and recurring 

symptoms, reversible airflow obstruction and bronchospasm. 

Such diseases have been so far predicted by pulmonologists upon 

performing bed examination and spirometers; analog or digital 

and or even conventional. Our research and proposed system is 

based on a stacked auto-encoder that uses greedy layer-wise 

training methodology as the justification method of the asthma 

presence in patients and later on be able to classify its severity. 

For this reason, seven attributes that are medically-thought 

related to patients with asthma are presently considered such as 

height, frequency range, Forced Vital Capacity (FVC), Forced 

Expiratory Volume in 1 second (FEV1), frequency range and 

dose of steroids. Those parameters are then used as inputs into 

an artificial neural network function as said earlier that precisely 

conclude the stage of the disease.   

Keywords— component: Asthma, Artificial Neural Network, 

Spirometer. 

I. INTRODUCTION  

Medical researchers have shown that heredity and genetic 
facts play a vital role in the reason of being diagnosed with a 
specific disease. However, our daily life style has been 
affecting our health and increasing the negative outcome 
upon our body.  

Respiratory diseases are spreading widely among the 
population due to both heredity and life style conditions. 
Asthma in particular is a chronic and allergic disease 
identified by using the spirometer device; this device 
measures the air flow of expiration, which allows us to 
collect sufficient data to detect respiratory diseases such as 
Asthma, Pneumonia and pulmonary embolism. The aim of 
this work is the development of an intelligent system based 
on the neural network algorithm in order to assess pre-
existing and predict Asthma, using the data collected from 
different human conditions [1]. 

This work is a detection researches around the world 
using computer-aid techniques. It is a part of ongoing 
research for detecting and diagnosing Asthma. However, this 
work provides different additional methods and techniques to 
reach the desired purpose which is to classify it into three 
main classes: Normal, mild and Severe Asthma. This is done 
using classified neural network.  

II. DEFINITION OF ASTHMA  

Asthma is a chronic disease that attacks the lungs causing 
an inflammation that narrows its airways. It often occurs 

during childhood, however it affects all ages; based on 
statistics done in the United States of America, more than 25 
million people suffer from Asthma and 7 million of those are 
known to be children [2].  

The lungs consist of airway tubes that carry the air into 
and out of it. These airways get inflamed once infected with 
Asthma, which results in swollen of these arteries and 
difficulty in respiration with sensitivity to any inhaled 
substance as shown in Figure 1.  

 

Fig. 1. Lungs Anatomy [3] 

III. STACKED AUTO-ENCODER  

   In deep learning and deep architectures, auto-encoders 

play a fundamental role for transfer learning and other tasks. 

In [4], Pierre Baldi presented a general mathematical 

framework for the study of both linear and non-linear auto-

encoders. The structure reveals insight into the various types 

of auto-encoders, their learning intricacy, vertical and 

horizontal composability in deep designs, basic focuses and 

crucial connections to information theory, Hebbian learning 

and clustering. 

   An unsupervised feature learning algorithm called auto-

encoder focuses on developing better feature portrayal of 

high dimensional input data by finding the connection 

among the data. Essentially, an auto-encoder is a multi-layer 

feed forward neural network trained to represent the with 

back propagation [5]. By applying back-propagation, the 

auto-encoder attempts to reduce the error however much as 
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could reasonably be expected amongst input and 

reconstruction by learning an encoder and a decoder [6]. 

   In general, an auto-encoder is considered to having one 

hidden layer, that learns the compressed portrayal of input 

attributes, that is encoding function: f
(enc)

, and its expansion 

to the original input data in the output layer, that is decoding 

function: f
(dec)

. Figure 2 depicts a basic auto-encoder 

framework, where x is the input data, L1(x) a vector of 

hidden layer activations and y is the computed output [7]. 

 

Fig. 2. Structure of an Autoencoder  

Learning of activations of hidden neurons is the encoding 
stage, while learning of the output neuron activations from 
the already learned hidden layer neuron activations 
represents the decoding stage. Input data are supplied at the 
input layer and the same input data are supplied at the output 
layer as the desired output; the encoder weights of the 
network (Wenc), and decoder weights (Wdec) are then learned 
by optimizing a cost function. For binary valued inputs, the 
sum of Bernoulli cross-entropies can be used as the cost 
function as described in the equation below, where it is noted 
that, for auto-encoders, u = r. 

 

where xk is the kth attribute in the input data vector x, and 
yk is the corresponding kth attribute of the computed output 
data vector, y. The loss function is minimized toward xk = yk, 
if and only if the input is correctly reconstructed in the output 
layer. 

IV. SYSTEM RECOGNISHION: CLASSIFICATION 

PHASE 

A During this phase, the cases are classified into normal, 
mild and severe asthma using neural network. We used one 
back propagation neural network due to its simplicity. We 
used 150 cases (75 females, 75 males) 75 normal cases, 31 
mild cases and 44 severe asthma cases. The system was 

trained on 76 patients; 38 for normal cases, 16 mild cases 
and 22 severe cases. The input layer consists of 7 neurons; 
the hidden layer consists of 15 neurons while the output layer 
has 3 neurons since we have 3 output classes: normal, mild 
and severe Asthma. Figure 3 shows the neural network 
architecture of our proposed system. 

A. Data Representation  

Seven attributes are involved; age, height, Forced Vital 
Capacity (FVC), Forced Expiratory Volume in 1 second 
(FEV1), ratio FEV1/FVC, frequency range and dose of 
steroids. However, two main parameters (FEV1 & FVC) 
show high credibility for the asthma prediction. Table I 
shows the listings of the medical data that are used as inputs 
for the ANN, networks. Moreover Table II shows the output 
classes or Asthma classifications according to our proposed 
system. 

 

Fig. 3. Architecture of the proposed system 

TABLE 1.   INPUT PARAMETERS 

Range Description Parameters 

Continuous Age in years Age 

Continuous Height in cm Height 

Continuous Liters FVC 

Continuous Liters in 1 second FEV1 

≥ 0.7 

0.5 < ratio <0.7 

< 0.5 

Normal 

Mild 

Severe 

FEV1/FVC 

450L-500L 

400L-449L 

350L-399L 

Normal 

Mild 

Severe 

Frequency 

range 

0µg 

172.1 < dose < 342.7 

1221.6 < dose < 1464 

Normal 

Mild 

Severe 

Dose of 

Steroids 

 

TABLE 2.  OUTPUT CLASSES / CLASSIFICATIONS 

Asthma Presence / Severity Asthma Classes 

Normala Class 1 

Mildb Class 2 

Severec Class 3 
a. No Asthema being detected: ratio ≥ 0.7                     

b. Mild Asthema being detected: 0.5 < ratio < 0.7 

c. Severe Asthema being detected: ratio is ≤ 0.5 
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B. System Training  

The system uses MATLAB programming as software 
utilizing the back-propagation algorithm. The initial step is to 
make an essential system and train it for basic operation, for 
example, 'AND" "OR" so as to diminish the mean sum error 
value to 0.01.All training sessions  utilize back-propagation 
methodology with both adaptive learning rate and 
momentum; with the function "traingdx" and with the 
transfer function "logsig". The network is then fed with the 
normalized datasets for the three sets and their output targets 
respectively. Table III represents IV records data of the 7 
attributes before normalization. Table 4 represents the same 
data after normalization. We ran the experiments for 5000 
iterations. 

Figure 4 shows stacked auto-encoder learning curve 
during fine-tuning. It shows the error variations versus the 
number of epochs required for the network to learn. It is seen 
that the network ran for 5000 maximum iterations with a 
learning rate of 0.04, a momentum rate of 0.008 and a 
minimum error of 0.014 since it is a medical application.  

Figure 5 below represents the regression plot of the 
desired output (dotted line) and the actual output. As the 
actual output is far from the target as the error is increased. 
In this figure, it is remarked that the target and the actual 
output are very close which means that the error is 
minimized and the network well trained (training ratio = 
96%). 

 

TABLE 3.  ATTRIBUTE VALUE FOR 4 PATIENTS                  
BEFORE NORMALIZATION 

Parameters Patient 1 Patient 2 Patient 3 Patient 4 

1 35 49 18 80 

2 175 181 175 175 

3 4.2 2 2.5 3.85 

4 0.9 0.5 1.5 2.73 

5 0.21 0.25 0.6 0.7 

6 350 351 410 450 

7 1000 997 172.1 0 

 

 

TABLE 4.  ATTRIBUTES FOR THE SAME 4 PATIENTS                  
AFTER NORMALIZATION 

Parameters Patient 1 Patient 2 Patient 3 Patient 4 

1 0.035 0.049147 0.043902 0.177778 

2 0.175 0.181545 0.426829 0.388889 

3 0.0042 0.002006 0.006098 0.008556 

4 0.0009 0.000502 0.003659 0.006067 

5 0.21 0.25 0.6 0.7 

6 0.35 0.352056 1 1 

7 1 1 0.419756 0 

 

 

 

 

Fig. 4. Variation of MSE with iteration numbers 

 

 

 

 

Fig. 5. Actual output versus Target output 

V. SIMULATION RESULTS  

This paper introduces an intelligent identification system 
established with neural Classification. 

This identification system was tested using MATLAB 
software and tools. The network was tested on a dataset of 
150 records; 75 for normal, 31 for mild and 44 for severe 
cases. 

Table-5 represents the results obtained from a run for the 
three different classes (Normal, mild and severe Asthma). 
This table below represents the number of records that were 
recognized by the network in the training and the testing 
phase. The number of recognized records was divided by the 
total number of records with respect to each case set 
(Normal, mild, and severe Asthma). The result of this 
fraction is called the recognition rate. 

The total recognition rate for the preparation set is 96% 
and for the testing set is 93.93% which implies that some 
records were not perceived effectively. Accordingly, the total 
recognition rate is 93.93% and it is a satisfying result for 
such medical application. 
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TABLE 6.  RECOGNITION RATE  

Classes Training Sets 

(76 cases) 

Testing Sets 

(74 cases) 

Total 

Normal 100% 100% 100% 

Mild 100% 100% 100% 

Severe 90% 81.81% 81.81% 

All Classes 96.6% 93.93% 93.93% 

 

In this paper, an intelligent identification asthma prediction 
system was designed. The system is based on neural network 
classification. An enough number of records of normal mild 
and severe cases were collected. These records were then 
normalized and used for training and testing the network. 
The network was finally able to distinguish between the three 
types of classes; normal, mild and severe through the seven 
medical parameters used already listed in this paper. 

VI. CONCLUSION  

 
In this paper, an asthma prediction system based neural 

system was produced. Data mining technique was utilized to 
find a simple analysis of some therapeutic information 
related to Asthma. The composed system was equipped for 
diagnosing the three therapeutic conditions: Normal, Mild 
and Severe Asthma. The created system utilized 7 medical 
parameters that may show Asthma if their qualities are out of 
ordinary reaches. The experimental results of the neural 
system were acceptable for such expectation assignment and 
they can be moreover progressed. 
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