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Abstract 
 
There is a growing issue of airborne particle due to rapid increase motor 

vehicle ownership, traffic congestion and smoke exposure.  Children are 

observed to be more sensitive to this ambient air pollution owing to their 

immature immune system. The effects show an increased prevalence of 

upper respiratory tract infections. Spirometry is the reliable pulmonary 

function test performed by clinicians in diagnosis and investigation of 

respiratory diseases.  The outcomes of this test is based on subject effort and 

may sometimes, lead to incomplete test due to inefficiency to complete the 

test procedure by the subjects. In this work, the analysis and results of the 

decision tree based model in prediction of the early inflammatory parameters 

of Forced Expiratory flow is reported.The outcomes of the model estimated 

parameter is assessed with the statistics of standard deviation, root mean 

square error and coefficient of determination. Results show error values of 

0.16, 0.17 for normal and abnormal respectively.The decision trees based 

model reveal the ability in predicting the averaged flow volume in pediatric 

subjects. 

 

Keywords: Air pollution, Airway disease, Spirometry, Ensemble learning, 
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1 Introduction 
 

The global increase in the prevalence of airway diseases is of great 

concern and needs to be looked into. Acute respiratory infections are 

amongst most significant causes for global burden of diseases with more than 

6% of worldwide sickness mortality [1, 2]. Particularly in growing nations 

there is a increased effect of airways disease observed due to reasons like 

rapid industrialization, increased motor vehicle ownership, traffic congestion, 

new building materials, tobacco smoke exposure [2].  Epidemiological 

studies reveal that there is a positive association of high level air pollution 

and increased morbidity, mortality of respiratory diseases [3]. Evidences 

supporting association of air pollution and exacerbation due to asthma as 

well other allergic diseases have also been reported [4,5].   

 The development of respiratory diseases due to atmospheric pollutants 

has been acknowledged as an influential component of adverse health effects. 

The detrimental effects of air pollution exhibit a high occurrence of bronchial 

inflammation accompanied with severe decline in pulmonary function [6].  

Sometimes exposure to the ambient pollutants may also trigger new cases of 

asthma that provoke development of chronic respiratory illness if not 

attended. 

Children are seemed to be more vulnerable to ambient air pollution due 

to their higher minute ventilation, immature resistant  and  higher levels of 

physical activity in outdoors [7,8,9]. Recent studies in children have reported 

that current levels of ambient pollutants are related to increased incidence of 

asthma [10, 11], deficits in lung function growth[12] and airway 

inflammation[13,14].   The observed effects show a higher prevalence upper 

respiratory tract infections [15], aggravation of asthma, pneumonia, 

bronchitis [16,17].   

 Lung volumes an objective indicator of lung health and its overall 

functioning are assessed with pulmonary function tests.  These tests evaluate 

and monitor disease progression that affects respiratory system. Spirometry, 

is the standard and most commonly employed pulmonary function test by 

clinicians. It measures the volumes of air that can be breathed into and out of 

the respiratory system after a deep inspirationand hence considered as an 

important tool in clinical investigations. Forced Vital Capacity (FVC), 

Forced Expiratory Volume in one second (FEV1), the ratio of FVC to FEV1, 

Forced expiratory flow between 25%-75% (FEF 25-75) are some of the major 

parameters recorded in the spirometer and used for analysis.  

 Reports confirm that it is possible to perform reliable spirometry tests in 

school- age as well as preschool children by trained personnel [18].  It is a 

subject effort-dependent test and requires through understanding as well as 

motivation on the subject‟s part to complete the test. Many young children 

find it difficult to reach the end test requirement due to abrupt cessation of 

expiration [19]. 
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 In this analysis it is aimed to estimate the missing spirometric parameters 

due to incapacity to complete the test in adolescent subjects.  Non parametric 

model of ensembles of classification and regression trees, offering good 

predictive performance and are computationally efficient in both training, 

testing phase are applied. Section 2 gives a brief background on the 

spirometric parameters and their interpretations as well the supervised 

models. Section 3 discusses on the materials and methods used in this 

analysis. Section 4 provides the results. Finally the paper concludes with the 

findings and future developments.   

 

2 Literature Review  
 

 According to asthma guidelines, FEV1 and FEV1/FVC are the widely 

considered indices in the assessment of asthma and disease progression. 

However studies show that even with a normal FEV1, subjects were also 

affected with asthma symptoms [20, 21]. Especially in the early stages of the 

disease, subjects with asthma exhibit normal values of significant spirometric 

parameters. The spirometric index FEF25-75 is an approximate measure of 

distal airways caliber. The reduction in this parameter represents small 

airways obstruction caused by asthma inflammation. Certain studies also 

provided evidence that impaired FEF25-75 maybe used to predict Airway 

hyperresponsiveness (AHR), in subjects affected by asthma both in children 

and adults [22,23].There were further works that concluded FEF25-75 to be 

considered as a reliable predictor for asthma symptoms [24, 25, 26, 27].Also 

in study [28] it is discussed that, asthmatic subjects have lower FEF 25-75% 

and hence this parameter provides a more sensitive way to assess the disease 

at an early stage. A reduction in the averaged forced expiratory flow between 

25% and 75% of pulmonary volume with normal FVC and FEV  in one 

second may considered as an important marker showing the  inflammation  

in  small airways exhibiting an indication of allergic diseases [28]. These 

studies confirm the use of FEF25-75 as an important marker in analysis of 

subjects with early onset of asthma. 

 Earlier works show that children with breathing difficulty and mental 

impairment limit the ability to reach the end of test criteria in a spirometric 

test [29]. Consequently spirometric assessment may sometimes result in 

incomplete data sets [30].  Applying computer assisted automated prediction 

models that could estimate such missing spirometric parameters in adults [31, 

32, 33] are reported as an alternative to assist clinical diagnosis. These 

studies show good correlation results of estimated significant pulmonary 

parameters using artificial intelligence.Ensemble models are a data mining 

move that incorporates multiple models to solve the identical problem. The 

three widely used ensemble approaches includes boosting, bagging and 

stacking. In this the Bootstrap aggregating involves generating predictive  
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models in the ensemble using a randomly drawn sample of the data. Bagging 

is considered to be more robust against model over fitting. Random forest 

(RF) is the central representative of bagging [34].Stacking widens the cross-

validation technique. In this scheme the input data set is portioned into held-

in-data and a held-out-data set and has been applied in both supervised and 

unsupervised learning. This data partitioning has resulted in achieving better 

performance than the single one trained models [35]. The significant 

advantages of RF over its Adaboost counterpart is robustness to noise and 

overfitting.[36].  The RF predictive models finds numerous other biological 

applications including identification of cancer   bio markers [37], cardiac 

diagnosis [38], diagnosis of asthma patients based on respiratory sound   

signals [39].  

 

3 Materials and Methods 
 

The spirometric feature prediction process described in detail in this 

section, includes data acquisition description, feature extraction, the 

algorithm of random forest and evaluation.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 1: Block diagram representation of work flow of the prediction system. 

The spirometer recordings with a portable InspireX spirometer were 

conducted on adolescent children (N = 210) and is considered in this 

analysis. The pediatrics were advised on the test procedure and recordings  
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were obtained in conformity with American Thoracic Society (ATS) 

guidelines [40] by trained technician. The anthropometric assessment that 

includes the height, weight and age were also recorded.Random Forest is 

based on a collection of tree structure based learners. The method combines 

Breiman's "bagging" idea and random choice of input features to build the 

group of decision trees in the model. Each tree is generated with a distinctive 

set of input data drawn by randomly sampling the input spirometric data 

called the bootstrap sample. The remaining spirometric sample known as 

Out-of-Bag (OOB) data that was not used to grow the tree is used to estimate 

the fitness of the tree. Figure 1shows Block diagram representation of work 

flow of the prediction system.  
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Random forest trees are are grown with two-level randomization procedure. 

In the first stage randomness is injected in the model by employing only a 

bootstrap sample of the original data to grow a tree. Multiple trees are grown 

by recursive partitioning using the bootstrap samples. A second stage of 

randomization is introduced at the node level. At each node of the tree, an 

arbitrary subset of the available spirometric features is accounted as potential 

predictors to obtain the optimal split of the node. 

Each node „t‟ in the tree is divided into two descendant subsets Left (L) 

and Right(R) called child nodes. The partitioning is completed when the final 

node size is reached and the trees are grown to its largest possible extent. 

The split function is aimed to minimize the sum of squared errors amongst 

the child nodes and is given as [41] 

  ( )   ∑ (     ̅)
                                                           (1)  

RF Algorithm 

Input { Xi } 

Process 

Create an empty vector   ⃗⃗⃗⃗  ⃗ 
For j= 1 → N do 

To generate a tree Ti  

Repeat 

Sample S out of the input feature set usin Bootstrap 

sampling      

Create a vector of the S feature (  ⃗⃗⃗⃗⃗⃗ ) 

Determine the best split feature  (  ⃗⃗ ⃗⃗ ⃗⃗  ⃗) 

Generate a new node using  (  ⃗⃗ ⃗⃗ ⃗⃗  ⃗) in the tree     
Until No more features to split on             

Include    to the   ⃗⃗⃗⃗  ⃗ 
end for 

A vector of RF trees are generated 
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where  is the average  predicted numerical response values in node t and 

 is the predicted numerical response of each input „í‟.  

For a tree t, the out of bag mean squared error is evaluated as the average 

of the squared deviations of responses from their respective predictions. 

                                                         (2) 

where  is the prediction for the i
th
 observation and  denotes the 

average prediction for the i
th
 observation from all trees and  is the 

number of observations in the tree  „t‟.  

 

3.1 Performance Metrics 
 
 The standard deviation of the population is calculated as  

               (3) 

 

The assessment of model fitness was evaluated using the coefficient of 

determination and the root mean square error measures. The goodness of fit 

of the prediction model is assessed using R
2 
statistics. The measure shows the 

proportion of the variance of the predicted flow volumes from the measured 

volumes. It is given as 

 

R
2 
= 1                                                    (4) 

  

The root mean square of residuals defines the expected magnitude of the 

prediction error and is given by 

 

RMSE   =                           (5) 

 

 

4   Results and Discussions 
 

The statistical analysis of mean and standard deviation of the input 

spirometric pulmonary function parameters are shown in Table 1. The mean 

values of the significant spirometric parameter FEV1 in normal subjects are 

distinctly higher than that of the abnormal cases. 
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Table 1: Statistical analysis of spirometry pulmonary function parameters 

 
The simulations on the data set of lung volumes are carried out in 

MATLAB 10 environment running in Core i3 1.8GHZ CPU with 2GB RAM. 

For achieving an optimum performance, two important parameters are 

optimized in the RF algorithm. They are the number of spirometric input 

features ( ) chosen randomly at each split to grow the forest and the 

number of trees (N tree) in the forest. The former parameter is set at the 

default value (subset of input features) while the number of trees 

is varied. The average out-of-bag error rate is examined for different forest 

sizes. The OOB error for N tree =1000 is plotted in Figure 2.It can be seen that 

the error value converges to a low value around 750 trees and this value is 

taken as the forest size. 

 

 

 

 

 

 

 

 

 
Figure 2: Variation of out-of-bag error values with varying number of trees in the 

RF regression model 
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The quantification of importance of features is performed while the                

forest is built. The permutation index is used estimate the feature importance 

and is plotted in Figure 3. From the figure, it is inferred that the spirometric 

indices PEF, FEF25, FEF50 and demograhic parameter Height have more 

contribution towards the prediction accuracy of averaged FEF.  

 

 
Figure 4: Deviation of predicted values of RF-FEF25-75 model from measured 

values of normal subjects 

 

 

 

 

 

 

 
Figure 3: Permutation based  feature importance scores in RF- FEF 

prediction model 
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Figure 5: Deviation of predicted values of RF-FEF25-75 model from measured 

values of abnormal subjects 

 

The deviation plots depicted in Figure 4 and 5 for normal and abnormal 

subjects shows an extremely close fit between the actual and the RF model 

estimated FEF25-75 assessments. The correlation coefficient between the 

measured and predicted FEF25-75% is obtained as R
2
= 0.95 for normal 

subjects and R
2
= 0.98 for abnormal subjects.  The high correlation between 

measured and predicted FEF25-75 values indicates a good predictive ability of 

the Random forest model.  
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Figure 6: Plot of residuals of the averaged flow volumes in young children in 

normal subjects 

 

 
 

Figure 7: Plot of residuals of the averaged flow volumes in young children in 

abnormal subjects 

 

It was also observed from the residual plots (Fig. 6,7) the presence of 

positive and negative residuals indicated the existence of a certain 

correlation. The residuals evenly distributed in both positive and negative 

along the run implies that the data is independent as well has a minimum 

deviation from the zero axis.  
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4   Conclusion 
 

Missing data are frequent in medical research, which may lead to a 

potentially biased diagnosis if not handled appropriately. Prediction models 

in medicine have proliferated in the recent decade. Health care providers 

recommend the use of these models within clinical practice, to assist 

therapist in decision making at various stages of the clinical pathway. The 

development of this area is stills an ongoing research and has strong scope of 

improvement.  

To further explore, in this work, an attempt was made to predict the 

pulmonary attributes with a decision tree based model in incomplete 

spirometry by subjects in the adolescent age group.  

Spirometry continues to be the vital and primary pulmonary function 

test used by clinicians for assessment of     respiratory disorders.  The test 

outcomes rely upon the capability of subject under examination and 

approaches of the investigator so as to enable the subject to complete the test. 

Hence there are missing attributes that may inhibit the further diagnosis of 

the clinicians. 

The present analysis on prediction of missing spirometric volumes in 

young subjects, with a decision tree model based on the concept of bagging 

and bootstrapping is capable to predict flow volumes near accurately to the 

measured volumes.A close correlation fit with the measured volumes were 

observed in the analysis.  One limitation of this study is that the large 

volumes of spirometric recordings are required for a population based study. 

With these promising results, the future scope of this work is to incorporate 

more subjects and develop a population based model towards assisting the 

clinicians in disease diagnosis and analysis. 
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