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Abstract 

In this research work we have developed a frame work for identification of class of hearing disorder using the decision bragged 
tree algorithm applied to the audio test reports dataset of people suffering from hearing impairments, The selection of machine 
algorithm was only done after understanding the nature of dataset , which was non linear and non separable dataset , since , the 
dataset of 60 tests, factor analysis was conducted to identify which parameters can help us design best discriminator for 
identification of hearing disorder class by doing we were able to implement the algorithm with high accuracy and low fraction of 
out of bag errors and margins errors. 
 

 
1. Introduction 
 

It is very challenging for doctors to find which hearing disorder class is the person suffering from even if 
they are known empirically by conducting various test that the person is suffering from a auditory issue. Therefore, 
an auditory test to detect hearing disorder class, it is necessary to develop a understanding of what hearing disorder 
it is [conductive hearing loss, sensor neural hearing loss, or mixed hearing loss] Then, to detect class of hearing 
disorder with high accuracy is a major issue as there are further disorder classes with in these major class . 
Therefore, there is a need for developing a classifier that can aid the doctors for identifying the class of disorder so 
that the treatment can be done correctly in terms of hearing assistive technology. 
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2. Related Work 
 

Rebecca S. Haggard et.al. [1] has discussed the hearing loss classification scales which explain the 
audiometric findings to the parents of children with hearing loss. The paper expresses that these scales, however, 
have little or no scientific basis, therefore, in this study, filtered auditory recordings were used to simulate three 
levels of childhood hearing loss, as defined by the commonly used terms—slight, mild, and moderate. Parents, after 
listening to each simulation, were asked to provide their impressions and the results demonstrated by this paper 
suggest that parents defined each simulated loss with terminology representing substantially greater magnitude than 
the commonly used terms; parents anticipated significantly greater difficulty (p < .05) for each of nine hearing-
related tasks when hearing loss was defined by the simulations rather than the classification terms; and parents 
selected more aggressive management procedures in response to the simulations than to the classification terms. In 
an additional task, parents estimated degree of simulated hearing loss with percentage values, indicating about 40% 
greater hearing loss for the three levels of loss compared to values produced by the conventional American 
Academy of Otolaryngology-American Council of Otolaryngology (1979) percentage formula. The findings indicate 
that standard methods of classifying hearing loss in audio logic and medical clinics may undermine parents' 
understanding of their child's hearing loss, causing them to underestimate substantially the magnitude of the loss, 
from this paper we can infer also the process of classification of hearing loss disorder is difficult and need careful 
identification of degree of loss. 
 

According to this published work [2], sensor neural hearing loss (SNHL) from a classification perspective. 
Primarily, the clinical aspects of the most commonly seen disorders were covered. However, no machine algorithm 
have been used, there such work have potential to improve also. Vander Werff et.al. [3] has described a clinical 
protocol for diagnosing hearing loss (HL) in infants has been designed, In this paper the thresholds in young infants 
with normal hearing tested under natural sleep were evaluated so that correct classification of hearing disorder can 
done. The results of this paper suggests that protocols for obtaining the behavioral thresholds that meet guidelines 
for early intervention are clinically feasible. Judy R. Dubno et. Al. [4] has discussed the age-related hearing loss 
(presbyacusis) which has a complex etiology and empirically works on results from animal models detailing the 
effects of specific cochlear injuries on audiometric profiles may be used to understand the mechanisms under lying 
hearing loss in older humans and predict cochlear pathologies. From this paper also we come to know that 
classification of hearing disorder are depended on the accuracy of thresholds calculated by various methods and the 
issue of correct classification of hearing disorder is issue and till date the data is not subjected to any machine 
algorithm to take advantage. 

 
 

3.  Formulation 
 

It is evident from the literature review that most the studies conducted in this area are focused on 
classification of the thresholds based on which a scale may be prepared which acts as classifier in identification of 
the hearing disorder class , however, not much work can be claimed on implementing and automating this tedious 
process by using some machine algorithm which involve muti-stage decision process , therefore , we propose 
application of decision tree learning algorithm on which works on classification tree models which includes 
Bagging decision trees, an early ensemble method, builds multiple decision trees by repeatedly re-sampling training 
data with replacement, and voting the trees for a consensus prediction. 

 
 
4. Methodology 
 

Since , it was required that a simple, robust model which could be understood and interpreted easily and 
also requires little data[auditory test dataset] preparation bragged decision tree algorithm was chosen. This method 
can that handle both numerical and categorical data, the auditory tests dataset was subjected to the tree algorithm 
after removing noisy data, so that , a white box model is prepared based on given situation is observable in a model 
the explanation for the condition is easily explained by Boolean logic and at the same time it is possible to validate a 
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model using statistical tests. That makes it possible to account for the reliability of the model with validated accurate 
results, The methodology is as follows: 

 

 
 

Fig.1 Methodology model 

 
Step-1 Collection of data: The audiology test dataset is collected from various resources such as government 
hospital which include , General hospitals and specialized hearing and speech centers . 

Start 

Audiologist test data can be collected from either of the 
following: 

1. Private clinics 

2. Govt. hospitals 

Data Preprocessing methods are performed which include: 
Data cleaning 
Data integration 
Data transformation 

Factor Analysis 

Calculate True positive case 

False positive case 

Visualize Results 

Stop 

Selection of classifier algorithm 

 
Label each test as per audiology disorder class 

Multi class disorder classifier 
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Step-2 Data Preprocessing: The auditory test dataset collected from various resources in step- 1, undergoes 
preprocess in which data is cleaned, integrated and then transformed into format which consist of inputs and 
targets/labels ready for running machine algorithm this involves issues of incomplete, inconsistent and erroneous 
data removal. 
 
Step-3 Selection of classifier algorithm: In this, degree of non-linearity is estimated to find which classifier is 
better , linearly separable or nonlinear inseparable and we found the we need a classifier that can work on highly 
nonlinear dataset after conducting visual confirmatory test on the shape of graphs coming out of the audiometry 
tests. 
Step 4: Factor analysis: Since, the auditory test dataset contains 200 training cases and 26 test cases which gave 69 
attributes with addition to identifier attribute and class attribute. These attribute are too large to analyze so factor 
analysis is done too identify best possible feature for achieving accuracy. 
 

Therefore, factor analysis was done to identify variability among observed values of auditory dataset and 
their degree of correlation [5] and to find which parameters are best differentiators for the nonlinear classifier . 

 
Step-5: Run Multi class Hearing disorder classifier: Once, the input and class labels dataset is complete, the 
factor analysis gives most significant parameters, we are now ready to run the tree bragger algorithm. However, the 
optimization of classifier need careful selection of parameter based on which the classifier run which include 
number of trees, time and performance error. 
 
 
5. Results and their interpretation 
 

The output that comes after implementing bragger tree algorithm contains the graph showing out of bag 
classification error, out of bag mean classification margin, fraction of in-bag observation, out of bag error estimate 
and also finally confusion matrix from which we can assess how good is the usage of the said algorithm applied to 
nonlinear /non separable dataset of hearing aid tests. 
 
5.1 Out of bag classification error (oob) 
 

In this class of algorithm we can ignore the need for cross-validation or a separate test set to get an 
unbiased estimate of the test set error. It is estimated internally, during the run, For each tree is constructed using a 
different bootstrap sample from the original data. About one-third of the cases are left out of the bootstrap sample 
and not used in the construction of the kth tree. This way each case left out in the construction of the kth tree down 
the kth tree to get a classification and moreover , a test set classification is obtained for each case in about one-third 
of the trees. At the end of the run, take j to be the class that got most of the votes every time case n was oob. The 
proportion of times that j is not equal to the true class of n averaged over all cases is the oob error estimate. This has 
proven to be unbiased in many tests. Therefore, it returns the classification error for out-of-bag data, from the graph 
it is apparent the initially the oob is high and gets into lower value as trees grow. The above shows the initially the 
out of bag mean error margin is high till the number of trees grown are 15, after that the graph does not show much 
change in value of out of bag mean margin error. This is apparent due to the factor the classifier has been able to 
find boundary between the various classes now, there is less change in value of the metric( Error Measurement). 
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                                                        Fig.2 Out of bag classification error 

5.2 Out-of-Bag Mean Classification Margin 
 

A margin classifier is a classifier which is able to give an associated distance from the decision boundary, 
the idea to maximize the margin of the separating hyper planes so that a clear cut classification bag can be made 
.This parameter computes the average classification margins for out-of-bag observations in the training data, using 
the trained bagger. Out-of-Bag Mean Classification Margin averages the margins over all out-of-bag observations[6] 
and it is apparent from the graph initially it is higher and becomes constants as the tree grow , this may be attributed 
to the fact the increasing the number of tree does not really in maximizing the margins more between the classes of 
hearing disorder. 

 
 

Fig.3 Out of bag mean classification margin 

 
5.3 Fraction of in-bag observation 

 
This parameter answers what fraction of input data is used for out-of-bag observations, which means 

finding the ratio of observations to be randomly selected with replacement for each bootstrap replica [7]. This 
process helps in generating different bags of training datasets which can help the classifier learning on multiple 
datasets, which makes this algorithm more effective in handling dataset of hearing disorder as it consist of data 
which has multiple decision points in between and need multiple classifications at each possible decision points. 
This allows helps in selecting for the propose the next tree in the expansion and it can be seen from the graph that 
after 14-15 tree grown there not much expansion possible for developing more trees or training sets . 
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Fig.4 Fraction of in-bag observation 

 
5.4 Confusion matrix 
 

A confusion matrix is a specific table layout that allows visualization of the performance of an algorithm, It 
gives the total view of all the datasets of hearing aid dataset in terms of true positive rate for each class and if there 
are misclassifications [8]. It is evident from the graph below that the diagonals values are filled and the upper and 
lower triangle in the matrix having zeros leaving the diagonal values are having values instances equal to values of 
features of each class of hearing disorder which shows that the said algorithm went well in conducting classification 
and the observations of hearing test dataset. 
 

 
 

Fig.5 Confusion matrix table 
 
6. Conclusion 
 
In the current work it has been proposed a classification algorithm which takes the advantage of decision tree 
algorithm to take dynamic decisions based on current scenario and which automatically incorporates factor analysis 
for considering the identification of correct class of Hearing disorder. In this research we have taken 200 people of 
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data and close to 24 parameters from wide choice of 60 parameters to finally arrive at an effective method to aid 
hearing impaired community. 
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