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Around 5 million people in India are with hearing impairment. The higher education 

opportunities for students with hearing impairment are very limited. Only six institutes in 

the country provide undergraduate degrees to students with hearing impairment, according 

to accessible records. Academic achievement in the past, student background 

characteristics, and eLearning elements are all aspects that influence a student's academic 

performance. Hearing impairment-related characteristics may also need to be considered 

for a student with hearing impairment. Identification of these elements may aid teachers in 

developing individualized teaching plans for students. This paper tries to find the features 

that affect the performance of students with hearing impairment. The features included are 

socioeconomic, previous academic scores, and deafness-related factors. The dataset 

includes data of 224 undergraduate students who have hearing impairment. The 

preadmission data is used to analyze the performance of students with hearing impairment. 

The students are classified into different levels – low, medium, and high according to their 

performance. Different machine learning models are used to classify the students – Logistic 

Regression, Decision Tree, Support Vector Machine, KNN, Random Forest, and Naïve 

Bayes. The Random Forest model performed better compared to other models. 
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1. INTRODUCTION

According to World Health Organization’s (WHO) World 

Report on Disability 2011, people with disabilities make up 

around 15% of the global population. As per WHO, hearing 

loss will affect over 900 million people by 2050, up from 450 

million today, or 5% of the world's population. The Rights of 

Persons With Disability Act (RPWD Act) 2016, defines 

Hearing impairment as “(a) persons with 70 DB hearing loss 

in both ears within speech frequencies is considered as ‘deaf’ 

(b) the person with 60 DB to 70 DB hearing loss in both ears

within speech frequencies is referred to as  ‘hard of hearing’

and ‘speech and language disability is considered as

permanent disability due to conditions like laryngectomy or

aphasia which affects any of the components of speech and

language due to organic or neurological causes”. As per

RPWD Act, it is the responsibility of the Government and the

local authorities to ensure equal participation of persons with

disabilities equally with others [1]. Because education is so

important to one's quality of life, it's important to research the

elements that influence this population's education. This may

help the government and other stakeholders of education to

formulate policies that ensure equal opportunities for all

irrespective of disability [1].

According to the 2011 Disability Census, India has roughly 

5 million persons with hearing loss. Hearing loss is the 

country's second most common disability, accounting for 

18.9% of all disabled people. There is no considerable data on 

the literacy abilities of the deaf in India, but informal 

observations suggest that students with hearing impairments 

may have to wait several years to achieve a respectable level 

of reading and education and that this level is not always 

achieved [2]. Currently, as per available data, only very few 

institutes offer undergraduate programs for students with 

hearing impairment [2]. Students with hearing impairment 

have struggled academically owing to a variety of causes. Low 

academic performance has resulted in poor employability, low 

income, and substandard quality of life in India, hence 

research into this performance and the causes associated is 

urgently needed [2]. Many studies in the field of deaf 

education were undertaken in the late 1980s and early 1990s, 

and society's attitude toward this sector improved [3]. Students 

with hearing impairments performed poorly in comparison to 

their hearing peers, despite numerous advancements. Students 

with hearing impairments lacked the necessary information 

and abilities to maximize their potential [4]. There were no 

suitable pedagogies that can be used by teachers in the 

classroom with students with special needs [5]. 

In India, schools and colleges follow general conventional 

teaching methodologies to teach students with deafness. The 

lack of expertise in pedagogy adds to the barriers faced by 

students with deafness receiving effective educational services 

[6]. Prior academic achievements, student background 

attributes, and eLearning attributes are considered as the 

factors that affect the academics of a student [5]. For a student 

with hearing impairment, the attributes related to hearing 

impairment may also need to be considered. The identification 

of these characteristics that influence students with hearing 
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impairments' academic performance may aid educational 

stakeholders in developing tailored and individualized 

teaching plans for them, as well as policies that will enable 

them to pursue higher education possibilities. Additional 

accommodations are required for including students with 

hearing impairment in mainstream schools. The identification 

of characteristics that influence students with hearing 

impairments' academic progress may aid in the identification 

of such adjustments. 

The analysis of factors that affect the academic performance 

of students with hearing impairment can significantly improve 

their quality of life, with technological advancements and 

machine learning. This can help the authorities to provide 

equal opportunities to all without any barriers. 
 

 

2. LITERATURE REVIEW 
 

Technology advancements can help to improve people's 

quality of life both directly and indirectly. Students with 

hearing impairments can benefit from machine learning 

algorithms to improve their academic performance. The 

academic success of students with hearing impairment is 

influenced by parental expectations and learning support [7]. 

The academic achievement of students with hearing 

impairment is also affected by the curriculum, learning 

resources, and pedagogies used. The need for improved 

policies, accessibility facilities, and faculty practices is 

explored in [8]. There have been studies that compare the 

academic performance of hearing students and hearing 

impaired pupils in an inclusive setting. It highlights the 

significance of faculty members using specific approaches and 

pedagogies to improve the performance of students with 

hearing impairment [9]. For students with hearing impairment, 

academic achievement is also affected by their mode of 

communication, whether it is sign language or speech [10]. 

Students with hearing impairment lag behind in school than 

their hearing peers, owing to a communication barrier that 

eventually leads to poor language abilities [11]. In a significant 

study [12], Marschark et al. predict the academic performance 

of students with hearing impairment from personal, household, 

communication, and academic factors. In [13] a prediction 

model is suggested to predict the class 10 marks of students 

with hearing impairment. Seven features were used by the 

model which included age, school, guardian, study time, 

parent support, marks in grade1, and extracurricular activities. 

In another attempt to predict the academic performance of 

students with hearing impairment student grades, 

demographics, geographical region, school, course type, and 

course score are found to have a high correlation for predicting 

academic outcomes [14]. It is observed that the studies using 

machine learning techniques in the area of deaf education are 

very limited. The opportunities in this area of research are 

numerous which will contribute significantly to improve the 

higher education of students with hearing impairment. There 

are many hopeful developments in the field of deaf education 

research, however studies reveal that the cognitive differences 

between students with and without hearing necessitate the use 

of particular teaching approaches and instructional materials 

[5]. 
 

 

3. METHOD 
 

The non-availability of an open dataset that comprises the 

details of students with hearing impairment leads to the 

development of a dataset. The dataset is developed by 

collecting data from the National Institute of Speech and 

Hearing, Kerala, India. This is one of the prominent 

institutions in the country that offer specially designed 

undergraduate programs for deaf and hard-of-hearing 

students. The data of 224 students are collected. The limited 

higher education opportunity for students with hearing 

impairment justifies the small size of the dataset. The previous 

research identified previous study achievement as one of the 

predictors of student achievement [15]. There is literature that 

observes that socioeconomic features can affect the 

performance of students [12]. The major challenge faced by 

students with hearing impairment is in communication and 

language skills. The related features are identified that include 

communication mode, speech therapy received, type of 

schooling, degree, type, and percentage of hearing loss. Under 

each of the three broad classifications- Socioeconomic 

features, prior academic features, and deafness-related 

features independent features are identified. 

Based on the characteristics, the features are divided into 3 

categories – (a) background details which include independent 

features like age, gender, family background, education of 

parents, annual income, state, and district (b) prior academic 

details like independent features - marks scored for class 10 

and class 12, semester 1 marks for undergraduate course (c) 

deafness related independent features like percentage of 

hearing loss, type and degree of hearing loss, family history, 

mode of communication, Type of school, speech training, 

Cochlear Implant, Hearing aid use. Figure 1 illustrates the key 

characteristics identified which are linked to students with 

hearing impairments' academic achievement. 

 

 
 

Figure 1. Factors related to the academic performance of 

students with hearing impairment 

 

The data was collected through Google form and from the 

academic records of students from the institution. The 

workflow is represented in Figure 2. The data preprocessing 

was done by cleaning the data and checking the missing values. 

The preprocessing of data is very crucial in data analytics. 

Several methods deal with missing data. Some of them are 

ignoring the tuple, filling the missing value manually, use a 

global constant or attribute mean or most probable value for 

the missing values [16]. Considering the limited opportunity 

for students with hearing impairment, the dataset size is small. 

It is found that almost all the columns did not have missing 

values. Only two columns, Percentage_class10 and 
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Percentage_class12 have 5 and 6 missing values respectively. 

As the dataset size is small, ignoring the tuple is not considered; 

instead, they were imputed by the mean of the column values. 

The dataset included categorical and continuous values.21 

features were identified which include socio-economical, 

academic, and deafness-related features. Centering and scaling 

are performed independently on each feature by computing the 

relevant statistics on the training set samples. The mean and 

standard deviation are then saved for later use with 

transformation on other data. Many machine learning 

estimators require dataset standardization: they may behave 

poorly if the individual features do not resemble standard 

normally distributed data. 

 

 
 

Figure 2. Workflow diagram 

 

The StandardScalar() function in Sklearn library is used for 

standardizing the numerical features. The standard score of a 

sample x is calculated as: 

 

z=(x-u)/s (1) 

 

where, u is the mean of the training samples, and s is the 

standard deviation of the training samples. It is observed that 

there is no change in distribution after normalization. The 

students were grouped into three based on their first semester 

marks as A, B, C -High, Middle, and low-level respectively. 

The Label encoding was done to convert categorical values to 

numerical values. The distributions of variables in different 

groups were found and the exploratory data analysis was done 

with graphical representations to obtain valuable insights into 

the data. The numerical features were standardized and the 

correlation of these features with the grade was found using 

correlation. The correlation matrix is plotted between the 

continuous attributes and the semester one marks... The chi-

square test is a test for independence that compares two 

categorical values in the contingency table to see whether they 

are related. The formula of chi-square statistic used in the chi-

square test is: 

 

χc
2 = ∑

(𝑂𝑖 − 𝐸𝐼)2

Ei
 (2) 

 

where, c is the degree of freedom, Oi is the observed value and 

Ei is the expected value. 

Statistical significance is often referred to as probability 

value or p-value. A small p-value means that your data are 

unlikely under some null hypothesis. A somewhat arbitrary 

convention is to reject the null hypothesis if p<0.05. In this 

study, the chi-square test is used to test which categorical 

features are related to Grade. The null hypothesis –H0, is taken 

as the variables are independent of Grade. To conclude the 

hypothesis with 95% confidence, the p-value should be less 

than 0.05, which is the alpha level associated with 95% 

confidence level. The p-value less than 0.05 represent the 

relation between the grade and the selected categorical 

variable, that is, the null hypothesis is rejected. 

The dataset is modeled with six classification algorithms- 

Logistic Regression, Decision Tree, Support Vector Machine, 

KNN, Random Forest, and Naïve Bayes. The performance of 

models is compared and it was found that the performance of 

Random Forest is better than the others. The model is 

evaluated using classification report and values -accuracy, F1-

Score, precision, and recall. The k-fold cross-validation 

technique is used to improve the performance of models. 

 

 

4. RESULTS AND DISCUSSIONS 

 

4.1 Socioeconomic details and grade 

 

The various socio-economic and background attributes and 

the possible values are tabulated in Table 1. The attributes are 

chosen to check whether the family background or 

geographical attribute has any relation to the academic 

performance of the student. 

 

Table 1. Socioeconomic and background features 

 
Sl No Attribute Possible Values 

1 Gender {Male, Female} 

2 
Annual 

Income 

{Below 5000, 50000-1 lakh,1 -5 Lakh-5 

Lakh – 10 lakh, Above 10 Lakh} 

3 
Education of 

father 

{No Formal Education, Below High School, 

Plus Two, Under Graduation, Post-

Graduation, Ph.D.} 

4 
Education of 

mother 

{No Formal Education, Below High School, 

Plus Two, Under Graduation, Post-

Graduation, Ph.D.} 

5 District 
{All districts of Kerala, District outside 

Kerala, Outside India} 

6 State 
{All states of India, Outside India, Union 

Territory} 

 

All the features in this category are categorical variables. 

The chi-square test is performed to find the relation between 

these variables and Grade. The p-values obtained when the 

chi-square test was performed are shown in Table 2. 

From the calculated p values, it is found that gender and 

district are dependent on the feature Grade. It is also observed 

that Grade is independent of features like annual income and 

education of parents. 

 

Table 2. Calculated p-value for socioeconomic attributes 

 
Attribute Calculated p-value 

Gender 6.700e-05 

Annual Income 0.974 

Education of father 0.404 

Education of mother 0.999 

District 2.221e-11 

 

4.2 Prior academic performance and grade 

 

The features of prior academic scores are that of class 10 

and classs12. They are continuous variables distributed as 

shown in Figure 3. 
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Figure 3. Mark percentage distribution - Class10 and 

Class12 

 

 
 

Figure 4. Correlation matrix 

 

The statistical data of these numerical features are shown in 

Table 3. 

The correlation coefficient indicates how strong there exists 

a relation between data or two columns. The correlation 

formulas return a value between -1 and 1.1 shows that there is 

a strong positive relationship between the columns, -1 show 

that there is a strong negative relation between the columns 

and 0 shows that there is no relation between the columns. In 

this paper, the Pearson correlation coefficient formula is used 

to find the correlation of class 10 percentage and class 12 

percentage with semester1 marks. The Pearson correlation 

coefficient, r, formula to find the correlation between two 

columns x and y is: 

 

𝑟 =
n (∑ 𝑥𝑦)  − (∑ 𝑥) (∑ 𝑦)

√[n ∑ 𝑥2 − (∑ 𝑥)
2

][ n ∑ 𝑦2 − (∑ 𝑦)
2

]

 
(3) 

where, n is the number of values in x and y. 

corr() available in Python’s Pandas library is used to find 

the pairwise correlation of the numerical columns in the data 

frame. The Pearson standard correlation coefficient is used. 

Using heatmap() in Python seaborn library, the heatmap of the 

correlation matrix is drawn. The correlation matrix of these 

features with the semester1 marks is shown in Figure 4. 

The correlation matrix values show that the percentage of 

class 10 and class 12 correlates with the grade. 

 

4.3 Deafness-related features and grade 

 

The deafness-related features include Degree, type, and 

percentage of Hearing loss(HL), Type of school, undergone 

cochlear implant, usage of Hearing aid, speech therapy 

received before or after the age of 5, family history, and 

communication mode. The categorical deafness-related 

features and their possible values are tabulated in Table 4. 

The percentage of HL is a continuous value. The correlation 

of this feature with the grade is found to be negative. The p-

value obtained for the remaining features in the chi-square test 

is tabulated in Table 5. 

The chi-square test results show that the features, 

communication mode, speech therapy after the age of 5, usage 

of hearing aid, type of schooling, and degree of hearing loss are 

the dependent features. 

From the above-discussed results, it is seen that the 

dependent features in the academic performance of a student 

with hearing impairment are gender, district, state, percentage 

of marks in class 10 and class 12, communication mode, speech 

therapy after the age of 5, usage of hearing aid, type of 

schooling and degree of hearing loss. The communication 

mode is a very significant feature as hearing impairment 

directly affects the communication of the student. Students 

with hearing impairment mainly depend on three modes of 

communication – speech, sign language, and sign language and 

speech together. It can be observed that the type of school, 

regular or special, is also a dependent feature. The 

accommodations provided for students with hearing 

impairment need to be analyzed and studied. Also, the need for 

more intervention centers is evident from the fact that speech 

therapy is a dependent variable. 

The number of students belonging to each category with the 

features identified is summarized in Table 6. It is observed 

while considering the middle-level performing students that the 

Sign language users and those who use both sign and speech 

are almost similar in number. The number of students who 

received speech therapy after the age of 5 is much greater than 

that who have not received speech therapy. This indicates the 

importance of audiological interventions. The usage of hearing 

aid is observed as not so significant with the performance. The 

majority of students fall in severe or profound degree of hearing 

loss. Considering the type of schooling, it is seen that the 

majority of students did their schooling in special schools. This 

calls for the new policies that will improve the pedagogies and 

specialized instructional materials in special schools. The new 

modes of education like sign bilingualism need to be 

considered. Sign bilingualism is founded on the idea that deaf 

children can readily learn sign language and should be allowed 

to do so because they may have difficulty accessing spoken 

language. 
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Table 3. Statistics of prior academic data 
 

Feature Count Mean Std Min 25% 50% 75% Max 

Percent-Class10 215 77.57 11.9 45 70.0 79.0 86.0 100 

Percent-Class12 215 73.94 11.5 40 68.2 74.0 81.0 100 

 

Table 4. Deafness related features 
 

Slno Attribute Possible values 

1 Degree of HL 
{Mild, Moderate, Moderately 

Severe, Severe, Profound} 

2 Type of HL 
{Conductive, Sensorineural, 

Mixed} 

3 Family History {Yes, No} 

4 Cochlear Implant {Yes, No} 

5 Hearing Aid Use {Yes, No} 

6 
Type of School –

Class 10 

{Special school, Regular 

School} 

7 
Type of School –

Class 12 

{Special school, Regular 

School} 

8 
Communication 

Mode 

{Sign language, Speech, Both 

Sign and Speech} 

9 
Speech Therapy- 

before age 5 
{Yes, No} 

10 
Speech Therapy- 

after age 5 
{Yes, No} 

 

Table 5. Calculated p-value for deafness-related attributes 
 

Attribute Calculated p-value 

Degree of HL 0.011 

Type of HL 0.628 

Family History 0.154 

Cochlear Implant 0.174 

Hearing Aid Use 0.001 

Type of School –Class 10 5.343e-08 

Type of School –Class 12 0.001 

Communication Mode 0.004 

Speech Therapy- before age 5 0.183 

Speech Therapy- after age 5 1.945e-09 
 

Table 6. Identified attributes and student categories 
 

ATTRIBUTE A B C 

Gender    

Male 40 67 21 

Female 21 59 7 

Communication Mode    

Sign Language 18 61 23 

Speech 2 1 0 

Sign and Speech 41 64 5 

Speech Therapy – after age 5    

Yes 39 70 9 

No 22 56 19 

Hearing Aid Use    

Yes 27 35 9 

No 34 91 19 

Degree of HL    

Mild 2 9 0 

Moderate 4 4 3 

Moderately Severe 7 7 4 

Severe 24 63 12 

Profound 24 43 9 

Type of School-Class 10    

Regular School 20 27 3 

Special School 41 100 25 

Type of School –Class 12    

Regular School 19 29 4 

Special School 42 97 24 

Table 7. Model accuracy comparison 

 
Model Accuracy 

Logistic Regression Model 0.565 

Decision Tree Model 0.593 

Support Vector Machine 0.733 

KNN Model 0.645 

Naive Bayes Model 0.601 

Random Forest Model 0.811 

 

 
 

Figure 5. Model evaluation 

 

The data is modeled using six different classification 

algorithms – Linear regression, Decision tree, Naïve Bayes, 

KNN, Support Vector Machine, and Random Forest. For the 

classification, 10 significant features are selected. These 

include gender, gender, district, state, percentage of marks in 

class 10 and class 12, communication mode, speech therapy 

after the age of 5, usage of hearing aid, type of schooling, and 

degree of hearing loss. 

The performance of different models in terms of accuracy is 

tabulated in Table 7. The performance of various models is 

compared and it is observed that Random Forest model is better 

in terms of accuracy compared to others. The 10-fold cross 

validation is used to achieve this accuracy. The dataset is split 

into 10 non overlapping folds through the 10-fold cross 

validation process. Each fold is held again as test set whilst all 

different folds are used a train dataset. In a 10-fold cross-

validation process, 10 models are fit and evaluated on 10 test 

sets and the mean overall performance is considered. Repeated 

k-fold cross-validation allows to enhance the predicted overall 

performance of a machine learning model. In this process the 

cross validation procedures are repeated and mean value from 

all folds from of all runs is taken. This mean result, calculated 

using the standard error, is thought to be a more accurate 

illustration of the real unknown underlying mean overall 

performance of the model on the dataset. An accuracy of 81% 

is obtained with Random forest model after the 10 fold cross-

validation method. 

The model is evaluated using classification reports and 

accuracy. The F1 Score, Recall, and Precision of Random 

Forest model is graphically represented in Figure 5. The 

hyperparameters used to tune the model are n_estimators - 

1000, random state - 62, and criterion ‘gini’. 

 

 

5. CONCLUSIONS 

 

In this study, it is observed that the factors related to deafness 
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also need to be considered in the case of students with hearing 

impairment. For a hearing student, the prior academic results 

along with background features have a strong relationship with 

the grade he obtained in the first semester [17]. In the case of a 

student with hearing impairment, one of the major barriers he 

faces throughout his life is the communication barrier. Sign 

language is considered as his mother tongue and recent studies 

show that bilingual education that is written language through 

sign language is very effective in the education of students with 

hearing impairment. This study emphasizes the importance of 

communication mode and type of school in the academic 

performance of students with hearing impairment. The positive 

impact of speech therapy also calls for policies that can provide 

more audiological services to the hearing-impaired population. 

Another significance of this study is an attempt to develop a 

dataset with variables related to deafness. This is a considerable 

contribution to further research in this area. Though the limited 

higher education opportunities for students with hearing 

impairment justify the smaller size of the dataset, the model 

accuracy can be further increased by improving the dataset size. 

The classification of students based on the pre-admission data 

can help the teachers to make customized teaching plans for 

each group. The development of a front-end tool for this 

classification can be considered as one of the future scopes of 

this study. 
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