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The objective of the paper is to examine the academic performance of
students’ vis-a-vis socio-economic factors using clustering analysis. The
grades obtained in the 10" class are taken as the measure of academic
performance the variables such gender, caste, parental education and
occupation are considered as the socio-economic indicators. Three clustering
algorithems are employed. The K-medoid performs better in the validation
process to form the groupings based on intra-cluster homogeneity and inter-
cluster heterogeneity. The clustering analysis results in two interesting groups
of the students. One of the clusters is dominated by the students of general
category and the other one by the scheduled caste category. Next, the
appropriate statistical tests are applied to determine the factors that
significantly differ in the two clusters. Cluster analysis shows that caste,
parents' education and occupation, and family income are the differentiating
factors between the two groups. However, we are unable to establish
significant difference between the academic performance of the two groups

of students at a 5% significance. The research carried out in this paper may be
beneficial for making policies to bridge the gap in the educational attainment
of the students from deprived sections of society.
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1. INTRODUCTION

Education is considered one of the most enabling factor to empower individuals and nations all over
the world. However, the socio economic factors (SES) such as gender, poverty, family status, and area of
residence play influential role in shaping students” academic success [1]-[4]. Sevral researchers have studied
the association between SES and academic achievement. Considine and Zappala [5], investigated the extent of
the impact of socioeconomic, individual and family related factors on academic performance of financially
disadvantageous students in Australia. The authors found that ethnicity, gender, absence from school, parents’
educational status, type of housing, and student age were all statistically significant variables for the academic
performance. Malecki and Demaray [6] also established moderate and significant relationships between social
support scores and grade point average (GPA) scores. The study suggested that social support could restrain
the relationship between academic performance and poverty. Islam and Khan [7] showed a correlation between
socio-economic status and academic attainment of 12" class School students. The study found a significant
difference in the academic success of different SES groups. Recently, a research has investigated the
significance of self-concept in relation to SES and school academic accomplishment. This research is based on

Journal homepage: http://ijeecs.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 O 1569

345 students at junior high school in China. The results confirmed that self-concept and family SES were
significantly correlated with the performance of students in mathematics and Chinese [8].

In Indian scenario, gender and caste are unique features that leads to the educational deprivation [9].
Bhagavatheeswaran [10] looked at the barriers and enablers to scheduled caste (SC) and scheduled tribe (ST)
adolescent girls entering and completing the secondary education in Northern Karnataka. They identified the
caste barriers for the entry and retention of the SC/ST girls in secondary education, and highlighted the need
for working to change the belief and expectation around gender norm as well as improving the quality of
education. John et al. [11] examined the association of caste categories (general, other backward caste (OBC)
and SC/ST) with the academic achievement of Indian adolescents belonging to the same school environment.
The research investigated the psychological measures of life satisfaction and self-esteem, gender, age and
family income of X and X1 grade students. The study confirmed a significantly positive relationship between
the caste categories and academic performance.

Most of the earlier studies regarding attainment of educational outcomes follow the traditional
statistical approaches on smaller amounts of data. Educational data mining (EDM) is the relatively new domain
that employs machine learning techniques to discover novel and interesting trends from educational data. EDM
has been successfully applied for prediction, association rule mining, clustering analysis and outlier detection
[1], [12]. The predictive and clustering analytics are the two major tools of educational data mining. The
predictive analytics as its name suggests, is a supervised learning technique that can predict a response variable
based on the values of predictors. There exist many studies for predicting the students’ academic performance
based on SES [13]-[16]. Notwithstanding to predictive modelling, clustering analysis is an unsupervised
machine learning technique that discover natural groupings in the data based on intra cluster homogeneity and
inter cluster heterogeneity of the data instances. The clustering algorithms minimises the intra cluster
homogeneity and maximises the inter cluster heterogeneity, i.e., the data instances within a cluster are very
similar to each other whereas data instances falling in different clusters are dissimilar to each other. Several
clustering algorithms have been applied on the educational data [17]-[21].

K-means is one of the most popular partitioning clustering algorithms that has been broadly applied
in the domain of educational data mining [22]. Prachuabsupakij and Chiengpongpan [21] applied k-means to
investigate the relationship between personal data and students' performance in the information technology
programme. The authors found five clusters in the student’s data. Furthermore, the mother and father's
education, income, and gender were the significant variables that influenced the group formations. Another
study performed k-means clustering to find the number of clusters using student GPA [23]. Bharara et al. [24]
performed disposition analysis using K-means clustering. The study concluded that students' interaction with
learning management system and parents' involvement in students' education were the significant features that
affected the students’ academic performance.

K-means clustering algorithms do not work proper in the presence of mixed type of attributes and
outiers. It may also converge to sub-optimal solutions [25]. We have applied K-medoid, hierarchical, model
based and fuzzy clustering algorithms on Jawahar Navodaya Vidyalaya (JNV) students’ data on socio
economic indicators and academic performance. JNVs are Indian government initiative to provide the state-of-
the-art education to the talented students from deprived and rural background. It will be interesting to
investigate whether these schools have fulfilled the aim of narrowing the gap between the academic
performance of the student groups belonging to different socio-economic status. We didn’t come across any
study to answer the above question. This study is a novel contribution to the domain of EDM.

In this paper, we perform a statistical as well as clustering analysis of socio-economic factors and
academic performance of JNV students of five successive batches of the admission years 2006-07, 2007-08,
2008-09, 2009-10 and 2010-11 at Khunga Kaothi, Jind district, Haryana (India). We collected socio-economic
data related to location of residence (rural/urban), gender (male/female), educational and occupational status
of parents and, family size and income of the students. The grades achieved in tenth class of central board of
secondary education (CBSE) results is taken as the indicator of academic performance. K-medoid clustering
algorithm is used to divide the students in homogenous groups. The two groups are described using descriptive
statistics and then inter-group differences are analysed by employing suitable statistical tests. The aim of this
research is to explore if the JNV system is able to cover-up the gap in academic performance of students
originating from differential socio-economic status. Towards this aim, we intend to answer the following two
research questions:

- Does there exist a significant difference in the academic performance of the groups of JNV students
belonging to differential socio-economic status?
- Which socio-economic indicators are significantly different in the groups?

The result of this research show that there are two groups of students in the JNV. One group consists
of students belonging to general category with their parents involved in agriculture. This group have relatively
high income. The second group comprises of scheduled caste students with labourer parents who have low
income. The research also shows that the female students’ academic performance is significantly better than
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their male counterparts. The academic performance of the two groups is not found to be significantly different
at 5% level of significance, however, the students from the higher SES group perform better at a significance
level of 10 %. This shows that the JNV schools have been successful in reducing the academic performace gap
to some extent.

The organization of the paper is as shown in: section 2 describes the research methodology used in
this research. Section 3 presents the results and compare these to other relevant studies. Section 4 concludes
the research and points to its limitations and future direction.

2. RESEARCH METHOD

This section describes the experimental design. Initially, the section includes statistical summary of
the data. Next, it describes data pre-processing steps, application of clustering algorithms, statistical tests and
tools used.

2.1. About Jawahar Navodaya Vidyalayas (JNVS)

To make the quality education accessible to the children of socially and financially deprived
backgrounds predominantly from rural area, the national policy on education 1986 envisioned opening of
residential schools called INVs. Education at JNV is fully supported by government and is completely free for
girls, especially abled and students belonging to SC/ST categories and students from families whose income is
below poverty line. The admissions to JNVs are made to class VI through Jawahar Navodaya selection test
conducted by CBSE. The seats in JNVs are reserved for children belonging to SC/ST categories in ratio of
their population in the respective district of schools’ location, but not less than the national average of 15%.
Further, 75% seats are reserved for children belonging to rural areas. JNVs follow CBSE curriculum like most
of the schools in urban centres. According to the survey conducted by the development evaluation advisory
committee, the INV schools have been able to help in bringing excellence among rural talents in education and
learning life skills. The pass percentage has been significantly higher in class X board examinations compared
to the other CBSE schools [26].

2.2. Data collection and descriptive summary

There are 576 JNVs in India spread across 27 states and 7 Union Territories. The state of Haryana has
21 JNVs. The data is collected from Jawahar Navodaya Vidyalaya Khunga Kothi, Jind, district random selected
out of 21 JNVs located in Haryana (India). The data from the JNV include attributes related to socio-economic
status and as well as academic performance of the students. The socio-economic data come from the enrolment
forms which are collected from the students at the admission time in VI class while academic performance data
is taken in the form of tenth class grades from CBSE results. The data sample pertains to 257 students for five
consecutive admission years 2006-07, 2007-08, 2008-09, 2009-10 and 2010-11. The detail of strength of
student taken is displayed in Table 1.

Table 1. Data count
Sr.No  Admission year  Student strength 10" class year  Student strength

1 2006-07 40 2010-11 30
2 2007-08 65 2011-12 52
3 2008-09 75 2012-13 59
4 2009-10 75 2013-14 61
5 2010-11 70 2014-15 55

The attribute details with their respective distribution in the dataset is shown in Table 2 and Table 3. The
gender distribution of the students shows a bias towards male students despite that one third seats are reserved for
girls. With respect to caste distribution, there are 33.9% students belong to SC, 10.5% students belong to OBC,
and 55.6% students belong to the general category. The representation of SC students is above their population
ratio in national (16.2 %), Haryana (20.17 %) and Jind District (23.16) as per the 2011 census [26]. The sample
data has 84% of students from rural area as compared to only a 16 % from urban areas. Since agriculture is the
main occupation of the rural population in Haryana, therefore, 45% of fathers’ occupation is agriculture followed
by 33% of the fathers being labours. Only 12% fathers are from service sector. As most of the women in the rural
area are unemployed, 76% mothers are housewives. The Jind district is relatively backward in literacy in Haryana
as male and female literacy rates of the district are 80.81% and 60.76% compared to the male female literacy rates
of 84.06 % and 65.94 % of the state of Haryana which is higher than the national male female literacy rates of
82.14 % and 65.46 % respectively [27]. The male female literacy rates (78% and 61%) of the sample data reflects
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the same. Two of the variables (humber of family members and grade point obtained by the students in tenth class
on ten-point scale) are discrete variables whereas income is treated as numeric variable. The five-point summaries
of these variables are also given in Table 3. The median income is only 20,000 and the median family members
is 5. The median grade point is 8 which is impressive indeed.

Table 2. Data description (categorical variables)

Attributes Description Codes (categories) Frequency distribution  Percent (%)
Gender Male or female Male (M) 164 64
Female (F) 93 36
Caste Caste of the students  Scheduled caste (SC) 87 33.9
Other backward caste (OBC) 27 10.5
General (GEN) 143 55.6
Residence Urban or rural Rural (RL) 217 84
Urban (UR) 40 16
Father_edu Father education Illiterate (ILTR) 30 12
Primary (PMRY) 14 05
Middle (MDDL) 44 17
Matric (MTRC) 121 47
Secondary (SECD) 33 13
Graduate (GRDTA) 15 06
Postgraduate (PGDT) 1 0.6
Father_occup. Father occupation Agriculture (AGR) 116 45
Labourer (LBR) 89 35
Service (SRV) 38 15
Self employed (SEMP) 14 05
Mother_edu. Mother education Illiterate (ILTR) 102 39
Primary (PMRY) 41 16
Middle (MDDL) 45 18
Matric (MTRC) 55 21
Secondary (SECD) 10 4
Graduate (GRDTA) 4 2
Postgraduate (PGDT) 0 0
Mother_occup.  Mother occupation Housewife (HW) 195 76
Labourer (LBR) 23 9
Anganwadi (AWADI) 06 2
Agriculture (AGR) 33 13

Table 3. Data description (numerical variables)

Attributes Description Type Five point summery
Income The income of the family Numeric ~ Min. Q1 Median. Q3. Max
1000 12000 20000 40000 300000
Family members ~ Number of family members Discrete Min. Q1 Median. Q3. Max
155614
Grades Overall grade obtained in tenth class  Discrete Min. Q1 Median. Q3. Max
5 88910

2.3. Data pre-processing

Data pre-processing is a crucial step of data mining process that converts the raw data into useful and
efficient data forms. The raw data is never in a form ready to be mined. The raw data may contain missing
values and redundant attributes. It may also require some data transformation to make the data mining process
effective. We pre-processed the data in the following ways.

The raw data contained some missing values. We replaced the missing values for categorical and
discrete variables with their mode values. For continuous variable income, the missing values were replaced
with the average income of the category of the fathers’ occupation. For example, if we found a missing value
for the family income variable of a father involved in agriculture then it was replaced with the average family
income of all the remaining fathers involved in agriculture. The average incomes of the different categories of
father occupation are Table 4.

Not all the attributes are equally relevant for any data mining task. Some attributes do not contribute
any important information, but these may prove to be noisy and influence the performance of data mining
algorithm adversely. During data selection invaluable attributes such as roll no, names of the students and their
parents were removed.

This step is applied to transform the data in an appropriate form that is useful for the data mining process.
In this step, the four attributes regarding parents’ education and occupation were discretised into various
categories given in Table 2. We applied normalization to three attributes (family income, grade point and number
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of family members) to scale the data values between -1 and 1. This was done to avoid undue weightage given to
the attributes with larger range values while computing similarity of examples for clustering algorithm.

Table 4. Average income (Rs) of different categories of father occupation
Occupation  Average income

AGR 28,402
LBR 19,192

SEMP 34,500
SVR 1,22,155

2.4. Applying clustering algorithms and determing the number of clusters

Here, we have applied centroid-based, hierarichical and model-based clustering algorithms. We have
also validated the performance of the three algorithms and determined the number of clusters (K) using
silhouette width and dunn index. The K-Mediod algorithm stands winner out of the three.

2.4.1. K-medoid

It is also called partition around medoid (PAM). K-Medoid algorithm uses one representative object
per cluster as the reference point for clustering in place of the mean value of objects contained in a cluster as
is the case for the K-means algorithm. To group n objects into K clusters, the K-medoid algorithm initially
selects K representative objects randomly. Then it keeps replacing the representative objects by other non-
representative objects until the quality of clusters keeps improving. The algorithm iterates until it finds the truly
centrally located objects (medoids) for K clusters. Since the data involve categorical as well as numeric
attributes, we have used ‘gower’ disimilarity for computing the distance matrix.

2.4.2. Diana

Divise analysis, it is a topdown hierarchical clustering algorithms. It begins by assuming all the
observations in a single cluster and then subcessively partitions the cluster until each observation ends up in a
single cluster. At each step, the cluster tree grows by selecting the cluster with the largest diameter for split.
The diameter of a cluster is the largest divergence between any of its observations. Subsequently, the selected
cluster is split into two most heterogeneous clusters.

2.4.3. Model based clustering

In model-based clustering, the main idea is to consider that data are coming from a mixture of
underlying propbability distributions. The most accepted model based clustering approach is the Gaussian
mixture model (GMM), where each observation is assumed to come from one of the K (number of clusters)
multivariate normal distributions [28]. We selected the best clustering algorithm out of the above three based
on connectivity, Dunn index and Silhouette width as shown in Table 5. Based on the below table, out of the
clustering algorithm, PAM stands out with the lowest connectivity, highest Dunn index and maximum
silhouette width. The optimal number of clusters across all the algorithms is 2.

Table 5. Cluster validation

Nclust —> 2 3 4 5 6
Clustering technique

Diana Connectivity 3642 6412 7238 7316 78.19
Dunn 0.24 009 010 010 011
Silhouette 0.34 033 029 027 025
PAM Connectivity ~ 23.74* 3830 62.33 8056 91.62
Dunn 0.26* 009 025 010 011

Silhouette 035* 031 031 030 027
Model based clustering  Connectivity — 33.61 85.35 7258 70.22 87.98
Dunn 0.16 010 011 010 011
Silhouette 0.35 030 027 023 022

2.5. Characterizing the clusters

To answer the research question of this study, we need to find out what are the significant variables
that discriminate the two clusters in the best way. In other words, we need to look at if the distribution of values
in the two clusters is significantly different or not. To do this, we used Chi-squared test of independence for
categorical variables. The Chi-squared test is not reliable if the expected frequency value in any of the cells of
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contingency table is less than 5. In such cases, we used fisher exact test. We used t-test to validate if there is a
significant difference in the number of family members, family income and the grades of the students falling
in the two clusters.

2.6. Tools used

R and RStudio were used to implement the various clustering algorithm and for applying statistical
tests. R and RStudio are widely used open-source platforms for statistical computing and data analytics.
R provides a wide variety of inbuilt functions for hypothesis testing based on classical statistical tests, linear
and non-linear predictive modelling, and clustering analysis. We used ‘clValid’ package for carrying out the
cluster validation.

3. RESULTS AND DISCUSSION

This section describes the results of the cluster analysis. The selected clustering algorithm PAM
divides the students into two clusters as suggested by cluster validation process. The clusters fomred uncovers
valuable and interesting insights. Tables 6-8 give the intra and inter cluster frequency distributions of various
variables for the clusters.

Table 6. Cluster analysis: intra-cluster frequency distribution of categorical variables

Attributes Sub-attributes Cluster 1 Cluster2
Frequency  Percentage (%) Frequency Percentage (%)
Gender M 67 45 26 24
F 83 55 81 76
Caste GEN 138 92 5 5
OBC 11 7 16 15
SC 1 1 86 80
Residence RL 131 66 68 64
UR 19 48 21 36
Father_edu ILTR 13 8.6 17 15.9
PMRY 7 4.6 7 6.5
MDDL 24 16 20 18.7
MTRC 75 50 46 43
SECD 20 13.3 13 12.1
GRDTA 10 6.6 4 3.7
PGDT 1 0.6 0 0
Father_occp  AGR 113 75.3 3 2.8
EX 7 4.6 3 2.8
LBR 1 0.6 85 79.4
SEM 7 4.6 7 6.5
SVR 22 14.7 9 8.4
Mother_edu ILTR 60 40 42 39.3
PMRY 18 12 23 215
MDDL 21 14 24 22.4
MTRC 41 27.3 14 13.1
SECD 7 4.6 3 2.8
GRDTA 3 2 1 0.9
Mother_occp  AGR 33 22 0 0
AWADI 1 0.6 3 2.8
EX 1 0.6 1 0.9
HW 115 76.6 80 74.8
LBR 0 0 23 215

Cluster analysis reveals that most of the students belonging to the general category (97%) fall in cluster
1 whereas all the students belonging to the schedule cast category (99%) except one fall in cluster 2. The OBC
students are distributed in both the clusters, i.e., 41% in cluster 1 and 59% in cluster 2. This shows that more
of the OBC students are socio-economically closer to the SC students.

Henceforth, cluster one is dominated by the students of general category and the second cluster
contains students of SC category. The major proportion (72%) of the girl students fall in cluster one. This
means that girls from SC category are underrepresented in the school. Fathers belonging to general category
appear to be slightly more educated than the fathers belonging to the SC category. There exist 91 % and 84 %
literate fathers in the general and SC category clusters respectively which is above the male literacy rate of 80
% of Jind district. Fathers belonging to the first cluster are involved in agriculture whereas in the second cluster,
fathers are labourers. Although the proportions of illiterate mothers in the clusters are similar, the proportion
of educated mothers of general category students increases beyond middle school. There are 60 % literate
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mothers within both the clusters. The literacy rate for the mothers is only at par with women literacy rate of
Jind district. The study indicates that educated fathers are availing the opportunity to send their children to
JNV. There is a clear distinction between the occupation of SC and non-SC mothers. SC mothers are labourers
and there is lesser proportion of housewives in this category.

Intra-cluster five number summaries for the number of family members, family income and grades
obtained by the students are given in the Table 7. The five number summaries for number of family members
and grades do not vary a lot between the two groups of SC and non-SC students. The first quartile, median and
third quartile of income is lower for the second cluster dominated by SC population of students. The maximum
income in both the clusters is far away from the median income. This is due to the presence of few
fathers/mothers in government services.

Table 7. Cluster analysis: intra-cluster frequency distribution of numerical variables

Attributes Cluster 1 Cluster 2
Income Min. Q1 Median. Q3. Max Min. Q1 Median. Q3. Max
1000 15000 24500 48000 240000 3600 10000 15477 30000 300000
Family members Min. Q1 Median. Q3. Max Min. Q1 Median. Q3. Max
145614 35569
Grades Min. Q1 Median. Q3. Max Min. Q1 Median. Q3. Max
688910 588910

Table 8. Cluster analysis: inter-cluster frequency distribution of variables

Attributes Sub-attributes Cluster 1 Cluster2
Frequency  Percentage (%) Frequency Percentage (%)
Gender M 67 72 26 28
F 83 51 81 49
Caste GEN 138 97 5 3
OBC 11 41 16 59
SC 1 1 86 99
Residence RL 131 66 68 34
UR 19 48 21 52
Father_edu ILTR 13 43 17 57
PMRY 7 50 7 50
MDDL 24 55 20 45
MTRC 75 62 46 38
SECD 20 61 13 39
GRDTA 10 71 4 29
PGDT 1 100 0 0
Father_occp  AGR 113 97 3 3
EX 7 70 3 30
LBR 1 1 85 99
SEM 7 50 7 50
SVR 22 71 9 29
Mother_edu ILTR 60 59 42 41
PMRY 18 44 23 56
MDDL 21 47 24 53
MTRC 41 63 14 37
SECD 7 70 3 30
GRDTA 3 75 1 25
Mother_occp  AGR 33 100 0 0
AWADI 1 25 3 75
EX 1 50 1 50
HW 115 59 80 41
LBR 0 0 23 100

Further, we have statistically validated the attributes that play a significant role in discriminating the
two clusters. Pearson’s chi-squared test of independence and fisher exact test are applied for categorical
variables. For numeric and integer variables, t test is applied to validate if there exists a significant difference
between the mean values of the variables for the two clusters. Table 9 shows the test statistics for the various
variables. It shows that gender, caste, father occupation, mother education, and mother occupation and family
income play significant role in differentiating the two clusters. It is worth noting that there is no significant
difference in the fathers’ education in the two clusters but there is significant difference in their occupation.
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Table 9. Statistical test results

Attribute name Statistical test applied ~ X-Squared/t value  df value p-value
Gender Chi-squared 10.35 1 0.0013
Caste Chi-squared 208.5 3 <2.2e-16
Residence Chi-squared 1.803 1 0.1794
Father education Fisher exact test - - 0.44
Father occupation ~ Fisher exact test - - <2.2e-16
Mother education Fisher exact test - - 0.019
Mother occupation  Fisher exact test - - 2.622e-16
Family members t-test 1.0495 250.36 0.295
Family income t-test 2.6876 247.98  0.003842
grades t-test 1.6316 23531  0.05205*

Further, it is clear from the Table 7 that the family income of the students belonging to the general
category is significantly higher. The attribute ‘family member’ has no significant role in the cluster formation.
Moreover, no significant difference is found in the academic performance of students falling in the two clusters
at a significance level of 0.05. With the above findings, we can characterize the two clusters based on socio
economic status of the students as shown in Figure 1.

Cluster 1

Cluster1

Dommated by : .
Students bebnging to zeneral Dominated by
catesory Students belongmg ta 5C
fathers mvolved m agneulture b utﬁﬂﬂfzji
educated mothers ourer fathers
predominantly involvedin less Tﬁ _lelxabn]:_m mothers,
agriculture, relatrvely high relatively low meome

moome

Figure 1. Characterizing clusters of the students

Here follows the discussion on the results. We set out to examine the two research questions by
applying clustering analysis:

- Does there exist a significant difference in the academic performance of the groups of JNV students
belonging to differential socio-economic status?
- Which socio-economic indicators are significantly different between the groups?

In our study, the null hypothesis states that there exists no significant difference in the academic
performance of the students’ groups based on socio-economic status. The null hypothesis could not be rejected
at a significance level of 5%, which is inconsistent with the inference drawn from many of the existing studies
which shows a correlation between socio-economic status and academic performance. It has been noticed that
ethnic minorities from low socio-economic status are consistently disadvantaged than other category in terms
of educational outcomes [5], [9], [29]. Bhagavatheeswaran [10] also identified the caste as a barrier for the
entry and retention of the SC/ST girls in secondary education. Hwever, the result of this study depict that the
academic performance of the students belong to SC and Non-SC group is significantly different only at 10 %
significance level. This indicates that the JINV school may have helped SC students to enhance their academic
performance, however, additional support is required to further boost the academic performance of the students
belonging to the lower SES.

Regarding second question- caste, educational and occupational status of family, and family income
indicators divide the students at JNV into two separate groups, i.e., students belonging to the general category
and students belonging to the SC category. The results also lend support to [30] study that participation of
parents in educational processes not only directly impacts the academic performance, but also indirectly
influences the learning attitudes and behaviours of their children. Another important dimension is that there
are significantly less females compared to males in the SC group.
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4. CONCLUSION AND FUTURE SCOPE

Many studies have concluded that SES has bearing on student academic performance. The adverse
socioeconomic circumstances have detrimental effect on the academic attainment of students. In this paper, we
have carried out clustering analysis of the JNV students’ data. The clustering algorithm divided the students
into two groups based on differential socio-economic factors. Majority of general category students (from
better-off family backgrounds) and schedule caste students (from lower status family backgrounds) fall in
different clusters. Statistical tests showed significant difference in the socio-economic status of the two groups.
However, no significant difference was noticed in the academic performance at 5% significance level.
According to this study, the JNV school has been able to cover up the gap in academic performance of the
students, who come from marginal sections of society to some extent. The residential environment and financial
support by the government may have proved to be beneficial in bridging the gap. We have worked on data
sample from a single school, and the result is significant. Since the academic structure, reservation policy and
financial support of the JNV schools is same all over India, it is likely that findings for the other JNV school
may be similar. However, it would be fascinating to re-test the study with the 12" class result of the same
students. We will also try to repeat the study for larger samples of JNV schools at zonal and national level.
Such studies will permit to explore the regional differences, if any. It would also be interesting to perform a
similar study on other schools affiliated to CBSE and compare it to the one carried out here. These studies will
prove to be beneficial for making policies to bridge the gap in the educational attainment of deprived sections
of society.
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