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Abstract: One of the main objectives of Educational Data Mining (EDM) is to improve the education system to increase student
retention, help students to score high and attain holistic development. The purpose of the study is to analyze the psychological
parameters of students to predict their intellectual performance and generate recommendations to be utilized by institutes and
students to improve academic performance. This study performs matrix factorization using single value decomposition (SVD) to
predict missing parameters related to the psychological behaviour of students with root mean square equals 0.059 and uses the user-
based collaborative filtering technique to predict their grade with RMSEA as 0.055. It makes use of decision tree (ID3) algorithm for
generating decision rules that produces results with an accuracy of 76% and provides suggestions on how to improve learning by
changing the psychological behaviour of students. The results showed that three parameters of personality (namely
conscientiousness, openness and need for cognition), six of motivation construct (intrinsic motivation, optimistic, goal orientation,
concentration, locus of control and self-efficacy), five of self-regulatory learning strategies construct (rehearsal, elaboration, meta-
cognition, peer learning, time/study management) highly impacted academic performance in positive way. Students belonging to
upper and middle socioeconomic status avail more from learning facilities. Also, learning the in-depth knowledge of the topic
enhance student intellectual performance. It is noted that social integration and academic integration help students to learn the subject
matter in friendly environment and reduces depression. The key findings highlight the parameters positively impacting students’
intellectual performance. This help in improving students’ intellectual performance which further addresses student retention,
progress and employability.

Keywords: Academic Performance, Single Value Decomposition, Student, Educational Data Mining, Prediction, Recommendation,
Collaborative Filtering, Decision Tree

foundation for comprehensive research on enhancing
student academic performance with the use of their
academic and non-academic abilities.

1. INTRODUCTION

Student’s intellectual performance is an enduring
issue for institutes, students and society as education is

essential for the growth of any country. Education has
also progressed with the advancement in technology.
Online resources have eliminated the barriers related to
absenteeism in the classroom and face to face teaching-
learning process. Besides various tutorials, educational
websites and availability of subject material all the time it
is noted that the performance of students is not
satisfactory. Since, students differ in their behaviour and
academic competencies the need to study various
parameters affecting the academic performance of
students is a matter of important concern. This laid the

Timely prediction of the academic and non-academic
performance of student can help institutes to identify the
areas a student is lacking and can beforehand improve it
by taking necessary actions. It is evident from previous
studies that non-intellectual constructs of students
significantly impact their academic performance. Various
data mining techniques such as linear regression [35],
logistic regression [18], neural networks [63], support
vector machine [73], decision tree [75] have been
extensively studied for predicting the aforementioned
objective. Romero, Ventura, Espejo and Hervas (2008)
[63] classified students to predict their marks based on
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usage of Moodle courses. It helps in determining
activities that help students to attain high marks and to
eliminate those which are related to low marks. It also
assists teachers in identifying problems related to the
learning of students and could provide them with
solutions on time. It has been noted that the techniques
matrix factorization using factorizing machine (FM),
multilinear regression and random forests produce lower
error rates than previously applied techniques [71].

The work carried in [37] focused on academic
parameters including a deadline of assignment
submission, time of admission, attendance in the
classroom on daily basis, giving examination on
scheduled date and time, to predict the academic
performance of undergraduate and graduate students.
Personality traits of individuals’ impact their intellect
[55]. Also, parameters of self-regulatory learning
strategies (SRLS) and motivation are highlighted in
recent years [3]. SRLS has become an important skill in
the current period and both SRLS and motivation are not
part of classroom learning which makes them an essential
aspect of learning [21]. Moreover, students who lack
SRLS, motivation and cognitive abilities face academic
challenges [9, 14, 27]. Students residing in rural areas
having low socioeconomic status lack in motivation skills
and have incompetent interpretations [15]. Students’
learning style comprise of cognitive abilities, emotions
and psychometric parameters which describe the ways
students react to the learning environment and the
learning environment impacts the academic performance
of students [17].

Recommender systems are used extensively in
various areas [58] helping businesses and users in
different ways. Its application can be found in
envisioning the performance of students in a timely and
accurate manner. An approach of the recommender
system has been proposed to predict the academic
performance of students [74]. The recommendation
approach is also used in e-learning to enhance
technology-based learning [47]. The objective of such a
system would be to recommend learning resources to the
students to enhance their learning [36].

Various methods have been applied for generating
recommendations in electronic commerce [6]. It includes
asymmetric factor models, regression models, restricted
Boltzmann machines with gaussian visible units,
restricted Boltzmann machines, matrix factorization and
neighborhood-based  model  (k-NN)  for  movie
recommender system. Broadly these methods are
categorized into content-based or collaborative filtering-
based techniques. Both the methods commonly require a
rating matrix for prediction. Also, content-based

technique requires the profile of users, description of
items, or both. Sweeney, Rangwala, Lester and Johri [71]
proposed a hybrid method combining the features of
factorization machines and random forests to predict the
grades of students. It uses demographic features, features
defining course and performance record of students, for
prediction. To improve student retention Elbadrawy et.
al. [31] has proposed a personalized recommendation
approach using matrix factorization and multi regression.
For analysis, it involves current grades of students,
features of activities, courses and learning management
system, and MOOC data of Stanford. Besides various
researchers worked for improving education system by
exploring distinct parameters and different techniques,
there exists a scope to revive the education system as
population is vast and the problem of unemployment
exists. Moreover, education system needs revival from
time to time to meet the dynamic needs of industry. Also,
with the change of era and advancement of technologies
student’s behaviour changes and hence it needs to be
analyzed from time to time. With this viewpoint, the
study here includes students, their psychometric
parameters and performance in terms of their scored
marks. It proposes an approach to predict the values for
unfilled psychological parameters of students based upon
the given parameters, predicts their academic
performance and generating recommendations on how to
improve the academic performance of students.

The organization of the paper is as section 2 describes
the related work and discusses about various parameters
involved in analysis; section 3 describes research
methodology and focus on the analysis part; results
findings and interpretation are discussed in section 4;
section 5 provides a conclusion and implications of
research and finally section 6 defines limitations and
future scope.

2. RELATED WORK AND PsycHOLOGICAL

CONSTRUCTS

Students differ in their psychological behaviour and it
can be utilized to predict their academic performance.
The differences in cognitive skills of students, referring
to mental abilities to interpret and understand the subject
matter, result in variation in their academic performance
[59]. The study in [16, 41] describes the individuals’
intelligence in terms of their psychological nature and
focused on how these can be most effectively assessed.
Literature shows that numerous non-intellectual
parameters have been identified associated with the
academic performance of students. The study in [55]
shows the association of personality factors with the
academic performance of students. Also, the relationships
between personality, interest, and intelligence are
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depicted by Ackerman and Heggestad [1]. It has been
found that motivational factor, self-regulatory learning
strategies and learning style; also contribute to the
academic performance of students [19, 61].

The research shows that non-intellectual parameters
influence the intellectual performance of students and
identification of those non-intellectual parameters hence
becomes an important task. Various studies assessed the
personality traits of students to explore their effect on the
academic performance of students [55]. Further, it has
been noted that conscientiousness constructs estimated 72
percent [60]. Researchers also highlighted that objectives
and beliefs related to performance are changing and
strategies associated with learning can be adjusted to
bring under control in order to enhance learning [29]. The
study in [86] stated that the students who are self-

monitored learners engage actively in tasks in terms of
motivation, metacognition, and behaviourism. This
implies that frameworks for academic performance have
to include constructs related to motivation, self-
monitored learning, performance goals and expectancies
[30, 61].

Based on the literature and previous work, the study
here includes six major non-intellectual constructs
impacting the academic performance of students which
include traits of personality, factors affecting motivation,
self-monitored strategies for learning, psychosocial
contextual influences, demographics and learning
approach. These constructs are further categorized as
depicted in Table I.

TABLE I. NON-INTELLECTUAL PARAMETERS FOR STUDENT ACADEMIC PERFORMANCE

Personality traits Motivational Factors Self-Regulatory Approach Psychosocial Demographics
Learning Strategies Towards Contextual Factors
Learning
Conscientiousness Locus of control Anxiety Deep Social integration Socio economic status
Procrastination Pessimistic Rehearsal Strategic Academic integration
Openness Optimistic Concentration Surface Stress
Neuroticism Self-efficacy Elaboration

Agreeableness

Goal orientation

Critical thinking

Extraversion

Intrinsic motivation

Metacognition

Need for cognition Extrinsic motivation Effort regulation

Help-seeking

Peer learning

Time/Study management

A. Personality Traits

The well-known model for personality known as the
five-factor model with constructs conscientiousness,
openness, neuroticism, agreeableness, and extraversion;
gives an exhaustive approach to assess personality [22].
These five constructs are useful in predicting the
academic performance of students [55].
Conscientiousness measures the degree of organization
and ambition of an individual. It has been seen that
students with high degree conscientiousness perform well
in academics [49]. Procrastination is another personality
construct defined as an individuals’ behaviour to delay
the tasks [48]. This behavioural tendency of postponing
decision-making limits self-monitoring and leads to
negative conscientiousness [69]. Students with high
procrastination face problems in dealing with challenging
tasks.

Students who are imaginative and practice new ideas,
i.e. those who are high in openness practice new learning
elements and able to score high marks in academics [77,
83]. It has been seen that students with a high level of
agreeableness cooperate with their instructors and
enhance the learning process [77]. Extraversion is defined
as a behaviour where an individual is more socially active,

interacts and tries to know about others. This can cause
distraction in students easily and suppress their learning
resulting in lower academic performance [62]. Students
with a high level of anxiety and/or fear suffer neuroticism
and are not able to perform well in examinations [53].
Also, the construct ‘need for cognition’ [56] positively
impact academic performance and reflects higher intrinsic
motivation which inspires students to engage in effortful
intellectual processing.

B. Motivational Factors

Various theories of motivation exist [30] comprising
of distinct constructs but out of these only a few
constructs are used repeatedly for the academic
performance of students. The way individuals describe
causation is referred to as attributions [38, 52] and for
students, it is related to their past academic failures.
Some students take it as their responsibility for failing in
the set objective whereas others try to find out external
factors for it. This is termed as the locus of control [43].
The pessimistic behaviour referring to negative thoughts
in students’ minds leads to lower grades. On the other
hand, optimistic behaviour leads to higher grades as it is
associated with positive outcomes and strong motivation
[12].
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Self-efficacy here refers to student skills and abilities
in academic subjects. It has been noted that those who are
positive towards their efficiencies score high in
academics in comparison to their counterparts [5].
Students who are goal-oriented focus on self-
improvement and achievements which affects their
motivation and academic performance. The theory of
self-determination [65] differentiates motivation as
intrinsic and extrinsic. Students engaging in tasks for
enhancing their learning, efficiencies are intrinsically
motivated and perform well in academics. In contrast,
those who seek rewards for tasks or engage in activities
to avoid punishment are extrinsically motivated.
Extrinsic motivation stifles the academic performance of
students and leads to volitional difficulties [24].

C. Self-Regulatory Learning Strategies

Students control their understanding, cognitive skills,
surrounding and motivation behaviour [11]. Self-
regulation focuses on the implementation of student
efforts in the best possible way to succeed in academics.
Therefore, evaluation of these strategies facilitates in
envisioning the academic performance of students in a
more accurate manner [82]. The self-regulated learning
model given by [54] assesses the strategies related to
learning with (MSLQ) Motivated Strategies for Learning
Questionnaire. It includes elaboration, critical thinking,
metacognition, rehearsal, peer learning, and time/study
management. Rehearsal refers to learning through
repetition, elaboration where students summarize the
contents in their own words, critical thinking referring to
skills to examine analyze and solve problems,
metacognition refers to regulatory techniques involving
planning, flexibility, and self-monitoring. Pintrich, 2004
[54] assesses effort regulation under self-regulatory
capacities. It refers to managing motivation or
persistence, especially when faced by difficult tasks. Peer
learning involves learning by sharing knowledge with
peers. Time/study management improve performance of
students with the help of proper study schedule and
regulating learning environments. Help-seeking refers to
a behaviour where student seeks help from their
instructors or peers. The Learning and Study Strategy
Inventory (LASSI) also assesses concentration in
addition to the strategies measured in MSLQ.
Concentration is the capability of a student to maintain
their attention and focus while studying. The above
strategies facilitate deep learning and academic
achievement. Anxiety is another strategy that may
negatively impact academic performance. It refers to the
thought of fear or pressure and this may lead to
difficulties in learning which deviate students from their
goals.

D. Students’ Approach Towards Learning

Different approaches to learning have been identified
[7, 42, 34] comprising of deep, strategic and surface
learning. Deep learning is defined as an approach where
students are intrinsically motivated and utilize their
cognitive skills to learn the concept. In contrast in surface
learning, students learn through repetition or rote learning
with extrinsic motivation to pass the examination.
Strategic learning can be defined as a combination of the
two. In this approach, students follow deep or surface
learning approaches depending upon the task importance
and characterization.

Distinct approaches to learning have a direct effect on
student learning and contribute to predicting the
academic performance of students [28]. Various studies
found a relationship of approaches to learning with
student’s academic achievement. Generally, it is found
that deep learning and strategic learning approaches
contribute positively to the academic achievement of
students. Also, in the study by Sadler-Smith [66] and
Newstead [50] it was found that strategic and deep
approaches are positively correlated to the academic
performance of students. Entwistle, Tait and McCune,
[33] suggested the surface and strategic learning
approaches for undergraduate students studying fact-
oriented subjects. He also found that a positive
relationship exists between deep learning approach and
academic success in graduate students. With this
reference, it is important to examine the relationship
between different approaches to learning and academic
success of students.

E. Psychosocial Contextual Influences

The study in [76] focused on student retention.
Tinto’s academic endurance model stated that institutions
itself manifest the withdrawal behaviour of students. The
model concludes that institutions interact with students
through their characteristics and past achievements to
know the extent to which students interact with the
academic system and peers. The information can be
utilized to build strong institutional, academic and social
integration which facilitates student retention and
academic achievement. Tinto [76] stated that students
need to be socially integrated i.e. to involve themselves
in a culture of students, outside and inside the actual
background of the learning environment, in addition to
academically integrated i.e. to pursue in their study to
obtain a graduate degree. The parameters defined in
Tinto’s study have been validated empirically when
applying to various educational institutes support varied
[84, 46]. As an illustration, it has been found that
students studying in distinct courses in different
academic years’ experience different levels of social and
academic integration [46].
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Students who feel comfortable and are amiable with

their class fellows and instructors and actively participate
in extra-curricular activities are likely to persist in their
graduation degree [67]. The social network of students
i.e. supports by family and friends positively affect the
study-achievement of students of first-year [80]. In
addition to the interaction model of Tinto, Baker and
Siryk [4] observed that academic and social integration
influence the study performance of students.
Stress affects the academic performance of students and
may lead to depression. Educational institutes have
students coming from diversity. In a study of
international students, it has been identified that 41% of
them experience stress due to unfamiliar environment,
alienation and favoritism [64]. It is more difficult for
outside students to cope with the social and academic
environments as compared to domestic students. Hence,
international students require additional effort and
concern towards social integration [10, 85]. External
factors like support from family and earning from
employment influence integration [32, 70]. These factors
also affect the student responses related to stress towards
their institutional life.

F. Demographic

The student population in the university is diverse and
this results in exploring the impact of demographics on
their academics. It has been noted that students belonging
to higher socioeconomic backgrounds obtain high grades
in comparison to their counterparts [61, 26, 68]. This
raises the need to study the effect of demographics on
student academic performance.

After extensive literature review it has been noticed
that students’ academic performance is affected by their
non-intellectual parameters in addition to their
intellectual parameters. It requires extensive analysis of
the parameters to improvise the education system and
academic achievement of students. Most of the studies
focused on only few parameters except by Richardson,
Abraham and Bond [59], and no conclusion regarding the
collective effect of all parameters has been drawn. No
study focussed on how a model comprising of all the
parameters will assist academic achievement of students
in Indian scenario. Previous studies were more focused
on predicting intellectual performance of students at
school and tertiary level. The researchers make use of
various classification techniques of data mining and
machine learning techniques to predict the academic
achievement of students. A handful of the proposed
studies aimed at generating suggestions on improving
student retention, assisting admission process and
recommending course material. But no study considered
all the factors to generate recommendations on how to
improve the learning behaviour and thereby academic

performance of students and predicting psychological
behaviour of students.

3. RESEARCH METHODOLOGY

This section demonstrates the model as depicted in
Fig. 1 and describes the procedure of generating items,
data collection, and analysis.

A. Generating Items and Data Collection

After extensive literature of constructs, 75 statements
were formed. The domain of the constructs has to be
covered to enhance validity [20]. To do so, the study
analyzed all the statements covering all the items
discussed in section 2. It was further reviewed by a
psychology expert and a doctoral student for a pre-pilot
study. For the pilot study, a sample of data from a
hundred students has been collected from three randomly
selected colleges affiliated from GGSIP University.
Students were also randomly selected studying distinct
courses. The data from the students was collected using
identified statements for further analysis. During pilot
study, factor analysis was performed on sample data and
it was found that 12 statements were not loaded in any of
the factors. The remaining statements were selected to
prepare a structured questionnaire to collect data for
analysis. The questionnaire intends to collect the data
about student psychological behaviour affecting their
academic performance. Cronbach alpha value is
measured to check the internal consistency of the items
or reliability which values 0.89.

Graduation is a very important phase in students’ life
since it will lay a direction for their future studies or
career. The study here hence focuses on undergraduate
final year students. Probability sampling has been used to
choose the respondents. The study first prepares a list of
colleges affiliated to universities running different courses
and out of these 11 colleges are randomly selected. Target
students are then selected randomly from those colleges to
facilitate the collection of data. The interviewer recorded
their responses on a scale ranging from 1(strongly agree)
to 5 (Strongly disagree). Since the data comprise of the
students studying heterogeneous courses hence the study
is extensive. For the construct approach towards learning,
the responses are recorded in the categorical form of data.
The data is collected in a large number from 2198
students. Out of those observations 187 were found biased
and dropped. The final size of the sample is then 2011
which is justified statistically according to the nature of
the study [44].

B. Data Representation and Normalization

The psychological dataset can be represented in
matrix form and mapped as a student, psychometric
parameters and performance to user, items and rating
respectively as depicted in Table II.
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FIGURE 1. RESEARCH MODEL

TABLE. Il. DATA REPRESENTATION

Parameters/ | P1 P2 P3 Pn Target Grades
Students (y)/ Academic
Performance
S1 3 5 1 2 8
S2 4 3 5 4 7
Sn 1 2 3 2 8

The rows represent students (S1...Sn) and columns
represent various psychometric parameters from P1 to Pn
(x) of students with their academic scores (y). Each cell
represents a value between 1 (strongly agree) and 5
(strongly disagree). This matrix representation of data
helps in analyzing data for recommendation purpose. The
data is normalized using scaling to the unit method in
which Xnm equals observation divided by the euclidian
length of the feature vector [2].

C. Single Value Decomposition

Any given matrix X, can be decomposed into three
matrices U, Y & V' such that the elements of X
represented as x;; can be expressed as

Xij = UiV gy + UaidaV g .t UV @

where U and V" are orthogonal matrices and Y is a non-
negative diagonal matrix. This is referred to as single
value decomposition. The rank of matrix X is the number
of terms i.e., r in (1) and its value cannot be increased by
m or n whichever is less. A cell of original matrix X can
be computed by multiplying the corresponding elements
of three matrices U, ¥ & V' and then adding all the
obtained terms. X can be represented in matrix notation
as
men = Umxr err VTrxp (2)
SVD has various applications particularly in detecting
and treating collinearity and near collinearity in multiple
linear regression, analyzing experimental designs,
evaluating two-way tables and empirical fitting of
functions [45]. Apart from these, its application can be
seen in recommender systems for predicting the ratings
or missing values. The study in this paper makes use of
SVD to predict the missing values of student parameters
related to their psychometric behaviour affecting their
academic performance. The matrix (x) consisting of data
related to psychological parameters of students is
decomposed into u, sigma and v’ matrices using SVD.
The missing values of a student can then be predicted as:

new_user =new_user_data_vector * sigma * v’ 3)

D. Collaborative Filtering Technique

This technique of recommender system works on users’
past preferences on a set of items to predict items of their
interests. It is categorized as user-based collaborative
filtering and item-based collaborative filtering. The
collaborative filtering technique has been used by
O'Mahony & Smyth [51] to develop a recommender
system for suggesting courses for Dublin University
college students to enhance online module selection
procedures. It provides information about enrolment
requirements of university students and identified factors
influencing the selection of modules. User-based
collaborative approach finds the students who are similar
to the target student based on their psychological
parameters whereas item-based collaborative filtering
considers a parameter, finds students whose behaviour
matches that parameter and will identify other parameters
that those students have in their behaviour. The study
considered both methods and it was found that item-
based collaborative approach is not suitable and hence
user-based collaborative filtering is used. Item-based
collaborative approach suffers from various limitations.
First, limited content analysis i.e. content may not be
easily extracted. Second, it lacks diversity and third, it
suffers from the cold start problems for the new users. In
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this, the technique is used to predict the grades of
students. Various studies worked on different set of
students’ psychological parameters using distinct
techniques. It is noted from literature that no research
considers all psychological parameters to predict
students’ academic performance and uses user-based
collaborative filtering technique. Given a pxq matrix of
data of students, with students s;, i=1,2,...,n; their
psychological parameters p;j, j=1,2,...,n.; and the value at
each row and column intersection depicts the
psychological behaviour of students. To predict the grade
of a student S, it first searches for a student s; for some
value of i, whose psychological behaviour nearly matches
with S. The study here considers two methods of user-
based collaborative filtering approach, pearson
correlation and cosine similarity, to identify the student
from given set of data. The similarity between two
students, x and y, using pearson correlation, ry,, can be
computed as:

!1 - ! - !
rx,y — Zl:l(xl X )(Y1 y') (4)
D

where x” and y’ represent mean of x and y respectively.

The cosine similarity between two students, x and vy, is
computed as:

Z?=1 XiVi (5)

Z?:lxiz Z?:lyiz
E. Decision Tree Algorithm

The decision tree is a classification technique of data
mining and in real life, it has various analogies that
influence its use in machine learning. It represents
decision rules and aid decision making with the
construction of tree-like structure. In the study by
Dekker, Pechenizkiy and Vleeshouwers [25] decision
tree classifier is used to anticipate the student drop in
electrical engineering course. Another application of a
decision tree is found in [39] which is used to plan
courses. The present study applies machine learning
using D3 algorithm of decision tree. The study considers
various parameters and it helps in exploring various
aspects of such complex problems. It classifies students
as high, average and low scorers based on their scored
marks in previous assessments. It assists in enhancing
learning behaviour of low scorers by identifying the
psychological parameters leading to low performance and
suggesting ways to improve it.

similarity(x,y) =

To implement the above steps to predict and classify
the students, python is used. For validation of the
decision tree, 10-fold cross-validation is performed
where data is divided into 10 equal parts. Nine out of ten
of those parts are used for training and one for testing,
and this procedure is repeated with every part as a test
case.

4, RESULTS FINDINGS AND INTERPRETATION

Multiple fit indices are available to measure the fit of
any model. The effectiveness of the prediction using
single value decomposition and the collaborative filtering
approach is evaluated using root mean square error
(RMSEA). A value between 0.05 and 0.08 is acceptable
for RMSEA [13]. The book by Browne, Cudeck, Bollen
and Long [13] provides information for testing structured
equation models. Also, it gives practical knowledge for
multivariate analysis, multivariate normality and provides
fit indices. It was found that the missing psychometric
parameters of students are predicted using SVD with a
root mean square of 0.059. The grades of students have
been predicted using pearson correlation and cosine
similarity methods of collaborative filtering approach. It
has been noted that cosine similarity produces more
accurate results with RMSEA as 0.055 in comparison to
pearson correlation with RMSEA as 0.061. ID3
algorithm is used for classification. The result of
accuracy and result validation indicator is shown in Table
I11. Class precision is described as the percentage of well
anticipated, i.e. true positive and false negative. The class
recall is described as the percentage of well-defined
components. The accuracy can be defined as the ratio of
truly classified to the total number of instances. The total
classification is calculated as the sum of true positive and
true negative [81]. The study in this paper results in 76%
of the classification accuracy such accuracy level is
acceptable in study related to social sciences [72]. F1
score method is used to measure the validity of results
and it is defined as the harmonic mean of class precision
and class recall. F1 score in the present study is found as
71% for average class, 81% for high class and 57% for
low class.
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Table. 111. Result of classification Metacognition <= 2.5
Precision Recall F1 - Score | Self efficacy <=2.5
Average 0.85 0.61 0.71 | | Anxiety <=2.5
High 0.72 093 081 ||| Goal orientation <= 4.5: High
Low 1.00 0.40 0.57 -, Y
Macro average 0.89 0.65 0.70 11 Ne_ed for cognition <= 3.5: High .
Weighted average 0.79 0.76 0.75 [ ||| Time/Study management <=1.5: High

The decision about the psychometric variables so that
they result in enhanced performance can be obtained
from the decision tree. The ID3 algorithm is used for
creating a decision tree. It was developed by J. R.
Quinlan [57] and is used extensively in various domains
for decision making. It uses information gain and entropy
for the construction of decision trees. The path from the
root of the tree to the leaves will help in identifying the
rules by following which students can enhance their
academic performance.

The algorithm uses gini index to split the tree. Here it
is used to measure the degree of a randomly selected
psychometric parameter being wrongly classified. It
values between 0 and 1, where a value 0 depicts that all
students with this parameter belong to only one class, and
a value 1 depicts that the students are randomly
distributed across all three classes. The decision rules
related to parameters contributing to high marks with 0 or
near to zero gini index value are obtained using decision
tree as follows:

Learning approach <= 1.5

| Conscientiousness <= 2.5

| | Self efficacy <= 1.5

| || Extraversion <= 3.5

| Socioeconomic status <=2.5

| | Help seeking <= 1.5: High

| Critical thinking <=2.5

| | Optimistic <=2.5: High

| | Agreeableness <=1.5: High
Socioeconomic status <=2.5

| | Openness <=2.5

| || Critical thinking <=2.5

| || Neuroticism <=4.5: High

| | Rehearsal <=1.5

| || Stress <=3.5

| ||| Goal orientation <=2.0: High
Procrastination <=1.5

| Rehearsal <= 2.5

| | Optimistic <=2.5

| || Critical thinking <= 1.5

| ||| Locus of control <=4.0: High
| | Self efficacy <=4.5
|
|
|

| Peer learning <= 2.5

| | Time/Study management <=3.5:High
| || Intrinsic motivation <=4.0: High
Learning approach > 1.5
| Openness <= 3.5

| Effort regulation <=2.5

| | Academic integration <=4.0
| | | Procrastination <=3.5: High
| | Need for cognition <=3.5

| | | Goal orientation <=1.5

| | | | Peer learning <=3.5: High
Socioeconomic stauts <=1.5
| Social integration <= 2.5

| | Learning approach <=2.5

| | | Concentration <=1.5: High
| | Conscientiousness <= 2.5

| | | Locus of control <=3.5

|11 ] Anxiety <=3.5: High

From the above rules, it has been noticed that the
constructs - learning approach, openness, meta-cognition,
self-efficacy, anxiety, need for cognition, time/study
management, effort regulation, peer learning, and goal
orientation are important to be in the class with high
marks.

The decision rules stated are a description of the
decision tree diagram obtained using ID3 algorithm. The
decision tree is depicted in different parts from Fig. 2 to
Fig. 15 to provide clear view. Although the decision tree
classifies students into three classes: High, Average and
Low, the rules of the decision tree depict the parameter
values to enhance the academic performance of students.
The values between 1 and 2 describe the positive
engagement of psychometric construct with academics of
students, a value near to 3 show impartial effect and
values near to 4 and 5 depicts the least contribution in
academia. For construct student approach towards
learning a value 1 or near to 1 depicts deep learning, 2
depicts strategic learning and 3 depicts surface learning.
Similarly, for construct demographics value 1 or near 1
depict upper socioeconomic status, 2 depict middle
socioeconomic status and 3 depict lower socioeconomic
status.
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5. CoNcLUSION AND IMPLICATIONS OF RESEARCH

The paper focuses on different psychometric
parameters of students impacting their academic
performance and learning behaviour. The main objective
of the study is to identify the parameters positively
contributing to the academic success of students and those
which negatively contributes to academic success. The
study make use of three techniques namely single value
decomposition (SVD), user-based collaborative filtering
approach and D3 decision tree algorithm to achieve the
objectives of the study. The RMSE value has been used as
measurement metric for SVD and  user-based
collaborative filtering approach which equals 0.059 [13]
and 0.055 [13] respectively. The classification accuracy of
ID3 algorithm has been found to be 76% [72]. Table 4
discusses various key findings of the study. The study
predicts the behaviour of the students by analysing
various parameters including personality, motivation, self-
regulation strategies for learning, psychosocial contextual
influences, approach towards learning and demographic,
by leveraging industry linked data, academicians, past
precedence, surveys and based on multiple studies
conducted by researchers across globe in multiple sub
components of this study. The basis of these data set
includes industry defined curriculums and best practices.
The references of the studies are considered while
preforming this analysis subsequently references during
the various papers referred during the analysis. Although
the study outcome will become basis and support while
define industry standards, curriculum, framework and
delivery methods. The analysis will become base and will
help industry to further define parameters and build
models which will help defining various research
objectives. As the model helps in enhancing learning
behaviour of students, it will help students in perceiving
industry related curriculum and projects in a more
understandable and pragmatic manner. The model help
instructors in examining the areas where students lack and
they can adopt various strategies to enhance teaching-
learning process. By examining the skills of the students,
instructors can assign the industry-linked curriculum and
projects to the students that help in enhancing their
cognitive skills and abilities, solving problems related to
unemployment and improves pedagogy. The study
majorly contributes to enhancing the intellectual
performance of students which further improvise
employability, help in student’s retention and benefit
students, institutes and society in large. The decision rules
help in finding the parameters leading to enhancement in
academic  scores and learning of  students.

TABLE. IV. KEY FINDINGS

Construct Key Findings

Personality The constructs of personality positively
impact the intellectual performance of
students. It helps in making students
organized, bring dutifulness, open them
to accept new challenges and difficulties
and try to solve those with new methods
and technologies. Students should avoid
delaying the work and interact with their
peers in a limited manner. They should
strengthen their cognitive skills and
should have moderate neuroticism.

It has been found that students with a
high locus of control, intrinsically
motivated, having positive thoughts and
attitude, focus towards their goals, not
get distracted easily and self-efficient
tend to score high marks as compared to
their counterparts. Also, students seeking
external motivation are less likely to
obtain academic success.

Motivation

Self-regulation
for learning

strategies | Students should rehearse for the topics
covered in the classrooms, interact with
their class fellows and friends to solve
the problems, have good reasoning skills
and mental abilities to enhance their
learning. Besides they should put their
best efforts to understand and solve the

problems.

Psychosocial ~ contextual

influences

Social and academic integration make
students feel at home and help them in
learning from their peers and instructors
easily. This benefit in the case if the
student is not able to attend the class due
to some urgency. It further reduces the
stress levels in students by giving them a
friendly environment.

Approach towards learning | Students should learn the background
details and deep concepts about the
subject matter to fully understand the
topic. This makes learning effective and
students will then be able to practically

implement the learning.

Demographic It has been noticed that students
belonging to middle or upper
socioeconomic status usually score high
marks.

The research has various implications. Firstly, it has
been found students should stay in an organized manner
and oblige to the rules stated by their mentors. They
should actively participate in the classroom discussions
and should be extrovert in a limited manner to solve their
subject related problems as communicating with peers
can help gain knowledge outside the domain too.
Extraversion also consists of sociability and is one of the
prominent parameters in personality traits [40].
Extroverts are more determined and impulsive, less
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stressed, and less thoughtful and self-preoccupied than
their counterparts [78]. Also, extrovert students have
leadership qualities and have more friends [78]. Hence
extraversion makes students ambitious, enthusiastic and
affable. In line with Judge, Higgins, Thoresen and
Barrick [40] and Watson and Clark [78] it is found that in
current study extraversion has a moderate positive effect
on Indian students. They should avoid last-minute
submissions and complete their tasks timely. Students
who worry much about their marks may feel depressed
and hence not able to score high as stress deviate their
mind and they lose focus. Also, students should have
cognitive skills; try innovative ways to solve a problem
and moderate agreeableness to enhance learning.

Secondly, Student’s own interest in the course, will to
study and aim to achieve their goals score high marks in
contrast to those who seek extrinsic motivation. They
should put their best efforts into completing the assigned
projects or assignments and should expect a positive
outcome of it. They should be optimistic about their
future and be regular in classroom lectures. Students
should focus on their goals and have faith and confidence
in their academic efficiencies. They should work hard
and concentrate well to achieve them.

Third, Career selection is at utmost priority for most
students and so they should be a concern and moderately
anxious about it. Practicing things will help students in
commemorating the contents and to explain and write
well in exams. Studying in detail the contents covered in
the classroom and analyzing it helps students to build
their cognitive abilities. Also, involved in activities
enforcing peer discussions facilitate learning. Learning
from peer discussions and managing time to study will
help students improve their academic capability. Students
should also prepare early for their exams and focus on
their academics.

Forth, learning strategies referring to activities
directly linked to the intellectual learning of students
need to be analyzed properly to achieve high marks.
Students who are anxious about their academic scores are
more responsible and focused on their future. Students
should have in-depth knowledge of the concepts. This
will help in developing their analytical skills and in
scoring high marks.

Fifth, social integration referring to the way students
adapt to the social life of the university helps in building
a friendly environment for students. Academic
integration describing the way students adapt to the
academic way of life help in learning with peers and class
fellows and teachers easy. It helps students in solving

complex problems easily and reduces stress and

depression in students.

Sixth, although it has been found that demographic
feature does not fully contribute to the intellectual
performance of students. Students’ belonging to upper or
middle socioeconomic status score high marks and avail
more learning facilities than those belonging to lower
socioeconomic status.

Seventh, the Indian education sector is getting weak. To
test the education level of the young generation in India,
a survey is done and according to the report by Aser
Center, it has been found that 40% of youth are not able
to read a simple sentence in English and do the basic
calculation. This results in low academic performance
and decreases job rate. Youth are the future of the
country and this makes it a major societal problem. This
problem can be eliminated by enhancing the academic
performance of students and provides benefits to the
education sector. Education system is revived from time
to time to take care of the dynamic needs of industry and
the model is bridging the gap between education and
industry need. This further increase employability as the
industry and education sector is linked.

Based on the results obtained from the analysis,
recommendations can be generated for the students to
improve their learning behaviour and to score high in
academics.

6. LIMITATIONS AND FUTURE SCOPE

The study significantly contributes from the
theoretical and empirical point of view; however, there
are certain other elements need to be integrated to extract
maximal benefits from it.

At first, the study is confined to the students of
metropolitan and urban cities and it does not include data
of rural students and remote areas. The data includes
students of distinct colleges; however, the probability that
a student belongs to non-metropolitan city is rare. The
study hence can be expanded to include students
nationwide. The study considers diverse population and
hence the model can be applied to any educational
institute involving diversified populace.

Secondly, the present study has covered psychometric
behaviour and patterns as depicted by the students.
Besides some other key parameters like genetic impact,
environmental effects on the learning and upbringing of
the student, parent education, type of learning skills, etc.
can be considered to enhance the outcome of this study.
These parameters might impact learners’ understanding.

The impact of constructs on their actual performance
and the deviations that exist from actual to expected
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results are yet to be analyzed. The study can be expanded
to include all the parameters as stated above to strengthen
the outcome of the research. Also, it can be extended to
include the students across the nation and the model can
be tested using different statistical and machine learning
techniques
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