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Abstract

Data-driven instruction strategies platform is capable of providing unique,
individual-based instructions to high school students in order to improve their
learning experiences while providing strategic instructions for the teachers and
administrators. Overall, this platform has the potential to enhance the level of the
whole Sri Lankan educational system by providing strategic instructions to all the
main personals within the system. This platform even has the potential to be even
extended to e-learning platforms and private educational institutes. These institutes
also require personalized instructions for their students because the student to teacher
ratio is much high. Hence this platform facilitates and covers up most of the aspects
of the education sector by providing strategic instructions.

The research was based on the collected dataset [20] from the Sri Lankan students in
grade 6, 7 and 8. It consists of data from over 700 students covering various
demographics of the country. The project addresses mainly four research areas and
they are described in the separate chapters in the report.

1. Student Performance Prediction

2. Learning Style Analysis

3. Impact of Assistive Learning

4. Subject Level Relationships
The research problem, proposed methodology and research outcomes are identified
for each four key research areas. And finally the results of these research problems
integrated to a software application which can be used in providing data-driven
instructions and insights for main key stakeholders of the education sector in Sri

Lanka.
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1 INTRODUCTION

1.1 Problem

The education system in Sri Lanka lacks a proper methodology for providing
strategic instructions [1] [2] to improve the learning experience of students.
Furthermore, the teachers are unable to improve the teaching process due to lack of
proper individual student evaluations. Additionally, authorities are having difficulties
with calibrating Sri Lankan syllabi at the fine-grained level with an analytics-driven

design of courses [3].

The project intends for enhancing the educational experience for students, teachers
and the authorities through providing data-driven instruction strategies. In the case of
students, they would be provided with the instructions that optimize their learning
process according to the contents of the subject. On the other hand, the teachers
would be able to receive instructions that optimize the teaching process to match
with the types of learners in the class while providing instructions for the authorities
to calibrate the syllabi to match with the evaluation criteria of the examination.

1.2 Background

There exist a significant level of uncertainty in the teaching and learning process on
whether a course will be able to help students to achieve the grading criteria expected
at the examination. In many cases, the evaluation of the suitability is done at the end
of examination and the measures will be reactive. The methodologies that have been
identified in such evaluations will not be suitable for the next set of students who will
be taking the course. Thus the measures are required to be proactive rather than

reactive.

Further, these evaluations do not consider the differences in the unique learning
styles and sociological backgrounds among students. For instance, some students
might prefer their own ways of approaching issues while some might follow the

traditional methodology. Further such differences require each student to be taught in



a different manner for retaining the education. With no consideration given for such
information, the designing and teaching process would not provide the optimum
course structure for the students.

The research is about how this information can be incorporated into building a model
that is capable of providing strategic instructions for students, teacher, and

administrators for improving the learning experience.

1.3 Motivation

The primary motivation of this research project is enhancing the personalized
learning experience of the Sri Lankan school students through an analytical platform.
The generation of personalized insights based on learning styles profiling of
individual students is useful for students to improve their learning styles based on
strengths and weaknesses. Student profiling is also useful for teachers in identifying
unique educational requirements of each individual students in the classroom.
Facilitations for this kind of an individual evaluation of the students lack in the
current Sri Lankan education context. Further, high-level analysis on collected data
regarding subject level relationships and impact of external factors for education is
useful for educational administrators in policy making and calibrating the syllabi at a
fine-grained level.



2 LITERATURE REVIEW

The related researches are analyzed in detail in the related sections of the
Methodology chapter. The literature reviews of the identified research problems are
also included in the aforementioned subsections. The methodology chapter consists

of the following main five subsections.

Data Collection
Student Performance Prediction
Learning Style Analysis

Impact of Assistive Learning

a &~ DN

Subject Level Correlation

The data collection section addresses the related educational data mining researches
which carried out similar data collection processes. The suggested data collection
procedures in the literature are critically analyzed and compared with the proposed
methodology. In the student performance prediction section, related performance
prediction models and algorithms are evaluated and analyzed. The proposed
prediction models in the literature are comparatively analyzed with the developed
prediction model to evaluate the prediction accuracy. The learning style analysis
section analyzes various existing methodologies to evaluate student learning styles. It
also addresses the importance of developing a proper learning style evaluation
methodology for Sri Lankan educational context. In the impact of assistive learning
section, related local and international researches and literature were critically
analyzed. The resulted conclusion of the research problem is compared with related
literature results for validation. Finally, the literature review of the subject-level
correlation analyzes the literature related to the research topic. It emphasizes the
advantage of the holistic approach of the proposed methodology as compared to

other suggested research procedures.



3 METHODOLOGY

3.1 Section 1 - Data Collection

3.1.1 Introduction

Educational data mining relates with discovering novel and potentially useful
information from large amounts of data. Even though there has been significant work
on educational data mining itself [4], there is a substantial amount of work related to
data collection for educational data mining. Data collection for educational data
mining has varying limitations depending on the education system that data
collection is focused on. Furthermore, data collection plays an important role in
educational data mining as data collection sets the foundation for educational data

mining and related work.

Among the key challenges in educational data mining is that data being problematic
to measure and collect. The main reason for the problematic situation is that there are
a significant number of factors influencing student behavior and performance in
examinations [6] [8]. For instance, the school condition, teaching methodologies,
student learning patterns, student demographics are few of many factors influencing
the education performance. Increasing the number of dimensions in consideration in

an educational data mining project would complicate the data mining process.

In addition to the complication of the required data sets, the higher number of factors
influencing academic performance would require a significant number of data to
eliminate any bias that might be introduced to the dataset. In the case of a typical
data mining research on educational data would include process being applied to a
classroom or several classrooms in a single institution. For instance, the locality of
the student can be a factor in determining performance and such research would not

produce accurate results due to the bias in the data set.

Despite numerous researches being carried out to identify the relationship of
different student aspects on the student performance, no common ground has been

developed for data collection for educational data mining projects.



A framework for data collection in educational data mining was developed with the

learnings from educational data mining projects. The proposed framework discusses

the educational data collection for educational data mining under three main

dimensions as performance, student learning background and learning style data.

Furthermore, this framework also includes various means of data collection and the

factors that should be considered for means of data collection.

Unlike the various researches carried out in the literature to correlate the student

performance with different metrics, the framework provides an effective,

comprehensive and complete methodology for data collection for educational data

mining research projects along with valuable validation techniques.

Data Type

Objective

Performance Data

Consists of examination marks for all the subjects over a
three year period (grade 6, 7, 8)

Useful in assessing weak and strong subject areas of each
student.

Can be used in the development of a mark prediction
model

Learning Background Data

Consists of economic, sociological background,
participation in assistive teaching programs and extra-
curricular activities of the students.

Useful in evaluating the impact of sociological background
for the student performances.

Can be used to evaluate the impact of assistive teaching
programs for a certain subject

Learning Style Data

Evaluated based on student responses for the created
guestionnaire.

Inspired by the LCI model [9]




Useful in evaluating the correlation between student
learning styles and their learning preferences.

Table 1: Collected Data Types

Feature Type Description / Values
Father’s Education | Categorical 1 - Below O/L
Level
2-0/L
Mother's Education | Categorical 3-A/L
Level
4 - Graduate
Sibling Education Level | Categorical For each sibling,
1 - Below O/L
2-0/L
3-AlL
4 - Graduate
And calculate the total score for every sibling.
Usually 1-20
Number of Siblings Categorical 1-10
Grade 5 Scholarship [ Numerical Scholarship marks out of 200
Marks
Tuition Categorical Indicates whether the student participated in

tuition for the considered subject in grade 6,7
and 8

Only in grade 6 - 100




Only in grade 7 - 010
Only in grade 8 - 001

In all grades - 111

Likewise from binary values between 000 to
111

Table 2: Learning Background Data
3.1.2 Literature Review

Types of data play a major role in the context of educational data collection.
According to the research carried out in [9], the teachers and other educational staff
are much interested in outcome data such as test results, assignment marks. However,
usage of only outcome data is not sufficient for the data-driven decision making in
education. Outcome data should be combined with non-educational data such as
demographics of the student to create a much more enhanced data model. The data
model which is represented in this framework includes several types of data
including input, process, outcome and satisfaction data. The framework also suggests
that the combination of this data model leads to actionable knowledge which is
eventually used in decision making. These decisions include assessing progress,
addressing individual needs and evaluating effectiveness. These decisions lead to
more types of data which can be continuously used in this cyclic framework.
Moreover, Bharadwaj and Pal [6], the study shows that the academic performances
of the students are not always depending on their own effort. Living location, the
medium of teaching, parent’s qualification, students other habits, family annual
income, and student’s family status were highly correlated with the student academic

performance.

A similar type of educational data mining research was carried out in [5]. One
important factor discussed in the paper was that the collected data should be
transformed into a comparable model. The selected domain variables in the research

were categorized into defined ranges rather than using the raw value data. For an



instance data like the semester marks, are categorized into first, second, third and fail

where each category has a defined range of marks.

The importance of identifying objectives, data and techniques in an educational data
mining activity is emphasized in [10]. It also highlights that these data mining
objectives are different for various stakeholders in the educational sector. For
instance, students may require data mining to enhance their learning experience and
get personalized instructions and recommendations. Whereas, the teachers require it
to analyze student insights and decide which students require more attention and

support.

3.1.3 Procedure

3.1.3.1 Process

The data collection process refers to how the data is collected from the sample of the
population. The data collection process involves various data collection techniques
such as questionnaires, in-class activities, interviews etc. During the selection of the
methodology, factors such as practicality, the impact of the method on responses
needs to be considered. For instance, interviewing would not be practical for a large

group of students.

In addition to questionnaires, in-class activities are an alternative methodology for a
project of this scale. For instance, in-class activities can be compulsory activities thus
providing a complete set of data relating to a sample of the population. On the other
hand, the students' enthusiasm will depend on the subject the in-class activity is
related with and as a result might not provide a proper image on the sample of the

population.

3.1.3.2 Questionnaire Format

The questionnaires consist of mainly two sections to evaluate the demographics and
learning styles of the students. As described in the following sections the
questionnaire has been prepared and evaluated for validity. Furthermore, the

educational level of the students should be considered when preparing the



questionnaire since it should be properly understood by the students. It is best suited

to prepare the questionnaire

3.1.3.3 Data Digitization

Data digitization is one of the major challenges which is involved in educational data
collection. Most of the schools maintain written documentation to keep performance
data of the students such as term wise examination marks. Since these are mostly
handwritten documents technologies such as Optical Character Recognition (OCR)
impossible be used for data digitization process. The only available option is to

manually enter the collected data into a spreadsheet or a database.

However, the overhead of manual data entry can be eliminated for student learning
background and learning style information through the use of a simple software
solution. The questionnaire can be developed as a simple software which can directly
save the responses from the students to a centralized database. However, this
approach may have certain limitations due to technical inabilities and restrictions in
certain schools and students. Another advantage of a software-based questionnaire
over the written medium is that it can maximize the student interaction with the data

collection process.

3.1.3.4 Medium

The medium of data collection describes the mean of educational data collection. The
medium of data collection can include mainly digital and physical mediums. The
selection of medium of data collection needs a high focus on the familiarity of the
sample population with the medium of data collection. A familiar medium of data
collection will enhance the confidence of the user and as a result, the participants
would provide more information. On the other hand, unfamiliar mediums of data
collection will result in the user in providing the minimum amount of data expected

by the question.

In the context of local schools, when the number of students is high, it is suitable to

go with a physical medium such as the printed version of the questionnaire. It can be



distributed among the student simultaneously and completed quickly within a higher
number of students. However, the disadvantage of this method is that it has the added
overhead of digitizing collected data.

The digital medium method which was used as a simple software application which
consists of the questionnaire. The students can select the answers and submit the
responses in the application. This approach reduces the overhead of digitizing data
since the student responses are saved in a database. However, the students should
have enough computer literacy to interact with a software application to use this
approach. Moreover, most of the local schools do not have the required IT

infrastructure to facilitate a sufficient number of students.

3.1.4 Discussion

3.1.4.1 Learning Style Questionnaire Analysis

The simplest approach for identifying the skewness in data is mainly analyzing the
distribution pattern of the answers to the data. If a certain question has a distribution
pattern with a significantly high number of responses corresponding to the same
answer option, the question is not identifying a feature that distinguishes each
sample. For example, consider the following distributions corresponding to answers
provided by students during a survey conducted for the research. Figure 1 Illustrates
responses received from a selected sample of students which indicates a significant
skewness. On the other hand, Figure 2 illustrates the response distribution
corresponding to a set of non-skewed responses for another question on the same set
of students.

10
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Figure 2: Non-skewed Responses Distribution

The suggested approach is highly suitable for a liker scale based questions as the
responses are provided from a very limited set of answers. In the case of a written
question, a similar approach can be followed through the identification of keywords
related to the answer provided by the student. In a deeper level, the associations of
the entities can be identified and treated as mentioned previously.

However, when eliminating any data representing skewness based on the answers,
the considered data should represent the total population fairly. For instance, the
likelihood of a student in preferring practical for learning might depend on the region
and the income level. Further, the skewness can be a result of the question being
prompted to answer being vague or ambiguous about the answer expected from the
student.

In addition to the nature of the question, the medium of surveying also has an impact

on the data collection. For instance, a typical student who is comfortable facing

11



written examinations tends to understand the question more in the case of a written

questionnaire rather than a computer-based questionnaire.

Following table 2 indicates the average number of answers provided for extra
tuitions and sporting activities participated by the students. A higher number of
responses were provided by the students on printed media compared to the computer
media. The main reason for the behavior is that the students were more familiar with
the written medium than the digital medium. Thus, the nature of the responses can
depend on the medium of data collection.

Written Computerized
Extra Tuition 3.75 35
Sports 1.75 0.2

Table 3: Average of Answers Option Count

In addition to the question-related aspects, there also can be questionnaire related
aspects such as the association between types of responses between two questions as
well. The approach here is to identify such cases from the calculation of the
correlation between the responses for the answers provided to the questions. For the
purpose, the Pearson’s correlation coefficient can be used along with the responses.
Figure 3 Illustrates the correlation coefficients calculated from the data collection
survey conducted for the research. The empty boxes in the figure represent the p-

value of Pearson's correlation coefficient is higher than the significance level of 0.01.

12
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Figure 3: Pearson's Correlation Coefficient among the Questions

As the chart illustrates, there is no clear association between questions highlighted by
the coefficient of correlation as all the values lies below 0.5 and above -0.2,

indicating no significant linear relationship.

Cronbach's Alpha value for this questionnaire is 0.68 which is not high but
acceptable reliability and internal consistency. Table 3 represents the parameters

related to the internal consistency of the questionnaire.

3.1.4.2 Learning Background Questionnaire Analysis

The validity and the reliability of the learning background questionnaire cannot be
directly measured from a mathematical procedure since it contains a various different
type of questions. The validity of these collected data tends to increase with the
higher diversity of the considered samples. The student samples considered for this

research includes students from various geographical regions and localities.

Both the male and female genders are considered for the student samples. The gender
percentages were equally distributed as represented in the second table. The first
table represents the student percentages for various educational backgrounds of the
parents. This kind of data will be useful in studying the impact of the educational

background of the parents on the academic performances of the student.

13



Father Education | Mother Education
Less than O/L 4.25 % 7.98 %
O/L 5.59 % 20.48 %
A/L 47.34 % 42.82 %
University 18.09 % 20.21 %
Unknown 24.73 % 8.51 %

Table 4: Parent Education Level Percentages

3.1.5 Conclusions

Gender Percentages

Male 46.96 %

Female 53.04 %

Table 5: Gender Percentages

The major problems that are associated with educational data collection for

educational data mining are identified and some possible methodologies are

proposed to overcome the issues. Even though the development of an optimal

methodology is challenging, the proposed methodology provides proofs of

efficiency, comprehensiveness, and completeness for data collection. These facts are

highlighted through questionnaires being minimally redundant and internally

consistent indicated by the analyses discussed earlier. Further, the proposals of the

research can be used for the development of an advanced framework for educational

data collection.
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3.2 Section 2 - Student Performance Prediction

3.2.1 Introduction

Student marks prediction is one of the major applications of Educational Data
Mining (EDM). It allows both students and teachers to identify the students who are
on the verge of failing a certain subject prior to the examination. This enables the
opportunity for students to adjust their learnings to avoid the failure while the
teachers can provide the required instructions and teachings to overcome the

situation. This is a classic application of Data Driven Instruction provision in EDM.

Many prior types of research have been carried out regarding this application area of
EDM. The main focal point of those researches was enhancing the current data
model by combining various data related to the student along with the performance
metrics of the student. This mainly includes sociological data related to the student
such as their economic status, parent education level, living location status etc. And
these researches conclude that choosing these sociological data as features for the
prediction model along with performance metrics enhances the overall precision and

accuracy of the prediction model.

In prior researches, various prediction models have been tried out such as tree-based
models and regressive models. However, most of these researches stuck with a one
particular prediction model when obtaining results rather than comparing it with
other potential prediction models and selecting the best model which is capable of
providing optimum prediction results. Moreover, student performance prediction

problem can be approached in the main two different methods.

1. Regression Approach
2. Classification Approach

In the regression approach, regressive prediction models are used to predict the
student marks to the nearest whole number. In the classification approach, the
student marks are discretized into grading levels and predict the most probable

grading level using classification models. However, most of the prior researches

15



stuck with either one of those approaches with the most favored one being

classification approach.

This prediction model is based on over 700 student data [20] which were collected
around Sri Lanka covering different demographic regions of the country. The novelty

of this research can be addressed under the following main three points.

1. Prediction model consists of both regression and classification models

2. Usage of boosting algorithms and other prediction models with parameter
tuning

3. Enhancement of the data model with learning style data, subject correlation
data, and assistive learning data

As mentioned above the prior researches were also focused on enhancing the data
model by combining additional features such as sociological data of the students to
improve the prediction accuracy. In this approach, further features were added which
can directly affect performances of the students. One of them is student learning style
data where the impact of it on student performance is explained in the study in [16].
There are various defined ways of evaluating learning style of the students. In this
approach, a modified version of the LCI (Learning Connections Inventory) model is
used to evaluate the learning styles of the students. Further, data regarding assistive
learning or tuition participation of the students also considered in this research.
Subject correlation data were calculated by performing correlation analysis
techniques on the collected performance data for various subjects over a period of
three years from the students. Boosting algorithms and ensemble models with
optimum parameter tuning were used for prediction model development in both

regression and classification approaches.

3.2.2 Literature Review

The research in [11] identifies student performance prediction as a major application
of EDM. And it also recognizes students, teachers, and administrators as the parties
who are facilitated by EDM. The research is based on predicting student

performances in an engineering college in India. The considered student sample is
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346 and the decision tree induction is used to predict whether the student is going to
pass or fail. The considered data includes past performance data along with several
sociological data such as living location condition and parents education level. The
developed model predicted the fail students with a good true positive rate of 0.907
while predicting pass students with a higher false positive rate of 0.617 for 10-fold

cross-validation evaluation.

The research in [12] based on a model to predict secondary school student
performances in Portugal. The considered data includes a relatively high amount of
sociological data such as travel time to school and internet access along with past
performance data. The prediction is carried out in three different methods; binary
(pass or fail), 5-level classification and regression. The results conclude that tree-
based algorithms such as decision tree and random forest outperform the nonlinear
function methods such as support vector machine (SVM) and neural networks. The
research also identifies that the past performance data have a higher impact on

student performances than the sociological data.

The research in [13] used a CHAID prediction model to predict academic
performances of 772 secondary school students in India. Similar to other researches
both past performances and sociological data were considered and the model
prediction accuracy was about 44.69%. The chi-square calculation was used to

identify the high potential variables for the prediction model.

The research in [15] used an ensemble model to predict student performance and
identified that the best results are achieved by SVM. The lack of the number of failed
students in the dataset was addressed in the research and it concluded that

considering social behavior data improves the prediction accuracy of the model.

The research in [2] used past student performance data in a decision tree model to
predict student performances. The examination marks were discretized and
categorized into few classes in order to approach the problem in a classification
method. The 1D3 algorithm was used in the decision tree induction and if-then rules
are obtained as the final outcome. Another research in [3] indicates that sociological
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factors such as living location and parent education level have a higher potential in

influencing student performance.

In summary, all of the above researches are focused on enhancing the data model by
combining sociological data with the student performance data in order to improve
the prediction accuracy. Following researches focused on identifying the effect of

student learning styles for their academic performances.

The study in [19] presents the results of academic performance and learning style
self-predicting mechanism for undergraduates of the University of California. The
research hypothesis is students who show the strongest self-prediction of individual
learning style (VARK score) having the highest course grades. But the results could
not significantly show that there was a direct correlation between self-predicting of

learning styles and academic performances.

Even though these researches explore the idea of student learning styles and how it
correlates with student academic performances, they do not directly use it in a data
model to predict the student performances. Our approach is combining both student
sociological/demographic data and student learning style data with student academic

performances to create a better prediction model using machine learning techniques.

3.2.3 Procedure

3.2.3.1 Prediction Model Development

Supervised learning refers to the construction of a general hypothesis which is used
to make predictions based on reasoning on externally supplied instances.[21]
Regression and classification are the main two modeling approaches when
developing a prediction model using supervised learning. Regression modeling refers
to the approximation of a mapping function from input variables (features) to a
continuous output variable. In classification modeling, the mapping function from
the set of input features is approximated to discrete output variables. In this research,
the output (target) variable is the examination marks obtained by a student. The

output variable can be represented in both continuous and discretized formats. In the
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Sri Lankan education system, examination marks for a regular term test are provided
out of a hundred. Therefore this value can be used as the continuous output/target
variable value when training a regression model. And there are also five defined

grade categories based on the examination marks obtained by the students.

Grade Mark Range
A Above 75
B 65to 75
C 55 to 65
S 40 to 55
F Below 40

Table 6: Grade Classes

This categorization can be used in the output/target variable when training a
classification model. In this research, a regression model is incorporated with
classification models to generate a hybrid model to improve the overall prediction

accuracy.

3.2.3.2 Regression and Classification Model Combination

The final prediction model is constructed using both classification and regression
models. It consists of optimized XGBoost regressor with AdaBoost and Random
Forest classifiers. The AdaBoost is optimized for classifying lower grades (F, S)
with much higher prediction accuracy while Random Forest is better in classifying
higher grades (A, B, C). This was analyzed further using confusion matrices in the
discussion section. This characteristic was utilized when optimizing classifying
model using combined models. The input features for these models were pre-
analyzed and categorized in order to classify through one of these models. An

optimized XGBoost regression model was used for this categorization of inputs. If
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the predicted value of XGBoost model for a given input is positioned in the range of
A, B, C grades, that input classified through the Random Forest model whereas other
inputs are classified through AdaBoost model. Therefore a threshold (value of 55) is
defined for the output of the optimized XGBoost model to select the most optimized

classifier to a given set of input features.

Random
Forest Model

Predicted Value == Threshold Classification : A, Bor C

Input Features
Optimized
XGBoost

AdaBoost
Model

Predicted Value < Threshold Classification - S or F

Figure 4 : Final Model Diagram Representation
3.2.4 Experiments

The prediction accuracy of the final model was comparatively analyzed with other
classification models which were suggested in related researches in predicting
student academic performances. For this, dataset described in the study [20] was
used to train the models and evaluate the prediction accuracy with 10-fold cross-

validation.

3.2.4.1 Dataset

The chosen dataset consists of a complete set of data with the above features for
about 700 students in Sri Lanka. The detailed description about the dataset is

provided in the data collection section.

3.2.4.2 Feature Selection

Performance prediction of the students was carried out for each subject separately.
Therefore a prediction model is created for each subject separately. The student
performances of the other subjects may irrelevant for the performance prediction in a
particular subject. Therefore performances of only highly correlated subjects were

considered for the performance prediction process. Since data were collected over
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three years, nine examination marks (three per year) for each subject is available.
These are used as the main basis features for the prediction process and other
features are incorporated with it to create a better data model.

When incorporating learning background data to the data model, features like sibling
and parent education levels, number of siblings, participation in assistive learning
and extra-curricular activities are mainly considered. Learning style data are

collected based on the responses student provided for the created questionnaire.

3.2.5 Results

Area Under

the
Model Rece|ve_r Precision Recall

Operating

Characteris

tic Curve
Random Forest 0.845 0.723 0.719
AdaBoost 0.832 0.717 0.711
Neural Network 0.747 0.634 0.639
Logistic 0.770 0.649 0.651
Regression
Naive Bayes 0.733 0.613 0.623
Decision Tree 0.723 0.601 0.612
Final Model 0.881 0.791 0.754

Table 7: Prediction Results

According to the above results, the optimized regression-based classifier was capable
of outperforming predictions of all the other models. The interesting inspection here
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is the prediction accuracies of both Random Forest and AdaBoost classifier models

were improved when optimized with the combination of an XGBoost regressor.
3.2.6 Discussion

3.2.6.1 Impact of Model Combination

The following results were obtained based on the above experiments carried out in
the dataset described in [20]. When the prediction results of the Random Forest
model and AdaBoost models are analyzed using confusion matrices it is evident that
the Random Forest model is better in predicting higher grades A, B, C, and
AdaBoost model is better in predicting lower grade F and S.

Predicted
Random Forest AdaBoost
A B C F S z A B C F S b2

A 158 2 1 2 13 176 A 113 29 9 5 20 176
A B 24 38 3 2 16 83 B 27 29 11 2 14 83
c
t
Z C 12 4 27 2 17 62 C 22 18 16 1 5 62
1

F 17 1 0 29 20 67 F 1 7 3 42 13 67

S 31 5 9 10 62 117 S 7 9 14 11 76 117

z 242 | 50 | 40 | 45 128 | 505 z 170 | 93 53 61 128 | 505

Table 8: Confusion Matrix for Random Forest (Left) and AdaBoost (Right)

The confusion matrix reveals that the Random Forest model have a tendency in
predicting higher grades even for actual lower grades like F and S. 17 out of 67 F
grades and 31 out of 117 S grades were classified as A grades in the Random Forest
model. This drastically reduces the prediction accuracy and the precision of the
model for lower grades. Since the Random Forest model is an ensemble model based

on bagging, the same data point may be used to train different subtrees in the model.
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Due to the high percentage of higher grades A, B, C (63%) within the dataset, the
probability of retraining with a higher graded data point is high. Therefore the above
characteristic can be discovered in the Random Forest model. Since the AdaBoost
model is based on boosting, the wrongly predicted data points are retrained again.
Therefore, the lack of lower grades data points in the dataset affects less for
AdaBoost model. However, the combination of these models using a regressive
model allows overcoming the above weaknesses of the models. And the XGBoost
regressor is also optimized with hyper-parameter tuning to select the best

classification model for a given set of input features.

3.2.6.2 Incorporation of Learning Style and Assistive Learning Data

One of the novelties of this research is the incorporation of student learning style
data and student assistive learning data for the data model. The impact of the
incorporation of these features was comparatively analyzed for the regression and

classification models.

RMSE RMSE RMSE
RMSE : . .
. without without without
Model with all . ..
learning assistive both
features :
style learning features
XGBoost 10.96 13.09 12.86 13.71
Table 9: Regression Models: Impact of Learning Style Incorporation
AUC
AUC ROC | AUC ROC
AUC ROC ROC . .
. . without without
Model with all without ..
. assistive both
features learning .
learning features
style
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AdaBoost 0.829 0.786 0.801 0.723

Random Forest 0.846 0.790 0.798 0.754

Final Model 0.882 0.801 0.817 0.787

Table 10: Classification Models: Impact of Learning Style Incorporation

For both regression and classification models, the highest prediction accuracy was
obtained when learning style data and assistive learning data are incorporated into
the data model. Therefore it is comparatively proven that incorporation of learning
style data and assistive learning data improved the prediction performances. The
main reason for this could be the impact of the student learning styles towards their
academic performances as identified in the study in [16].

3.2.7 Conclusions

The methodology addresses the potential machine learning approach for student
performance prediction. Many of the related work stuck with one particular approach
and comparatively analyze the prediction results with the actual results. But in this
research a novel prediction model which consists of XGBoost regressor and Random
Forest, AdaBoost classifiers is presented with a comparative analysis. And hyper-
parameter tuning was performed on these sub-models to generate the most optimized

prediction model.

The data model was also improved by incorporating learning styles data. Previous
researches only focused on incorporating demographic data into the data model. But
the analysis proved that incorporation of learning style data improved the prediction
accuracy. And finally, the combination of regression and classification models also
improved the prediction accuracy. The combined model consists of an optimized
XGboost model for choosing the optimal classification model based on the threshold.
This model manages to overcome the weaknesses of each classification model by
providing a set of inputs which are optimum for each model. Currently, the model is

trained with over 500 training samples collected in the data collection phase [20].
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Model prediction accuracy can be further improved by collecting more data to train

the model.
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3.3 Section 3 - Learning Style Analysis

3.3.1 Introduction

Educational data mining (EDM) relates with discovering novel and potentially useful
information from large amounts of data comes from educational settings. Student
profiling identifies different types of students existing in the student population.
Even though there has been significant work on the field of educational data mining,
there has been relatively less work has been carried out in the field of student

profiling using the learning styles and abilities of the students.

VARK [22] and LCI [23] models can be considered as the most widely used methods
for student profiling based on the learning styles and abilities. However, the key
limitation of these models is that they perform poorly when applied to out of domain
data. Since the majority of the prior works are performed in developed countries and
western countries, there arises a need to build such systems for other parts of the

globe.

The research identifies different student profiles existing among Sri Lankan students
based on the responses provided to the questionnaire provided. Further, the paper
also presents different the implications of the learning profiles for education
stakeholders based on the findings of the EDM project carried out. Finally, the
research discusses the possible methodologies of improving the findings of the

research and the future directions for a similar kind of researches on EDM.

Development of a successful model for modeling student learning preference can
assist in educational data mining related researches in numerous means such as
allowing the teachers and other stakeholders to identify, assist and customize the
teaching methodologies to match with the requirements and capabilities of the
students. Further, the modeling of learning preference could assist in mining different
association rules and correlations among different aspects of the student
performance. For example, association rules can be derived between the type of

student learning preference with the performance in different subjects.
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The research sample included over 600 grade 9 students with data collected through
a questionnaire developed by Bhanuka et al [24] as a part of the research conducted
for providing data-driven instructions for Sri Lankan students.

3.3.2 Literature Review

The learning style of an individual can be distinguished as the natural style of the
learning process in an individual. According to Keefe [25], the learning style can be
described “characteristic cognitive, effective and physiological behaviors that serve
as relatively stable indicators of how learners perceive, interact with and respond to
the learning environment”. However, the explanation provided by Keefe does not
provide with a methodology to identify different types of learning styles and

preferences existing in a given student population.

Thus for the purpose of identifying different learning preferences and styles,
complete and comprehensive model is required. LCI and VARK models can be
considered as the most widely used models for identifying different learning styles.
As indicated by Fleming et al [22] elaborating the VARK model, the learning styles
of the students can be mainly classified under 4 modalities for learners as visual,
auditory, read/write and kinesthetic. According to the model, a student may prefer
one or many types of learning modality depending on the environment. In addition,
the learning type is dependent on the age category for instance matured students tend
to be less kinesthetic since they have been able to develop their auditory and visual
skills.

Compared to the VARK model, the LCI model [23] provides a similar form of
metrics to evaluate the learning type of the student using student behavior related
with learning tasks. However, unlike the VARK model which is concerned more
toward perception, the LCI model concentrates on the brain-mind interface. The uses
the patterns or filter that exist between the brain-mind interfaces in order to
determine the learning profile of an individual. The filters presented under the model

can be identified as confluence, technical, sequence, and precision.
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In addition to the mentioned methodologies, independent researches have been
carried out using different student populations in order to identify different student
learning styles and preferences. Many of the research work involved with the

identification of different student learning profiles based on academic performance.

However, Bouchet et al [26] have conducted independent research on student
profiling based on the interaction of the students with a tutoring platform. The
research has been conducted using the og-files, facial expressions, diagrams drawn
and notes were taken on paper and eye-tracking data gathered during a tutoring
session on Human Circulatory system. The methodology proposed by Buchet et al
highly depends on the context in terms of the lesson or subject of the tutoring system
as there can be an existence of students in different learning profiles interacting in a

similar manner.

Vellido et al. [27] used clustering of multivariate data regarding students’ behaviors
in a virtual course in order to identify and characterize atypical students (outliers)
and to estimate the relevance of available data features. The approach proposed
during the research is quite similar to the approach proposed by Bouchet et al, and

bounded by the limitation of the context.

Tian et al. [28] used both the learning strategies employed by the students as well as
information regarding their personality to cluster them. Their methodology is also in
two steps since they validate their clusters definition through an analysis of frequent
patterns. Manikandan et al. [29] provided an interesting example of a virtual

classroom system grouping students by performance.

However, the key issue considering the applicability of the methodologies is that the
high dependency of the context for the purpose of segmentation leading the
segmentation methodology to become unaware of features due to similarities that

could exist between similar student segments of the population.
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3.3.3 Experiments

The dataset gathered through from the study [24] was used for performing the
experiments conducted in the section and the experiments are based on the learning
style data section of the dataset. The experiment section includes how the features

have been selected and improved for performing the student segmentation.

3.3.3.1 Dataset

The dataset used for the study comprised of the responses gathered for the learning
style questions in the study [24]. The learning style questionnaire consisted of 20
questions with Likert scale responses describing the applicability of the actions with
the actions of the learner. Each statement or question in the questionnaire described a
possible style of study or type of behavior of a student and the aspects covered were
inspired by the LCI model [23].

3.3.3.2 Feature Selection

Prior to the feature selection and improvements, the data had to initially treated for
missing values since some of the responses had no responses or marked the question
to be not understandable. For the purpose, the missing data points were filled by

averaging the responses provided to the questions in the category of the question.

Subsequently, the scores were summed across each category for each student. As the
feature selection, the categorical percentage of the students in each category was
calculated in order to determine the relative strength of the student in each category

compared to the other categories.

3.3.3.3 Methodology

In order to determine the different student profiles, the categorical percentage scores
were clustered under different clustering mechanisms in order to identify the
naturally forming learning styles among the students. In the research, hierarchical

clustering was performed using the cosine similarity as the affinity measure. Through
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the cosine affinity, the students with similar relative strengths are expected to be

classified together as required by a naturally forming segment.

3.3.4 Discussion

3.3.4.1 Clustering

The clustering of the data set was performed with the intention of maximizing both
Dunn index and the Silhouette index. As the initial step, the Dunn indices and
Silhouette indices were calculated for a different number of clusters ranging from 1
to 7 clusters.

Number of Clusters Silhouette Score Dunn Index
2 0.606 1.451
3 0.256 1.299
4 0.269 1.333
5 0.293 1.056
6 0.289 1.481
7 0.245 1.017

Table 11: Cluster Evaluation
As identified by the values obtained for the metrics, the initial number of clusters
was determined to be 2 based on the implications. Profiling of the clusters reveals
that the minority cluster is having the characteristic of high technical and the
confluence with low precision and sequence and the majority cluster to have mixed

characteristics.

3.3.4.2 Sub-Clustering

The majority cluster identified in the earlier stage was then further clustered with the

intention of identifying segments with notable characteristics. Similar to the previous
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stage, the objective of the clustering was to maximize both Dunn index and the

Silhouette score.

Number of Clusters Silhouette Score Dunn Index
2 0.316 1.451
3 0.282 1.299
4 0.303 1.333
5 0.292 1.056
6 0.245 1.481
7 0.258 1.016

Table 12: Sub Cluster Evaluation

As the metrics suggest, the majority cluster was sub-clustered further into two
clusters. Upon inspection of the characteristics, one of the sub-clusters had high
sequence and precision with low confluence and technicality. The other sub-cluster

had mixed characteristics with no notably distinguishable characteristic in the scores.

3.3.5 Conclusions

The hierarchical clustering on the categorical percentage scores of the students
revealed the existence of 3 major student segments based in terms of the learning

style and preference. The three student groups can be identified as follows,

1. High Technical and confluence with low precision and sequence
2. High precision and sequence with low technical and confluence

3. Mixed characterized students

Compared with the other researches conducted with the purpose of identifying
different student segments, the derived student characteristics can be considered as

the optimal for the context of the Sri Lankan education system. Further, the results
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obtained are independent of the subjects the students follow at the school, thus the

findings could be applied across different student samples across the locality.
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3.4 Section 4 - Impact of Assistive Learning

3.4.1 Introduction

Private tutoring is a trending topic when it is considering the school level education.
This part of the project is conducted to measure the effectiveness or impact of the
tutoring also known as assistive learning. Not only Sri Lanka, but many other
countries have experienced an increment of tuitions attendance of the students.
Reasons like the competition of learning, the hardness of the examinations, lack of
individual evaluations in the public schools’ teachers, quality of learning experience
in public schools, lack of exam directed teaching may have caused this increment of
tuition attendance. It doesn’t have any clear study that discusses the impact of the
tuition and the student can be wasting their time in private classes. This research is

going to discuss this problem.

Tuition is also known as ‘shadow learning’ refers to the teachers who are teaching
without following professional standards. Those teachers can have a proper
educational background but it is not necessary, if they can express the concepts and
theories well, they will be a good tuition master. They assist and support the learning
of others in an interactive, purposeful, systematic and efficient way. Tuition can be
categorized by the participants count. Some are individual one-to-one basis tuitions,
few numbers of students groups and large scale such as more than two hundred

students. Sometimes the parents or siblings of the students themselves can be tutors.

It is more challenging to estimate the effectiveness of the private tuition because the
tutored and non-tutored students are different. In [30] R. Cole has been given a set of
statistics comparing both groups of student. In general, it shows the tutored student
get more advantages than the other group. There is some sort of socioeconomic
difference between the two groups as well. The parents of the student who having
tuition, are somewhat better educated, have higher income and help their student a bit

more than the other.

This study will be more helpful for the people who are thinking as tuition is the only
option to get educated without considering the public school academic. In some
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cases, grade 5 students take about 3 or 4 tuition classes. It is a serious factor that little
children do not get their childhood experience, free time, on behalf of a small

examination.

3.4.2 Literature Review

There are number of research carried out on measuring the impact of Assistive
learning (also known as shadow education or private tutoring). These research are
based on different methods. Paper [30] is written about the Sri Lankan context.
Rachel Cole used Inter-Sectoral Study on Health and Education dataset, conducted
by Sri Lanka’s NEC to show the effectiveness of the tuition. In this study, Cole was
considering about the children who are in grade 5 and the performance of scholarship
examinations with a various number of other factors like family background,
teachers education levels, time and money spent on tuition by the students, the scale
of the tuition classes. This paper uses bivariate regressions and multivariate
regressions to estimate the impact. They conclude the study as the impact of the
tuition is not statistically significant for a small duration of tutoring such as five

months but a significant impact for a longer duration of teaching.

The research [32] is done in Pakistan region considering only mathematics marks of
the students. Qaiser Suleman and Ishtiag Hussain in [32] have tested the impact of
the tuition by using fifty students from a school in Pakistan and used only 4 topics of
the mathematics syllabus, there for the research is not seems to be a more generic
experiment. Using experimental and control group of students it conducted three
tests called pre, post and retention tests. To get the impact of tutoring they perform
their own tuition sessions only for the experimental group by using some
experienced teachers. Then the hypothesis is proved by the results of these test

results.

In research [31], Pallegedara has done a survey for evaluate the demand of the
private tutoring in Sri Lanka and experienced that the private tuition expenditure has
change form luxury good in 1995/96 to a necessity good in 2006/07. Smyth did [33]

research, by using the data from a survey with school leavers. Their conclusion was
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there is no significant difference between the two groups of tuition takers and non-

takers.

3.4.3 Experiments

The objectives of this study are to explore the impact of the tuition on the academic
performance of the student who is in grade 6, 7, 8. This study is focused on different

subjects like mathematics, science, and English.

In order to measure the impact of assistive learning on student performance, the
average marks are taken for all three years for each student for the subject in
consideration. A simple plot as illustrated below can provide insights into the
variation of the performance with assistive learning. The marks variation plot would
provide the variation of the scores in each year whereas the differential plot would
provide how the marks have been varying relative to the benchmarking year of grade
6.

For instance, the following plots illustrate the impact of assistive learning for
students who took tuition in grade 8 but not in grade 6 or 7. The marks differential
plot would indicate the variation in terms of increments or decrements. It can be
clearly observed that the students who took tuition in grade 8 have a tendency of

improving the performance.

Mathematics (Assistive Learning only in Grade 8)

Marks variation plot Marks differential plot
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Table 13: Marks Variation Plot due to Assistive Learning — Maths, Grade 8

Similar to the graphs illustrated above, following graphs indicate the performance
variation of for mathematics of the students who started following assistive learning
in grade 7 and 8. It can be noted that the performance has improved in grade 8

despite the drop in grade 7.

Mathematics ( Assistive Learning in Grade 7 and 8)

Marks Variation plot Marks differential plot

inc: 5, dec: 4
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Table 14: Marks Variation Plot due to Assistive Learning — Maths, Grade 7, 8

However, in the case of subjects such as English, a clear relationship cannot be

distinguished between assistive learning and performance of the student. The

36



following graphical illustrations can be used to indicate the non-existence of such a

relationship.

English (Assistive Learning in Grade 8)

Original Plot Changed Plot

inc: 2, dec: 12

Ry
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30 40 50 60 70 80 -20 -15 -10 =5 0 5

Table 15: Marks Variation Plot due to Assistive Learning —English, Grade 8

As a further analysis, a statistical experiment method is used to measure the
effectiveness. In this method, T-Test is used to compare the average marks of the two

student groups which take tuitions on a particular subject or not taking tuition.

3.4.3.1 Hypotheses of the Study

The followings are the three null hypotheses and alternative hypotheses were

developed for the test the above mention objectives.
1. For English

HO - There is a significant difference between the group which attends to the

tuition and the group which does not attend to the tuition for English.

H1 - There is no a significant difference between the group which attends to

the tuition and the group which does not attend to the tuition for English.
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2. For Mathematics

HO - There is a significant difference between the group which attends to the
tuition and the group which does not attend to the tuition for mathematics.

H1 - There is no a significant difference between the group which attends to
the tuition and the group which does not attend to the tuition for mathematics.

3. For Science

HO - There is a significant difference between the group which attends to the
tuition and the group which does not attend to the tuition for mathematics.

H1 - There is a no significant difference between the group which attends to

the tuition and the group which does not attend to the tuition for mathematics.

3.4.3.2 Significant level
5% (0.05)

Because of the hypothesis are considering both increasing and decreasing events, this
test can be taken as a two-tailed test. Therefore the significant interval is reduced to
0.025.

3.4.3.3 Population

All student in grade 6, 7 and 8 in Sri Lanka.

3.4.3.4 Sampling and Sampling Technique

More than 500 grade 9 students from different demographic areas in Sri Lanka. The
students are categorized into two groups by the tuition attendance for that particular

subject. (In the result section they are called as ‘A’ and ‘B’)
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3.4.3.5 Delimitation of the Study

This experiment measures only whether a student has attended the tuition for the
subject or not in a particular year. How much time they spend on tuition is not
counted.

3.4.3.6 Data Collection

The data is collected by using the survey type application and the printed form. The
student examination marks were directly taken from the schools as hard copy and
then digitized. Statistical tools i.e. mean, standard deviation and differences of means

were calculated for both groups of the student who attends to tuition and others.

3.4.4 Results and Discussion
A - Those who did not go to tuition on that year

B - Those who went to tuition on that year

3.4.4.1 English
year group count mean std T value P value
6 A 107 68.34959 | 18.24401 2.04458 0.04164
B 247 72.5356 17.44621
7 A 83 65.05223 | 21.31249 1.13019 0.25916
B 272 68.07446 | 21.32852
8 A 62 67.03399 |20.70118 1.47254 0.14177
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293

70.79944

17.74764

Table 16: T-Test Results Comparing Two Groups for each Year

For all above three cases, the magnitudes of t-value are smaller which is statistically

significant as it is greater than the significant level of 0.025. Hence the null

hypothesis that “There is a significant difference between the group which attends to

the tuition and the group which does not attend to the tuition for English” is rejected.

It clearly indicates that the students who are attending tuition and who are not are not

significantly different.

3.4.4.2 Mathematics

year group count mean std T value P value

6 A 100 65.53928 | 17.72656 1.7172 0.08682
B 255 69.12692 | 17.69938

7 A 86 63.61661 | 19.32385 0.77347 0.43976
B 269 65.32044 | 17.26505

8 A 54 71.03886 | 18.69922 -0.1396 0.88906
B 301 70.68977 | 16.58736

Table 17: T-Test Results Comparing Two Group for each Year

For all above three cases, the magnitudes of t-value are smaller which is statistically

significant as it is greater than the significant level of 0.025. Hence the null

hypothesis that “There is a significant difference between the group which attends to

the tuition and the group which does not attend to the tuition for mathematics” is
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rejected. It clearly indicates that the students who are attending tuition and who are

not are not significantly different.

3.4.4.3 Science

year group count mean std T value P value

6 A 130 71.80148 |16.38461 3.51893 0.00049
B 225 77.96044 | 15.59344

7 A 96 71.34829 | 15.88555 2.16568 0.03101
B 258 75.32167 | 15.14238

8 A 68 71.18545 |15.664 0.65782 0.51108
B 287 72.526 14.97681

Table 18: T-Test Results Comparing Two Groups for each Year

In the last two cases except the first one, the magnitudes of t-value are smaller which
is statistically significant as it is greater than the significant level of 0.025. Hence the
null hypothesis that “There is a significant difference between the group which
attends to the tuition and the group which does not attend to the tuition for Science”
is rejected. It clearly indicates that the students who are attending tuition and who are
not are not significantly different. For the first case, the null hypothesis cannot be
rejected and the alternative one is accepted. Therefore in grade 6, those who are
attending tuition have more probability to take different marks than the others.
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3.4.5 Conclusions

Considering all three cases, the experiment conclusion is there is no statistically
significant difference of performance between the two groups who having tuition or
not.
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3.5 Section 5 - Subject Level Relationships

3.5.1 Introduction

Exploring an association between subjects is one of the major research areas in
educational data mining. Correlation analysis is widely used to explore an
association between subjects. This analysis uses a holistic approach to identify the
correlation among subjects. A holistic approach means thinking about the big picture.
In educational perspective holistic approach refers to the teaching method that
without avoiding excluding any significant aspects of the human experience [1].
Therefore this research is introduced subject correlation analysis on all subjects
without excluding any to explore a better way to improve learning experience on
students in secondary school level.
Among the main challenges in a holistic approach for the number of dimensions is
high due to the number of subjects are increased. Moreover, it’s hard to cluster the
subjects properly without having a high number of student sample. The current
study useful to alter the educational policies to achieve the best learning experience
to the students. Moreover, this study useful to predict the student marks in the future.
Even though there has been a significant level of work relating to subject level
correlations 2], there is only limited work which focuses on the analysis with a
holistic approach. Majority of the researches focuses on analyzing the correlation
between several specifically selected subjects. Since an academic term (4 months
period) can contain any number of subjects, there can be influences from other
subjects are not taken for consideration on the information taken for the study. Thus,
these studies and discoveries might not reflect the true nature of the sample of the
study.

The paper presents a framework and a methodology for analyzing correlations
between different subjects with a holistic approach in order to gather insights from
the data. The research addresses the identification of patterns using basic data mining
approaches. Compared to other researches which are confined to a part of syllabus
[2], [3] and [4], the proposed approach of the paper would provide an effective,
comprehensive and complete methodology. Further, the learnings of the study can
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provide useful insights into student performance analysis using a holistic approach

which can be applied universally in order to perform a similar analysis.

3.5.2 Literature Review

Various researches have been carried out in the area of correlation analysis between
different subjects. The main purpose of these researches was the identification of the
impact of a specific subject towards the student’s performance of another subject.
These researches consist with different sample sizes and different age ranges of the
students. In addition, each research focuses on analyzing the correlation between
several specifically selected subjects, contrary to this research which considers the
correlation between all the subject in the curriculum, in order to identify the highly

correlated subjects and categories.

One of the highly focused research problems in this domain is correlation analysis
between science and language skills. This problem is addressed in [3] and [4] under
different student samples and circumstances. [3] and [4] both suggest that relevant
language skills are required to make necessary inferences in a subject like science.
Hence the language skills directly affect the student’s performance in science.
Moreover [3] propose that having the knowledge available does not guarantee that
the student will use the knowledge; in order to effectively use the knowledge and
provide proper answers in an examination situation students require proper language
skills

Another research problem in this domain is analyzing the correlation between
science and mathematics. [5] addresses this problem for the students in one particular
age group (grade 8) whereas [4] addresses the problem for an extended range of ages.
[5] concludes that there is a linear correlation between mathematics and science
performances of the students in the TIMSS and TIMMS-R datasets which were
considered in the research. [4] has extended the research carried out in [5] by
considering the language and reading skills of the students as well. It also considered
the performance over several years of the students and calculated the correlation
coefficients for each instance. It concludes that reading (language) achievement
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significantly mediate the relationship between mathematics and science across time.
Similar research is carried out in [6] which concludes that reading achievement had a
larger effect on science achievement than mathematics achievement. More similar

researches were carried out in [2] and [8] too.

[8] is the only research which analyzed the correlation between multiple subjects. It
concludes that students with higher performances and lower performances have
higher correlation across all the subjects and students with moderate performances
have inconsistent correlations. However, none of these researches deeply analyze the
correlation between all the subjects in the curriculum and provide a framework to do

s0. The next section addresses the key steps of this framework in detail.

3.5.3 Experiment

The data collection process was carried out in several schools in Sri Lanka covering
over 700 students from urban, suburban and rural regions of the country []. The
student sample consists of different demographics with approximately equal

percentages of male and female students.

All the data was collected from grade 9 students and it includes performance data of
the students over 3 years. Hence end term examinations marks for all the subjects
were collected for the considered student sample. Reliability measurement for the
collected sample has a higher value of 0.98 which implies the sample has a high
internal consistency. Table 1 provides the statistical measurements of the collected

sample.

Grade 6 Grade 7 Grade 8
Subject mean sd mean sd mean sd
Mathematics 68 20 57 25 60 26
Science 71 19 65 24 69 22
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Sinhala 69 19 70 22 69 24

English Language 66 22 63 24 59 26
Religion 74 19 65 24 69 22
History 65 20 69 27 67 23

Health 71 18 70 23 69 21
Citizenship Education 75 19 76 22 78 21
Geography 77 18 64 22 69 25

PTS(Practical Technical

55 33 65 27 71 23

Studies)
Second Language 70 23 60 28 53 24
Art 74 18 64 23 60 25

Table 19: Descriptive Statistics for Subjects by Year

The performance of the student in a specific subject in a specific grade corresponds
to the scores obtained at the term examinations of the grade. The process of
identifying similar subjects is mainly carried by considering two approaches. The
first approach is based on the average term marks for every academic year for each
student and the other is using the first principal component corresponding to the
performance score vector. Although principal component analytics seems to be a
good solution to dimensions reduction the explained variance for each subject differs
from 0.6 to 0.8. Therefore the first approach which average term marks for every

academic year selected.
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3.5.4 Discussion

The discussion consists of the main two part. One is correlation analysis on subjects

and other is hierarchical cluster dendrogram analysis. Correlation analysis show year

by year analysis of subjects and hierarchical clustering show overall analysis of

subjects.

3.5.4.1 Correlation Analysis
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Figure 6: Pearson Correlation among all the Subjects for Grade 8 and Spearman Correlation
among all Subjects for Grade 6
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Under correlation analysis, we perform basic three correlation techniques. Kendall,

Pearson, Spearman. In our results, Spearman and Pearson show higher correlation

scores to subjects and Kendall show medium scores to the subjects (Fig. 1-9). But all

three methods are showing a similar distribution of correlation among subjects.

Specially Spearman and Kendall methods are showing similar distributions. As an

example, Spearman and Kendall show similar higher correlated subject pairs in table

2. while Pearson shows a subset of that pairs.

Method

Highly correlated subject pairs (coefficient up to X)

Pearson

First Language - English Language
Geography-Health

Religion - Health

Science - Health

Science - Geography

0.8

Spearman

First Language - English Language
Geography-Health

History-First Language

Health - History

First Language - PTS

Religion - Health

Religion - History

Science - Health

Science - Geography

0.81
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Kendall

First Language - English Language
Geography-Health
First Language - PTS
Religion - Health
Health - History
Science - Health
Science - Geography

0.63

Table 20: Higher Correlated Subjects in Grade 6

The table 2 shows that Spearman's and Kendall's methods identified more

relationships between subjects which Pearson method did not identify. This explains

subjects do not have a completely linear relationship but a monotonic relationship.

Table 3 shows the comparison of Spearman correlation coefficients of grade 6, 7 and

8.

Grade 6

Grade 7

Grade 8

Highest correlation

Religion - First Language

Religion - Health,
Religion - History

Mathematics - English

Lowest correlation

CE vs Second Language | CE - Art Geography - Second
Language
Range
0.87 -0.55=0.32 0.87-0.60 =0.27 0.87 -0.50 =0.37

Special relations

Citizenship Education,
Art, Mathematics
compared to others
showing low correlation
with other subjects.

Art compared to others
showing low correlation
with other subjects.

Second Language, Art
compared to others
showing low correlation
with other subjects.

Highly correlated
subjects

First Language - Foreign
Language

Geography-Health
History-First Language
Health - History

First Language - PTS
Religion - Health
Religion - History

Science - Health

Geography - First
Language

Health - Geography
First Language - History

Geography - History
History - Health

Geography -
Mathematics

Mathematics - History

PTS - Health

CE - Health

History - English

First Language - History
History - Geography
Mathematics - History
Religion - History
Religion - First Language

History - Science
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Science - Geography Religion - First Language

Religion - Foreign
Language

Religion - Geography
Religion - PTS
Religion - Mathematics

Science - Geography

Science - History

Table 21: Comparison of Spearman correlation coefficients in grade 6, 7 and 8

3.5.4.2 Hierarchical Cluster analysis

Hierarchical clustering is applied for identification of the similar subjects in the
syllabus. For the purpose of identification of similar subjects, each subject is
represented by a vector of 12 dimensions. A value corresponding to each dimension
of the representation is calculated by considering the Pearson’s correlation
coefficient of each subject against other subjects. Cosine similarity is used for the
calculation of the similarity between the subjects. The dendrograms obtained by the
approach will provide an overview of the grouping of the subjects. Due to the use of

the cosine similarity, subjects in the same cluster will require similar skill sets.

FTS
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English Language :’_'_

Second Language

Religion

Geography

History
First Language
Science :_

Health
Citizenship Education

0000 0002 0004 0006 0008 0010 0012 0014
cosine distance

subjects

Figure 10: Hierarchical Cluster Dendrogram for Pearson’s Correlation Matrix with Cosine
Distance & Average Cluster Method

Other than PTS, Art and Citizenship Education which having larger distance with
other subjects hierarchical cluster dendrogram identified clearly two clusters among
subjects. In figure 10 mathematics and English language in the same cluster which
have the most failure rates in ordinary level exam [9]. Moreover in [10] states that
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mathematics and foreign languages associates with each other. Furthermore in [11]
explains mathematics can be thought of like a foreign language, with its own unique
terminology and symbol system. Therefore the results in figure 10 confirm the
students in Sri Lanka is also show a similar attitude towards secondary languages and

mathematics.

Religion, Geography, History, and Sinhala have low distances with each other
subjects and all these subjects are related to reading and memorizing. The next
closest distances with the above subjects are Science and Health. Which is also
related to reading skills as described in the literature. Cluster dendrogram confirms

that with science has the closest distance with the above-identified reading cluster.

3.5.5 Conclusions

Present findings are consistent with the existing literature that supports high
associations between reading and science achievement [3], [5] and mathematics and
foreign languages achievements [10], [11]. Moreover reading and science has a
higher relationship than the relationship between science and mathematics is
consistent with the existing literature [6], [7]. According to our analysis science and
mathematics have a moderate association. But the current analysis did not include
data beyond eighth grade. Therefore mathematics and science may have a higher
association between them in grades beyond eight.

In comparing different correlation techniques, the Spearman’s correlation is more
suitable for the data set because the Spearman correlation coefficient is identified

more relationships between the subjects rather than Pearson’s correlation coefficient.

In hierarchical cluster dendrogram Citizenship education, Art subjects and PTS have
higher distance with other subjects. Therefore these subjects do not have a high

impact on other subjects and they may solely evaluate students’ born skills.
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4 DATA DRIVEN INSTRUCTION STRATEGY PLATFORM -
SOFIA

Based on the results of the identified research problems, a software tool is developed
mainly targeting the two key stakeholders of Sri Lankan education; teachers and
students. Sofia is the digital platform which provides useful insights and instructions
to both teachers and students in order to enhance the individual learning and teaching
experience of a classroom. A user can be a teacher or a student where each type of
users are provided with different interfaces and functionalities in order to provide
various insights based on the collected data.

SOFIA

by Delos Labs

User Marme

Password

Submit

Figure 11: Sofia Login Interface
4.1 Student Interface

Unique learning instructions are provided to the students based on the entered data.
The initial step of a student is to complete their profile by filling up the required data
field for the application. These data fields consist of learning background data,
participation in extra-curricular activities and assistive learning, a questionnaire to
evaluate learning style of the students and student performance data for all the

subjects for grade 6, 7 and 8.
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Subject B : FRL

What are your favourite subjects?

[J Sinhata (] Maths [ Science [] Art (] Dance [} Buddhism [ History () Tamil [} English (] Geology

‘What are your favourite lessons?

‘What are the hardest subjects for you?

[ Sinhala (] Maths (] Science (] Art (] Dance [[J Buddhism [ History [ Tamil [} English [] Geology

‘What are the hardest lessons for you?

‘What is your ambition? ‘What is your grade S scholarship marks?

Next
Footer
Subject 1 - sin Eng  Tam
[0 sinhala [[] Maths () Science [] Art (4 Dance [} Buddhism () History () Tamil () English [[] Geology
Grade 6 Grade 7 Grade 8
Science v v
Dance v v
Finish
Footer
Term Test Marks
Grade 6 Grade 7 Grade 8
1 " m 1 n m 1 "

Sinhala 2 %0 %0 % 5 09 8 6
Mathematics 75 87 98 96 95 75 88 98
Science 98 88 97 22 65 35 67 80
Art 18 58 55 87 84 [ 88 48
Citizenship_Education 45 45 a6 45 41 65 45 65
English 80 90 95 99 97 9 80 90
Religion 15 &5 48 &5 53 46 a8 68
History 25 65 36 26 21 65 9 69
Geography 75 80 85 70 79 80 88 85
PTS 98 98 99 89 928 92 97 93
Tamil 25 68 56 &9 69 59 25 78
Health 75 84 56 58 68 69 a5 87

Figure 12: Student Data Collection Interface
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The collected data are used in analytics to infer results from them and to train the
machine learning models developed for student academic prediction. The machine
learning model is capable of taking provided data as input and predict the upcoming
grades for a given subject. If the grade is predicted to be going down, learning
instructions are provided to the student based on the learning style. Since there are
mainly three types of students according to the learning style-based student
segmentation research outcome, the instructions are provided separately for these

three student types; methodological, experimental and composite.

Viran Sinhala Mathematics Science

Student Focus more on your studies. Work You are doing well. keep it up Work hard to maintain your level
harder

e Vore _ More

Next Term
Art Citizenship_Education English

Logout Good work, Keep it up You are OK, but work harder to You are doing well. keep it up

improve

Religion History Geography
You are OK, but work harder to You are OK, but work harder to You are doing well. keep it up
improve improve
PTS Tamil Health

You are doing well. keep it up Work hard to maintain your level You are doing well. keep it up

_ More

Figure 13: Student Subject Overview

The above interface provides an overview of student’s current situation for all the
subjects. Here the student’s upcoming examination mark for each subject is predicted
but it is not displayed to the student directly since that can affect their mentality.
Instead, general instructions are provided to work hard or focus more on subjects
which are predicted to attain lower grades. (E.g. Sinhala and Citizenship Education
in Fig 6.2)
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Past Marks Variation for Sinhala

Marks Average Marks q q
- g You can focus on while studying..
* Always correct the answers you have
written using textbook or notes

* Start studying with a small plan

You can focus in examination..

« Properly write the complete answer
assuming the examiner has no knowledge
about the question

« Don't waste a lot of time answering the
questions that you think you are unsure

You can focus on while group work..

+ Don't be worried too much if someone
doesn't follow the plan as thoroughly as you
would like

=+ Encourage others to engage in hands-on
activities

Cancel “

Figure 14: Student Subject Specific View with Learning Instructions

This is the interface provided for students to get a more detailed view of a selected
subject. The graph shows the marks variation of the student (Red) along with the
average mark for that subject by other students. (Blue) That would provide a
comparative view for the student to asses where his/her mark is located compared to
other students. The right side of the view the instructions that the student have to
follow in order to overcome the situation. The instructions are provided under three
main scenarios. They are instructions to be followed while studying, during
examinations and during group work. And as mentioned above, these instructions are
provided based on the learning style of the student in order to obtain the optimum

effect of following the instructions properly.

4.2 Teacher Interface

An overview of the students in a classroom is provided to the teachers. The view
consists of learning style composition of the classroom along with the predicted

grade percentages for each of the subjects.

56



teacher
Teacher
Dashboard

Subject Predictions
Subject Relationship

Learning Styles

Logout

Students' Learning Style
Composition

I Composite Experimental
N Methodological

v

Students' Predicted Performance

Sinhala Mathematics Science Art
o ) " o)
Citizenship_Education English Religion History
- il - i~ e

Figure 15: Teacher Dashboard

According to the above Fig 6.4, for science, a higher failure rate is expected which is

about 30%. Then, the teacher can provide more attention to such subjects in order to

overcome the higher failure rates. The teacher also can check the status of the

students in a classroom separately as well.

teacher
Teacher
Dashboard

Subject Predictions
Subject Relationship

Learning Styles

Logout

Name: Viran Learning Style: Composite

Y TN e
o R (R (W

Name: Test Student 2 Learning Style: Composite

Name: Test Student 3 Learning Style: Composite

sonas ¢ [ vithonstis 3| (samee ) (a0 ([ - - D
History B Geography C - Health C

Name: Test Student 4 Learning Style: Composite

Sinhala S Mathematics S - Art C  Citizenship_Education B - Religion B

Histoy € Geography S PTS C  Health F

Name: Test Student 10 Learning Style: Composite
O S B - ¢ coeechctn o bl 6 Reigon S
_ Geograohv  C PTS B Health S e

Figure 16: Individual Student View

In this view, the teacher can identify the students who are in danger of failing a

subject in the upcoming examination. According to Fig 6.5, Student 4 is in danger of
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failing Science and English subjects. Therefore the teacher can pay more attention
for these students, especially on those subjects. Further, the teacher can also get the
exactly predicted mark for a student.

Past Marks Variation for Art

I Varks I Average Marks J Predicted

Figure 17: Student’s Grade View

Here the green dotted line indicates the expected grade for the students for the
selected subject in the next examination. This view is only visible to the teachers.

Further, an overview of student profiling based on learning styles is also provided to
the teachers. Here, the main characteristics of the students in each student segments

along with suitable instruction types are provided for the teachers.
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Teacher

Dashboard

Subject Predictions
Subject Relationship

Learning Styles

Logout

teacher
Teacher
Dashboard

Subject Predictions
Subject Relationship

Learning Styles

Logout

Characteristics Instructions

Type

Methodological

Experimental

Mixed

Characteristics Instructions

Type Experimental

Studying alone may
much effective than
group studying

Explore practical ways
to study where you
can perform hands-on
learning

Focus on writing
answers to questions

while studyin
Studying Ll

Take a short break
periodically while
studying for a long
time

Properly write the
complete answer
assuming the

Characteristics

Working to aplan
Follows examples
Cares about neatness
Explore information

Cares about constant feedback

Likes to perform hands-on activities

Likes to experiments
Willing to take risks

Performs well independently

Combination of these characteristics

Study by answering
questions i the textbook
and assignments

Try brainstorming the
content that you are
planning to study

Always correct the
answers you have written
using textbook or notes

Take down short notes in
point form while studying

Revise your studies once
inawhile

Use the scrap paper for

Methodological

Start studying witha
smallplan

Always follow the
notes and textbook in
the order of syllabus

Follow example
questions when
studying before you
try answering

Do not worry too
much about neatness
when studying

Practice todo
questions on time

Do not consume a lot
of time when making
astudy plan

If you are struggling
to answer a question,

Figure 18: Student Learning Styles Overview

Refer to external
sources like books,
papers, and internet
when studying

Learn by making
questions from the
lessons and answering
them by yourself

Do not worry too much
about certain theorems
and how they are
proved. Only the
application is important

Only focus study on the
given scope of the
syllabus. Do not
overanalyze external
sources.

Don't try to provide the
long descriotive

And finally, a subject correlation map is provided to the teachers, based on the

research outcomes of subject-level relationship analysis. This might be useful for

teachers to identify highly correlated subjects in the curriculum.

59



teacher
Teacher

Dashboard

Subject Predictions
Subject Relationship

Learning Styles

Logout

Grade 6 Grade 7 Grade 8

Figure 19: Subject Correlation Map
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5 CONCLUSIONS

This research project was carried out under five main research areas. They are,

1. Student Performance Prediction
2. Learning Style Analysis

3. Impact of Assistive Learning

4

Subject Level Relationships

Each research area specifies a research problem and proposes a methodology to find
the solution and finally, the research outcomes are analyzed and compared with
existing or related methodologies in order to validate. Other than these research

areas, the data collection process also played an important role in this project.

The proposed student academic performance prediction model was capable of
producing the best prediction accuracy for the considered dataset compared to other
prediction models. The learning style analytics results in a complete methodology to
profile students into three main identified student groups based on their learning style
preferences. The statistical testing used in determining the effect of assistive
learnings for the secondary education suggests that a significant impact does not
exist in the Sri Lanka educational context. The holistic approach to subject
relationship analysis gives consistent results with existing literature which high
association between science and reading achievements and mathematics and foreign
languages achievements. Moreover, when comparing different correlation
techniques, the Spearman’s correlation is more suitable for the data set because the
Spearman correlation coefficient is identified more relationships between the

subjects rather than Pearson’s correlation coefficient.

And finally, these research outcomes are integrated and used in the development
process of Data Driven Instruction Strategy Platform - Sofia. The platform was
mainly targeted to teachers and students and it is capable of enhancing both teaching
and learning experiences. This platform is capable of collecting user data which are

really important in training the developed machine learning models. On the other
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hand, the platform provides efficient and required functionalities and services to both

the user types; students and teachers.
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