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ABSTRACT

Background: Education and student both are correlated to each other. Education quality can be
improved by student performance. If we want to lead a good life or productive life, then education
is necessary and its quality needs to be improved. Performance evaluation of students is necessary
for every educational institute in helping their student and teacher. In this study, we aim to predict
the student category based on the performance of the student and propose a workflow of web-
based four-tier architecture for the student performance prediction. For this purpose, a survey has
been conducted on students in different universities in order to collect data and to analyze and
predict the student category based on their performance. We proposed a new predictive model for
predict student categories based on their performance and how a trained model can learn from real-
time data to predict student performance. For categorized the student based on their performance,
used multiple classification models using supervised machine learning algorithms. To get optimum
features, we applied different data pre-processing technigues. Some supervised learning algorithm
work well with all features yet. Each of the student category categorized by considering the top
features. The analysis results indicate that we got the highest performance by using the Decision
Tree Classifier (DT) by using op 10 features of Extra Tree Classifier Algorithm and XGBoost
show the best performance with Chi-Square Feature Selection technique and other optimum

selection features.

Keywords: machine learning, supervised learning, decision tree classifier, XGBoost, extra tree

classifier, Chi-Square, artificial neural network;
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CHAPTER 1

INTRODUCTION

1.1 Background

A student’s performance defines a student’s academic achievement and his/her responsibility for
the study. Another side, improve education quality depends on students’ performance and their
education ability. Drop out is one of the main reason for the decrease in education quality. Many
of the students drop out at many education levels but most of the drop out happen at secondary or
tertiary level. In 2018, students of the ages 16 to 24 are dropout almost 2.1 million and the overall
dropout status rate was 5.3 percent [1]. In our country, 48% of students drop out at secondary
cycles and 25% of students drop out at higher secondary cycles [2]. Some programs search right
students with the right message who is more relevant to the program. In paper [3], the Author used
a machine learning approach to predict the dropout student and prioritize students who may be at
risk of not graduating on time, and suggest a particular student for going off-track. They also
predict student retention and give a student ranked list based on the possibility of dropout rate. For
this reason, they adapted the ML techniques such as Random Forest Search, Logistic regression.
Student performance prediction is one of the best emphasis for reducing the dropout rate and
failing issues. The student dropout rate is regarded as a negative factor that impacts the quality of
education. So, analyzing the student performance can help in this matter. ANN is coming up to
human biological inspiration, so it has been more effective for clustering and classification tasks.
As well it gives better accuracy compare to another Machine Learning techniques [4].

Therefore, Data collected through a survey questionnaire from different universities inspired by
the Kaggle dataset. Features like institutional name, nationality, current result cgpa, time of group
study, absent in a semester, amount of drop semester, parents satisfied with result, due amount,
etc. etc. added to the dataset. After collecting the data, used binning Machine Learning technique
to label the data. And use data pre-processing techniques to convert categorical features to
numerical features. After that, we are run many feature reducing technique such as chi 2 and Extra
Tree Classifier which show that institutional name is less important for a categorized student

model. Those techniques help to reduce the feature and help to increase accuracy in the model. So
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finally, we get a dataset with 17 attributes from which the top of 10 important features have been
selected after encoding so that we could be able to compare the effectiveness of the attributes on
the accuracy of the model. Although, data has been processed and initial features were selected to
create training and test sets. After that we run different supervised machine learning algorithm e.g.
XGBoost, Decision Tree Classifier and ANN [5]. XGBoost show the best accuracy with the
missing values. XGBoost is one of the best model of ensemble method because of it can handle
both data characteristics [6]. Ensemble learning methods are an extremely effective model for
training on student performance and increase the predictive accuracy of student performance [7].
Therefore, XGBoost algorithm can be applied to provide a prediction model so that the student
will be categorized in level [high, medium, low] based on their performance. And this predicted

model trains on predicted store data after a period of time for increasing the model accuracy level.

1.2 Motivation of the Research

Improving the quality of education has long been of interest topic to academicians. The dropout
rate in our country has increased day by day. So its impact on the quality of education and on a
better life and on building a better country. Measuring academic performance and classifying it on
the basis of their performance is a challenging subject because student performance is a product
of socio-economic, physiological and environmental factors. The main motivation of the research
comes from my real-life experience and the previous research work of my university senior
brother. In my batch, | have seen many students who didn’t continue their graduate study but are
active in 1% year then after day by day they fall up and don’t overcome their position. So, | wanted
to explore them through their performance and suggest to them what’s their position with the
categorization level. It will be effective for our teacher to decide which students need counseling
for retention of their study cycle.

As an intermediate Data Scientist, | wanted to help improve the quality of education by
categorizing students based on their performance with a predictive model that can accurately
classify student level (High, Medium, Low) and increase student retention capacity of any institute
with the remedy solution. Also, a predicted model how to store the predicted data for training
purpose and after a period of time predicted model trained on that stored data and increase the

accuracy of the predicted model.
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1.3 Problem Statement

Student dropout is a problem that impacts all kinds of educational institutes and reduces the quality
of education. Students are the valuable assets of any educational institute. But when they didn’t
continue their study with their career course that time it impacts on social economic. According to
a 2019 report of Bangladesh Bureau of Educational Information and Statistics (BANBEIS), there
are 17.9% of students’ dropout at the primary level, and 36% of students’ dropout at the secondary
level. Alongside, some students study with their choosing subject but when they continue their
studies on their subject they feel that it’s not too relevant for their career. So after that, they changed
their subject or lost their interest in that subject and they just disappear slowly which gradually
increases the dropout rate. A pretend model’s accuracy didn’t increase after making the model,
always the model accuracy stands at a point. Thus why, sometimes a model prediction didn’t give
the right prediction, because the model predicts some confusion value which clearly visualizes

with a confusion matrix.

1.4 Research Questions

Question 1: The main question that this research revolves around is, how a trained model can
learn from real time data to predict the level of students and increase the accuracy of the model?
Question 2: What are the key factors that lead to classify the students based on their performance?
Question 3: Can ML model accurately predict the Student Classify Level and will it help to

decrease the dropout rate?

1.5 Research Objectives

The main objective of this research is to store the prediction data which’s predict the model and
train again the model with the stored data after a period of time and increase the accuracy of the
model.

The next objective is to perform different data pre-processing techniques and make the dataset
clean and tidy. Also, find out the best features to predict student classification and which feature
selection technique suggest the top of the features among the dataset.

The last objective is to make an ML model and evaluate with optimum dataset and tuning model

parameters until the maximum accuracy model is found.
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1.6 Research Scope

The Scope area of this research is under the survey of student performance dataset. This research
explores the best key factors to classify the student level and tries to visualize all the key factors
through different modern plots/graphs. This research also pulls out the best predictive model for
classifying the student level by several parameter tuning and evaluation steps. Finally, this research
performs how to a prediction model trained with predicted store data and increase the accuracy
model.

1.7 Thesis Organization

This thesis contains of five different section, the first section presented the whole topic and work
of this thesis. In the second section, we reviewed some of the literature that are related to this thesis.
Section 3, describes the methodology, different pre-processing steps and visualize the key factors
of student classification. In section 4, we put the experiments result and discussion. And finally,

conclusion described in section 5.
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CHAPTER 2

LITERATURE REVIEW

A topic that has long been interesting for academicians and practitioners in student performance
prediction with classification. The reason for the increasing dropout and reduces education quality.
Analysis of student Performance can help both teacher and student. Teachers can counsel student
based on student performance and improve their performance in examinations. Also, it can be
helped to examination department to choose appropriate faculty and teaching meditation to
enhance student education results (DR. R Senthil Kumar, Jithin Kumar.K.P, et al. 2018) [8]. They
use the MapReduce MongoDB framework model to analyze student performance. Key factors are
a supreme priority to analyze student performance. Analyze student performance models provide
the finest accuracy depends on foremost key factors (Syed Tahir Hojazi et al. 2016) [9]. They offer
a hypothesis and test their hypothesis with simple linear regression. Intercession can help those
that are falling behind their educational goals, but given limited resources, such programs must
specialize in the proper students, at the proper time, and with the proper message. (Everaldo aguiar,
Himabindu Lakkaraju et al. 2015) [10] They represent an incremental approach which will be wont
to select and prioritize students who could also be in danger of not graduating on time and to advise
what could also be the predictors of specific students going off-track. Analyze student performance
differ to online based education and offline-based education. (P.Cuijpers, A. Van den Beemt et al.
2018) [11] They are using correlations, multiple regressions, and process mining to analyze student
performance in a blended MOOC. Many research works are observed student performances, to
enhance their grades and to prevent them from throwing in the towel from school by employing a

data-driven approach. Most of the authors used a data-driven approach to speculate student
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performance (Jie Xu, Kyeong Ho Moon et al. 2017) [12]. The ensemble method helps to provide
the best accuracy of the model which predicts student performance on their academic history.
Student behavior and their academic achievement relationship is a strong relationship that proved
by Bagging boosting and Random Forest algorithm (Elaf Abu Amrieh, Thair Hamtini et al. 2016)
[13]. They are using Data mining to select best key features with data mining. Their proposed
model gives the best accuracy with behavioral features to achieve up to 25.8% from 22.1%. The
machine learning model evaluates 3 or 4 evaluation metrics, which isn’t proved the particular
performance altogether the case. As an example, the performance of the model can’t judge with
the accuracy in the imbalance dataset problem. To compare the performance of supervised learning
methods are used to evaluate the performance with a large number of performance evaluation
metrics. [14](Seyhmus Aydogdu et al. 2019) The author detects that number of attendance, time
spent in the course material, number of attendance to archived courses are contributed most to
predict student performance with ANN. It is difficult to predict how much samples variables in
ANN contribute to predict output target. Therefore, Feature Selection Technique will be help to
predict the best features which are relevant to predict the performance of student. Evaluation
matrix can help to compare the model performance to another model and select the best prediction
model. From this study, we used an evaluation matrix to evaluate the model’s performance more

precisely.
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CHAPTER 3

METHODLOGY

The proposed model contains seven steps that start from collecting raw data and ends with highest
accuracy model and show prediction result. At first, we collect the raw data with some
questionnaires answer from different universities. After getting data, we run the data pre-
processing technique for obtaining clean and tidy data. And then we find out the best features to

lead the student classification.

Dynamic Dataset

Data Pre-processing E Static dataset
atic datase!

A4
User Input (o

Data

Place of birth

il
|

Result

Quetion Asked
in the classroom

h 4

A

Train | Test

Prediction Student |,

Show the Result Performance

A

A4

Apply Classifier
Algorithm

Fig: 3.1: Proposed model Workflow.
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Subsequently, we select four different supervised classification algorithms — XGBoost, Decision
Tree, Artificial Neural Network, Polynomial regression for solving the student classification
problem. Different feature selection technique conveys optimum features, reduced features with
different standpoints. Afterward, we select 10 best features from those feature selection techniques
and fit with the different classification models which show different accuracy on the training set.
After getting accuracy, we plot a confusion matrix for visualization. Then, we evaluate the model
with different evaluation matrix. Then all models tested with test data which are independent test
records and compare their accuracy and select the prediction model which is giving the best

accuracy. The proposed model workflow represents in Figure 3.1.

3.1 Data Pre-Processing

In this study, we used the collected dataset from different universities with some questionnaires answer.
This dataset Contain 19 attributes and 740 observations. The data we have collected, needs some
preprocessing before moving further.

Such as, both the features and labels contained categorical data and we have handled that by
encoding both. We applied total six different data pre-processing technique to make our data
optimum. The pre-processing steps are shown in the Figure 3.2, and describe step by step in

sequence.

Collect/Raw Data

One Hot Encoding

|

Binning

\ 4
Remove High Correlated Features

Feature Scaling

Figure 3.2: Data Pre-Processing Steps
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3.1.1 Dataset Collecting
In this study, we collect the dataset with some questionnaires survey from different universities.

This dataset contains 740 student’s record with 19 attributes.

Attributes Type Description
gender Categorical | male, female
nationality Categorical | Bangladesh,
Somalia
Place_of birth Categorical
department Categorical | SWE,CSE,MCT,
ESDM
current_year Categorical | 1%, 29 31
time_of_group_study Numerical
absent_in_a_semester Numerical
last_semester_result Float
current_result_cgpa Float
question_ask_in_class Categorical | Yes, No
amount_of drop_semester Numerical
use_additional _course_material | Categorical | Yes, No
drop_reason Numerical | Yes, No
meet_with_advisor Categorical | Yes, No
absent_in_a_semester Numerical
due_amount Categorical
parents_satisfied_with_result Categorical | Yes, No
fathers_education Categorical
mothers_education Categorical

3.1.2 One Hot Encoding

Categorical variables are qualitative data in which the values are assigned to a set of distinct groups
or categories such as drop_reason, due_amount, institutional_name and 14 other features are in
dataset. These variables are stored as categorical string value which represent various value of
data. Some instance includes drop reason(‘personal’, ‘financial’, ‘irregularities’, ‘depression’

‘poor_academic result’, ‘drop_reason_0’), gender(male, female). In ML, there have different
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approach available to deal with categorical variables. In this study we used one hot encoding to
allocate with categorical variables. One hot encoding converts categorical variables into dummies
variables (Scikit-learn.org, 2018). For example: drop_reason feature has 6 different values:
‘personal’, ‘financial’, ‘irregularities’, ‘depression’ ‘poor academic result’, ‘drop reason 0’.

After applying one-hot encoding, values will encode into numbers like this:

drop_ drop_reaso | drop_reaso | drop_reaso | drop_reason | drop_reaso | drop_reaso
reason n n n _irregulariti | n n
_personal | _financial | _poor es _depressio | _0
_academic n
_result
personal 1 0 0 0 0 0
financial 0 1 0 0 0 0
poor_ 0 0 1 0 0 0
academic
_result
_irregulariti | 0 0 0 1 0 0
es
_depression | 0 0 0 0 1 0
NO 0 0 0 0 0 1
3.1.3 Binnig

Binnig method is used for data smoothing and sorted value of data by consulting its
“neighborhood”, that is, the values around it. We are collected raw data with some questionnaires
answer from different universities. But there has no label in the dataset, so we used binning method
for labeling the data and categorized the data based on students’ given information. In the binning
method, we retention a range based on the current result cgpa with a categorical name. After getting

the categorical name with labeling and fixed them into a target variable. For instance: the current
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result cgpa contains 0 to 4.0 floating values, at first kept a range with these values such as 2.5-3.0
= “Low”, 3.0-3.5 =” Medium”, 3.5-4.0 =” High” and other remaining values goes to Low

categorical value.

3.1.4 Removing Highly Correlated Feature

Correlation defines how one or more variables are co-related to each other. In statistics, it defines
how one variables changes depended on the other variable. So it’s a mutual relation for two or
more variable which are contains categorical or numerical value. To measure, how strong the
relationship between two variables. We use Correlation and Pearson’s Correlation (Pearson,1920)
method. The PCC equation is —

Equation 3.1:

(@i (%~ 9)
V3 (@i — 22 X (v — 9)°

Where,

.?fl

r = Pearson Correlation Coefficient

€L g

Yi
= x variable samples = y variable sample

= mean of values in x variable y=mean of values in y variable

In PCC, values of ‘r’ ranges from -1 to +1 where 0 means there is no relation between the two
variables. Positive value means if one variables value will increase then other variable value will
increase. And negative value means opposite of positive values such one variable value will
increase then other variable value will decrease. So we find highly correlated features in our dataset
after calculating PCC Table 3.1, where the Correlation value range between 0.8 to 1.0.

Table 3.1: Feature with Highly Correlated value

Feature Name Correlated with r

last_semester_result | Current_result_cgpa | 0.83
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3.1.5: Feature Scaling
Feature Scaling is a technique to standardize the independent features present within the data in a
fixed range. It applied during the data pre-processing to handle highly varying frequency or values
or units. To overcome this problem, we need to bring the varying features to the same level of
magnitude. If feature scaling isn’t applied, then a Machine Learning algorithm show low accuracy
compare to feature scaling applied dataset. There are two common methods are available to
perform best Feature Scaling —

e Standardization

e Min Max Scaler

In this study, we used standardization feature scaling technique to select our features and standard
our dataset. Standardization is a very effective technique to rescale features value so that it has

distribution with 0 mean value and variance equals to 1.

Before Feature Scaling: Figure 3.3, boxplot represent us the magnitudes of each feature before

standardization.

time_of_group_study 7 L LL 2 LIS * +

-

absent_in_a_semester -

last_semester_result

amount_of_drop_semester

ourrent_result_cgpa -

G-—*—_'——*—T

1040 200 300 400 500 E00 700 BOO

Figure 3.3: Features magnitudes before Scaling

After Feature Scaling: Figure 3.4, boxplot represent us the magnitudes of each feature after

standardization.
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absent_in_a_semester 'I—I L L I
amount_of drop_semester 7 | L
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T
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Figure 3.4: Features magnitudes after Scaling

3.2 Key Factors of Student Classification

We discover some of the key factors that are highly responsible for classification student.

Time of group study: According to Chi2 Square and Extra Tree Classifier model feature
importance (Figure 3.5), time_of group_study has the highest effect on Student Classification.
(Figure 3.5) , present that student with time_of _group_study of 0-200 hours has the highest

performance rate.
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Figure 3.5: Time of Group Study plot
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Absent in a semester: According to Chi2 Square and Extra Tree Classifier model feature
importance (Figure 3.6), absent_in_a_semester has the highest effect on Student Classification.
Figure 3.6, present that medium students of dropout rate much more than low students of drop out
rate.

200 4 * [ ] 00
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<]
s
-
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IRLED ; 5 e M E 75
i < [ [ ] g
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* [ ] n
25 3 b . 25
: } I
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Class of student

Q
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7]
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Figure 3.6: Absent in a Semester plot

Amount of drop semester: In this dataset, highest CGPA (CGPA 4.00) student holder didn’t drop
out the semester. It happened with them rarely like it’s an exceptional case. There are 2 students

are dropout which is cgpa range (3.5 to 4).
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Figure 3.7: Amount of Drop Semester plot
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Parents satisfied with result: (Figure 3.8), Shows that parent satisfied with student’s result ratio
are high when the student’s CGPA is good. But when Student’s result fall that time parents
satisfaction result is low. So it’s like a linear relation which is show that if one is increased than

other variable will be increased and also it happens on opposite side.
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Figure 3.8: Parents satisfied with result plot

Current result CGPA: Chi2 square and Extra Tree classifier model feature importance shows
that current result cgpa one of the importance feature for student classification. Those students are

high categorical student which is CGPA is high and those students are low categorical which is
CGPA is low.
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Figure 3.9: Current result CGPA plot
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Drop Reason: (Figure 3.10), shows that financial drop reason is also there to all categorical
students. Because of in Figure 3.7 shows that some High categorical students give drop out in any
semester for any reason.

Iregqularity

Poor_Academic_Result

Depression

Drop Reason

8]

Financial

Personal

High Lo Medium
Class of student

Figure 3.10: Drop Reason plot

3.3 Optimum Feature Stand point

We were applied 4 different data pre-processing steps that represent in Section 3.1 and Table 3.2,

the left column describes the optimum features list.

3.4 Feature Importance

Feature Importance describe a score for each feature of dataset. The highest score feature more
important or relevant feature towards with output feature. Feature importance reduce overfitting
and less opportunity to make decision based on noise. It reduces algorithm complexity and make

faster to train model. Thus why, model accuracy improves and less misleading data.

Chi-Square
When the feature is categorical Chi-Square is to be used. Chi-Square show the feature importance
ratio and measures the degree of association between two categorical variables [15].
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Features chi2 Score

time _of group study 132.13598@

absent_in_a semester  G0.435332
amount_of drop semester  58.646113

parents satisfied with result Mo  54.415114
parents_satisfied _with_result_Yes  41.459134
institutional name_Green University of Bangladesh  31.7194%2
institutional name City Uniwversity  3@.8828%7
current_result _cgpa 28.558551
drop_reason_Financial  19.18985%7
ask_guestions_in class Mo  17.283234

Figure 3.10: Features score of Chi-Square
Extra Tree Classifier
Extra Tree Classifier is an ensemble machine learning algorithm. It’s very closer to RF and only
differs from RF to the construct of the DT in the forest. In feature selection, it performs using the
forest structure and normalized total reduction in the mathematical criteria. The most important

variable score determines with the output label.

Features Extra Tree Classifier
current_result cgpa 6.226824

parents_satisfied with_result Yes B.833735
absent_in_a_ semester B.832891

time of group study B.838385

parents satisfied with result Ho 8.827751
mothers aducation HSC 8.a17523
place_of_birth_Dhaka 8.816284

current year 3rd 8.815644

dus_amount 8 8.815185

current_year_ 2nd 8.815174

Figure 3.11: Features score of Extra Tree Classifier

3.5 Predictive Algorithms
3.5.1 XGBoost

Extreme Gradient Boosting (XGBoost) is an implementation of Gradient Boosting Decision Tree.
It is an additive tree model means it add new trees that complement the already build ones. It is
highly scalable end to end tree boosting framework (Chen, et al., 2016). Compared to other
gradient boosted machines, it uses a more regularized- model formalization to control over-fitting,

which gives it better performance. It supports various objective functions, including classification,
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regression and ranking. Feature selection is not necessary when we use XGBoost because of it can
andle both data characteristics and missing values. [16] During training period of XGBoost, good

features would be chosen as node in trees, which means features not used are abandoned.

3.5.2 Decision Tree

Decision Tree classifier is one of the predictive modeling approaches used in Classification (Leo
Breiman et al 1984). Decision tree used simple decision rules for learning. It’s a supervised
learning algorithm and solved classification problem. It starts from the root of the tree for
predicting a class label for a record. It uses multiple algorithm to decide to split a node into two or
more sub-nodes. It detects the feature which is more relevant to classify the label or target variable
and make node of the tree with that feature variable. Then it splits the node on all available
variables and select the split sub nodes. Thus it continues can’t further classify the nodes and called
the final node as a leaf node. DT want less requirement of data cleaning compared to other
algorithms [17].

3.5.3 Artificial Neural Network

Artificial Neural Network is formed from Hum Biological Neural Networks that develop the
structure of a human brain. ANN develop to follow the concept of How human brain’s neurons
are interconnected to one another. ANN also have neurons that are interconnected to another and
have various layers. In ANN, neurons are known as nodes and dendrites represent inputs and axon
represents outputs. ANN is the best to represented as a weighted directed graph. For using ANN,
we need to use Keras API [18]. ANN receives the input signal from the external source like dataset.
Then inputs are then mathematically assigned by the notations x(n) for every n number of inputs
which are multiplied by its corresponding weights. Afterward, if the weighted is equal to zero then
bias is added to make output non-zero. Then the total of weighted inputs is passed through the
activation function. In Ann, using the final linkage weight score the activation rate of the output
nodes. And each epochs its reduce loss function with increase accuracy score. Thus why, it gives

the best accuracy compare to other classification algorithm.
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3.6 Performance Evaluation Metrics

Performance evaluation metrics shows the evaluation of the model accuracy. So, performance
evaluation evaluates after doing data pre-processing and implementing several models. Getting
output after implementing several models forms of a probability or a class. The next step is to
detect how effective is the model based on some metric using test datasets. To evaluate
performance of different Machine Learning models with different performance metrics. There are
a large number of evaluation metrics are available to evaluate and compare the performance of
Supervised Machine Learning models. In this study, we used the different classification based
evaluation metrics to evaluate performance of the model such as Accuracy, Precision, Recall, F1,
MCC.

3.6.1 Accuracy
Accuracy score is a faster way to evaluate a set of predictions on a classification problem. It is
describing the ratio of classification accuracy with the number of correct prediction out of all

predictions that were made. The formula of calculating a classification problem shown below:

Number of correct predictions

Accuracy =
© Total number of predictions

3.6.2 Precision
Precision is a useful in cases where False Positive is a higher concern than False negatives. It

describes how many of the correctly predicted cases actually turned out to be positive.

TP

Precision = ———
TP+ FP

3.6.3 Recall
Recall is a useful metric in cases where False Negative to False Positive. It describes how many

of the actual positive cases we were able to predict correctly with our model.
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TP

Recall = ———
TP+ FN

3.6.4 F1-Score
F1 score is a harmonic mean of Precision and Recall thus why it gives a combined score about
these two metrics. When Precision is equal to Recall, it is maximum.
2
F1l — score = — T

Recall Precisuom

3.6.5MCC
Matthews Correlation Coefficient get true and false positive and negative and there have a range
between -1 to 1 where -1 defines a complete wrong binary classifier and 1 defines a completely

correct binary classifier. The formula of MCC:

MCC = . l‘l'xl\—Hxl‘.\
\/l ['P+FP)(TP4+FN)(TN+FP)(TN+FN)
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CHAPTER 4

RESULTS AND DISCUSSION

In this study, we applied total 4 experiments with 4 different standpoints. In this section. We
describe all the experiments results and describe briefly. Experiment land 2 are based on
sequentially Chi Square and Extra Tree classifier highest score based features. Then we experiment

3 & 4 are based on optimum features, reduced features respectively.

4.1 Experiment 1

Experiment 1, is based on all feature in dataset which get after data pre-processing (Section 3.1).
Here, we inquire all features dataset and make 3 different models: XGBoost, DT, ANN. After
making those models where calculate the performance through several evaluation metrics describe

in Section 3.6.

Evaluation Metrics ANN DT XGBoost
Accuracy 0.55 0.53 0.57
Precision 0.48 0.36 0.55
Recall 0.48 0.41 0.48
F1 Score 0.47 0.38 0.48
MCC 0.26 0.17 0.27

4.2 Experiment 2

Experiment 2, is based on optimum feature which are select by Chi-Square Feature Selection
Technique. We select the top 10 features which are highest scorer at chi-square feature selection
technique. Here, we conduct optimum dataset listed in Table 3.2 and make 3 different models:
XGBoost, DT, ANN. After making those models where calculate the performance through several

evaluation metrics describe in Section 3.6.
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Evaluation Metrics ANN DT XGBoost
Accuracy 0.47 0.52 0.54
Precision 0.39 0.44 0.58
Recall 0.40 0.42 0.47
F1 Score 0.39 0.40 0.48
MCC 0.12 0.17 0.22

4.3 Experiment 3

Experiment 3, is based on optimum feature which are select by Extra Tree Classifier Feature
Selection Technique. We select the top 10 features which are highest scorer at Extra Tree Classifier
feature selection technique. Here, we conduct optimum dataset listed in Table 3.2 and make 3
different models: XGBoost, DT, ANN. After making those models where calculate the

performance through several evaluation metrics describe in Section 3.6.

Evaluation Metrics ANN DT XGBoost
Accuracy 0.52 0.55 0.53
Precision 0.47 0.37 0.47
Recall 0.43 0.43 0.45
F1 Score 0.44 0.40 0.45
MCC 0.17 0.22 0.21

4.4 Experiment 4

Experiment 4, is based on reduced feature and selected common features with those techniques.
Here, we conduct optimum dataset listed in Table 3.2 and make 3 different models: XGBoost, DT,
ANN. After making those models where calculate the performance through several evaluation
metrics describe in Section 3.6.
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Evaluation Metrics ANN DT XGBoost
Accuracy 0.57 0.53 0.58
Precision 0.57 0.36 0.61
Recall 0.49 0.41 0.47
F1 Score 0.50 0.38 0.47
MCC 0.26 0.17 0.27

4.4.1 Accuracy & Loss Graph of ANN

ANN model show the best accuracy than the other experiment of ANN model in Experiment 4. Accuracy

Graph of ANN present that train accuracy increase with increasing iteration but test accuracy decrease with

increasing iteration. It means that there have overfitting, because ANN model fits with the train dataset but

has poor fit with test dataset and does much better on the train dataset than on the test dataset. Therefore,

find out the overfitting reason and improve the model.

model accuracy

0751 — train

validation
0.70

(.85 1

000 1

accuracy

0.55 1

0504 |

045 1

Figure 4.4.1: Accuracy Graph of ANN
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model loss
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Figure 4.4.2: Loss Graph of ANN

To conclude, we can say ANN model perform best with common (both Extra Tree Classifier &
Chi-Square) features but model test loss value increase with increasing iteration and accuracy
decreases with increasing iteration. In ANN & Decision Tree give prediction accuracy most similar
but Decision Tree model give the best accuracy in Experiment 3. Another side, XGBoost gives the
best accuracy to compare to other models with 3 experiments e.g. All features, Common features,
and Chi-Square features.
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CHAPTER 5
CONCLUSIONS AND RECOMMENDATIONS

5.1 Findings and Contributions

In this study, we have presented 4 different supervied learning based machine learning technique
on a real dataset of students and start our work with an imbalance, noisy dataset which we have
gotten from survey questionnaires answer. Then we applied 4 different data pre-processing
techniques and make the dataset clean and tidy and getting optimum feature from dataset. We have
gotten some side result which are giving information without predict. Such as,
time_of group study feature displays that some of students didn’t study with group any day,
therefore we can say that, those students aren’t qualified for team work. Another side, several
students didn’t drop semester without any reason so it will be their personal or financial reason.
We clustered the data based on current_result_cgpa feature with the range and category e.g. High,
Medium, Low. We applied different feature importance techniques to select best features which
are more highly correlated with the label or target variable. We discover true key factors and
reasons of student classification. Four experiment was leaded in order to find the best model with
highest accuracy. We presented a comparison analysis in order to select which classification
algorithm is more efficient for a 19 dimensional dataset from Experiment 2 and 3. Evaluate model
performance with different evaluation matrices, we represent result in section 3. In Experiment
1,2,3 &4, XGBoost and Decision Tree model gives the highest results among all other models with
optimum features. But those model are find out the best node for labeled the data based on
information or given data. Also, those model are classified target variable based on one features
samples which is Current Result CGPA. On the other side, DT model perform 55% with Extra
Tree Classifier features (best 10 features) and show best result with testing set. Because it is not
take specific one feature. XGBoost model perform best on of the three experiments e.g. All
features, Common Features (Chi Square-Extra Tree Classifier), Chi-Square Features. Therefore,
we can say that XGBoost model will be performed best on real world to decrease the dropout rate
and it will be train on stored data which model already predicted on real-time data. So, model

accuracy will be increase after train with store data a period of time.
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5.2 Recommendations for Future Works

In this dataset, we collect a student’s academic information with their parent information.
Therefore, we can call this dataset real-world dataset, and thus why we can predict or work on the
different side of student academic performance with this dataset. In this dataset, there have all
features to need to predict the dropout rate and classify the drop reason. So, in the future we will
be worked on drop out problem and dropout reason problem can be predicting with this real-world

dataset which also helps to reduce dropout rate and improve education quality.
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Appendix — A

Name Description
gender Categorical Value, (Female, Male)
nationality Categorical Value, (Bangladesh, Somalia)

place_of birth Categorical VValue, where student birth.

department Categorical Value, where student study at the
University
current_year Categorical Value, Student’s study period
time_of_group_study Numerical Value

absent_in_a_semester

b

parents_satisfied_with_results Categorical Value(Yes=0, No =1)

amount_of _drop_semester Numerical Value

drop_reason Categorical Value, why student drop the semester

meet_with_advisor Categorical Value(Yes=0, No = 1)

ask_questions_in_class Categorical Value(Yes=0, No = 1)
use_additional _course_material Categorical Value(Yes=0, No =1)
due_amount Categorical value, how amount due of tuition fee
institutional_name Categorical VValue, where student study
fathers_education Categorical Value

mothers_education

b
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ANN
DT

FP
FN
LR
MCC
ETC
TP
TN

XGBoost

Appendix - B

List of Abbreviation

Artificial Neural Network

Decision Tree Classifier

False Positive

False Negative

Logistic Regression

Matthews Correlation Coefficient
Extra Tree Classifier

True Positive

True Negative

Extreme Gradient Boosting
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