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Abstract—Our motivation in this paper is to predict student Engagement (E),
Behavior (B), Personality (P), and Performance (P) via designing a Tracking Stu-
dent Performance Tool (TSPT) based on Moodle logfile of any selected courses.
The proposed tool was develop using Python programming language along with
Microsoft Excel packages for progressing data. The tool follows the predictive
EBP model that focuses mainly on student's EBP and Performance. The instruc-
tor could use it to monitor the overall performance of their students during the
course. The data used in this paper was a log file of the "Internet Search Strategies
"course where 38 students were enrolled. The results of testing the tool show that
the developed tool gives the same as manual results analysis. Analyzing Moodle
log of any course using such a tool is supposed to help with the implementation
of similar courses and helpful for the instructor in re-designing it in a way that is
more beneficial to the students. This paper sheds light on the importance of stud-
ying student's EBP and Performance and provides interesting possibilities for im-
proving student performance with a specific focus on designing online learning
environments or contexts. This paper shows part of Ph.D. research in progress
that aims to "propose a framework for smart learning behavior environment."

Keywords—EBP predictive model, SQU-SLMS framework, student engage-
ment, student behavior, student personality, student performance, Moodle log

1 Introduction

Nobody can deny that education evolves, and technology plays a significant role in
this evolution [1]. Many educational institutions starting from universities, colleges,
and schools, rely on Modular Object-Oriented Dynamic Learning Environment (Moo-
dle). Moodle is a content management system that divides information into courses and
sections, including course materials, activities, and resources. In addition to face-to-
face studying, Sultan Qaboos University (SQU) employs Moodle in its teaching and
learning process. Learning behavior will alter as technology advances, resulting in more
extraordinary working environment skills [2]. Therefore, under such circumstances,
there are critical needs to study such as student Engagement (E), Behavior (B), Person-
ality (P), and performance to provide an intelligent learning behavior environment to
meet the demands of students.
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Every day we extracted massive amounts of data from various sources, including
social media, daily transactions, and medical information. We do not profit from the
potentially beneficial information extracted from these data since they were kept as row
data in databases [3]. New challenges are being identified as information and commu-
nication technologies improve, owing to the vast amounts of data regarding students'
activities, academic outcomes, and user interactions being stored [4]. Studying these
data could benefit both instructors and students and create new learning paths [5]. Moo-
dle retains detailed logs of all events students participate in and what items they access
[6]. As a result, it is vital to develop tools to help instructors track students' EBP and
Performance. Overall, this paper proposed Tracking Student Performance Tool (TSPT)
for instructors to potentially assist them proactively and effectively in developing ad-
ditional content for low and average student performance. This tool is an intelligent
instructor tool to analyze, visualize, and tracking their student Engagement, Behavior
and Personality (EBP), and Performance. The proposed mechanism is developed as a
prototype to support the proposed EBP model inside the Sultan Qaboos University-
Smart Learning Management System (SQU-SLMS) framework achievement.

This study expands a previously published paper entitled: "Exploring Factors and
Indicators for Measuring Students' Performance in Moodle Learning Environment."
this paper presents an EBP model for predicting student performance in Moodle online
courses based on their EBP and Performance. As its subject, the report used the log
files of 38 students of the Internet Search course, which gave in Fall 2019. The result
of the previous research was an empirical study focused on analyzing Moodle log files
manually to check if we can consider students' EBP as indicators for students' perfor-
mance. This paper complements the previous article where the developing TSPT can
do the manual log file analysis.

This paper is organized as follows: the background section contains information on
the predictive EBP Model and SQU-SLMS framework. The literature review section
introduces some previous work about predicting student performance. The implemen-
tation section presents the technical aspects of the proposed tool. The validation section
explains how the authors validate the proposed TSPT by a case study suggesting an
application to predict students' performance in a selected course. The discussion section
provides the main findings of the study. Finally, the paper provides the conclusions.

2 Background

2.1  Moodle log file

Moodle is a free learning management system that creates sophisticated, flexible,
and engaging online courses [7]. One of the most challenging factors in Moodle could
extract student engagement, behavior, personality, and performance from log file Moo-
dle courses. Due to the nature of the design of Moodle, it can routinely collect activity
data on students through its profiles' log files of the student. Due to the fundamental
limitation in managing these extensive log information records produced by students,
teachers cannot test them manually. The collected data display general information of
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student's engagement and behavior, such as student's personal information, number of
accessing the course, duration of the visit of each item in the class. Moodle has gener-
ated a vast amount of data that can utilize to study the interactions of students. It keeps
track of each student's activity, such as reading, writing, completing various tasks [8].
This data helps analyze student EBPP and determine whether trends contribute to en-
hanced learning outcomes [9].

2.2 EBP predictive model

The smart EBP predicting model collects students' EBP data from the log file kept
in Moodle. The model then generates students' engagement, behavior, personality, and
performance [10]. The instructor would re-prepare the course to provide tailored learn-
ing according to students' needs to improve mid and low performance [11]. This model
frequently motivates instructors to engage students in various activities via LMSs (e.g.,
Moodle), allowing students to participate in online courses.

2.3  SQU-SLMS framework

This paper is considered part of the main Ph.D. study that proposes a Sultan Qaboos
University- Smart Learning Management System "SQU-SLMS" framework for devel-
oping an intelligent learning environment. It uses an existing Learning Management
System (i.e., Moodle), used at SQU. In addition, it uses a brilliant technical-predictive
model, which is an incorporated component into SQU-SLMS. The mean of "smart"
here is reusing the Moodle to study the log files of any selected course to explore that
student's engagement, behavior, and personality could be considered indicators of stu-
dent's performance [12].

One of the essential points is that the proposed framework makes students' EBPP in
any selected course smart and effective. The student engagement process starts with the
way students will interact with the instructor inside the Moodle environment. The pur-
poses of proposing the framework for an intelligent learning environment are:

— To enhance the interaction between instructor and students.

— To develop an observed interaction process that could use in the Moodle environ-
ment to indicate patterns of interaction, such as students choosing their learning tasks
and engagement, behavior, personality, and performance patterns.

— To focus more on how the instructor can benefit from a log file of the courses in
Moodle to answer the student's needs.

3 Literature review

It is essential to scan the previous related works to check how others have contrib-
uted to predicting student performance, which is the primary purpose of this study. In
this sense, multiple attempts ranged from either analyzed the log file or developed dif-
ferent tools that would assist in predicting student performance in online courses.
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3.1 Predicting student performance using developed tools

For example, to see if there was a link between LMS use and student performance.
A Learning Analytics tool was built to retrieve data from the LMS logs of two courses.
According to the study, discussion postings, peer contact, and exercises were signifi-
cant contributors to students' academic progress in blended learning. Nonetheless, stu-
dents' learning performance was shown to be unaffected by time spent in the LMS, the
number of downloads made, or the frequency with which they logged in [13]. Mean-
while, Moodle Predicta was also proposed, which is a desktop tool for educational data
mining. This tool was developed in Java and can be utilized within the Moodle system
by non-technical users. Moodle Predicta was separate into two components: Moodle
Predicta to visualize Moodle course data and predict student performance [14]. Besides,
there was an attempt to develop an IT tool that offers students formative feedback to
improve their performance in large-scale lectures. The findings demonstrated that using
the IT tool could significantly improve objective and perceived student performance
[15]. More in more, to investigate the feasibility of predicting a student's grade via using
Moodle. The relationships between access to materials and the final step were examined
to do this. These correlations could potentially be used to forecast a student's grades.
As a result, a Petri nets model was developed to predict students' grades based on LMS
use based on the highest correlation [16].

3.2 Predicting student performance using different methods

In addition, to use Data Mining techniques to examine student behavior in a blended
learning program, especially procrastination behavior, concerning performance. The
findings underscore the importance of time management in online learning settings,
especially academic accomplishment, as there is a link between procrastination charac-
teristics and student performance [17]. Second, to test the portability of models built
from Moodle logs from 24 academic courses. The proposed method seeks to determine
if the comparable grouping of studies based on the quantity of usage of activities pro-
vided by records impacts the portability of prediction models and whether utilizing nu-
merical or categorical qualities affects the portability of prediction models. The find-
ings reveal that it is only possible to transfer prediction models to new courses with
adequate accuracy and portability [18]. Finally, to examine whether LMS data can pre-
dict student performance in classrooms when LMS is used to supplement face-to-face
instruction. The study [19] demonstrated that student login activity could be used to
predict academic performance. An additional study performed a correlation analysis to
see how the educational activities of students in the Moodle system affected the final
grade. The findings show that gender affiliation is related to overall performance but
has no bearing on training material choices [20] to give lecturers criteria for categoriz-
ing student learning outcomes early on in the teaching process. Finally, the researcher
created a solution to assess students' behavior from Moodle LMS data and forecast the
average learning score at the end of the course using the Linear Regression technique
[21].
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4 Research question

As we mentioned earlier, this paper is an extension of the previously published arti-
cle. Therefore, the researcher question set here will be the same as the research question
in that paper. Which aim to find an answer to the question:

Can Student’s Engagement, Behavior, and Personality be considered as indicators
for Student’s Performance? [22].

5 Implementation

The purpose of implementation is to align the proposed EBP predictive model as a
sub-model inside the proposed SQU-SLMS framework with a real-life functional sys-
tem or tool. This step is required to translate the architecture of the framework into a
functional prototype. This transformation can be provided in any application, either as
a complete system or tool or just a prototype as a proof of concept for the proposed
solution.

The development of the Tracking Student Performance Tool is carried out using Py-
thon programming language and Microsoft Excel. These programs have been selected
for implementation due to their features which cope with the functionalities of the EBP
predictive model. Python is a high-level, general-purpose programming language that
is interpreted. Python's programming philosophy prioritizes code readability, as shown
by the extensive use of indentation. Its language constructs and object-oriented style
aim to assist programmers in writing simple, logical code for both small and large-scale
projects [23]. Microsoft Excel is a program that allows the creation of spreadsheets.
Excel is a handy go-to program that is both understandable and familiar. A core feature
of Excel is the ability to do ad hoc analysis [24]. It is a robust analysis of vast volumes
of data that allows users to rapidly and efficiently narrow down the criteria that will
help them make choices using powerful scraping, sorting, and search methods [25].
Python has a lot of packages and libraries to manipulate data. As the data was in the
form of excel files, so the researcher used Python to read and import Excel files. Excel
is used to store the data, but the manipulation and results are directly stored and visu-
alized in the tool.

5.1 Workflow of the proposed tool

Fig.1 illustrates the workflow of TSPT, which consists of four main processes along
with the exact steps needed to complete a process, which are Sign Up, Login, Add
Course, and Display Course. In each cycle, specific sub-processes need to be taken to
achieve the primary process's goal. The implementation section discusses in detail the
work of each process in the proposed tool.
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Fig. 1. Workflow of the Proposed TSPT

5.2 Validation of TSPT

To validate the proposed TSPT, the researcher compares the results obtained from
manual analysis and the results extracted from the tool to check if the tool gives us the
same results. Hence, we can recommend this tool for instructors to start using it. There-
fore, in this section, the authors compare all results from the three case studies con-
ducted and use the same logfiles data by uploading them into the tool for each course
separately and then check the results.

The data extracted from the "Internet Search Strategies" logfile was used to test the
proposed tool. In addition, complete results of the manual analysis of this course were
published in [22]. Therefore, in this paper, the authors will compare the manual and
tool results only.

The data distribution for performance and EBP factor. Fig.2 illustrates the re-
sults of students Performance and EBP factors based on the manual process.
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Fig. 2. Result of student data Performance and EBP factors (MANUALLY)

Based on the tool using the same course data, the overall distribution is illustrated in

Fig.3.
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Fig. 3. Result of student data Performance and EBP factors (Tool)

By comparing the curves, they are identical. This means the tool gives accurate re-

sults in this part of the process.
Summary of relationships between engagement and behavior. Based on Table 1
and Fig.4, the developed tool gives the same manual results.
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Table 1. Summary of relationships between Engagement and Behavior

E/B LE AE HE
LB 0 0 0
AB 3 14 1
HB 0 13 7
(a) Manual Results
Engagement/Behavior
E/B LE AE HE
LB 0 0 0
AB 3 14 1
HB 0 13 7
(b) Tool Results

Fig. 4. The summary relationships between Engagement and Behavior using the tool and
manually

Summary of relationships between behavior and personality. Based on Table 2
and Fig.5, the developed tool gives the same manual results.

Table 2. Overview of relationships between Behavior and Personality

B/ Pers LB AB HB
LPers 0 0 0
APers 0 10 0
HPers 0 8 20

(a) Manual Results

Behavior/Personality

B/Pres LB AB HB
LPers 0 0 0
APers 0 10 0
HPers 0 B 20

(b) Tool Results

Fig. 5. The summary relationships between Behavior and Personality using the tool and
manually
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Summary of Relationships between Personality and Engagement. Based on Ta-
ble 3 and Fig.6, the developed tool gives the same manual results.

Table 3. Overview of relationships between Personality and Engagement

E/ Pers LE AE HE
LPers 0 0 0
APers 1 9

HPers 2 18

E/Pers
LPers
APers

HPers

(a) Manual Results

Engagement/Personality

LE AE
0 0
1 9
2 18
(b) Tool Results

HE

Fig. 6. The summary relationships between Personality and Engagement using the tool and
manually

Summary of Relationships between all factors with performance. Based on Ta-
ble 4 and Fig.7, the developed tool gives the same manual results.

Table 4. Summary of relationships between the three factors

B&E HB, HE, | AB, AE, |AB, AE,| HB, AE, | AB,LE, | AB,HE, |AB, HE, | AB, LE,

&Pers/ P HPers APers | HPers HPers HPers HPers APers | APers
LP 0 0 0 0 0 0 0 1
AP 0 5 2 5 2 0 0 0
HP 7 4 3 8 0 1 1 0

(a) Manual Results
APers APers Pers Pers Pers Pers Pers Pers

PiPers B.E AB, AEREAB | | B.HEREAS L AB,HERSIHB, L| B AEAE AH
LP 0 1 0 0 0 0 0 0
AP 5 0 0 2 0 0 5 2
HP 4 0 T 0 1 0 8 3

(b) Tool Results

Fig. 7. The summary relationships between all factors and performance using the tool and
manually
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The Results of Rules. Based on Fig. 8, the extracted rules are very similar to the
derived rules manually, except the manual rules are shorter.

¢ If [[Behavior = High) AND (Personality = High) AND (Engagement = High)]
o Then (Performance = High)

¢ If[[Behavior = Average OF High) AND (Personality = Awverage OF. High) AND (Engagement = Average)]
o Then (Performance = High OF. Average)

If [[Behavior = Average) AND (Personality = High) AND (Engagement = Low)]

o Then (Performance = Average)

¢ If[[Behavior = Average) AND (Personality = Average) AND (Engagement = Low)]
o Then (Performance = Low)

¢ If[[Behavior = Average) AND (Personality = High OF. Average) AND [(Engagement = High)]
o Then (Performance = High)

(a) Manual Results

If (Pers=Average And Behavior=Average And Engagement=Average) Then (P= Average  High )
If (Pers=Average And Average=High And Engagement=Low) Then (P= Low )
If (Pers=High And = Behavior=High And Engagement=High} Then (P= High )
If (Pers=High And Behavior=~Average And Engagement=Low) Then (P= Average )
If (Pers=High And Behavior=Average And Engagement=High) Then (P= High )
If (Pers=High And Behavior=High And Engagement=Average) Then (P= Average  High )
If (Pers=High And Behavior=~Average And Engagement=~Average) Then (P= Average  High )

(b) Tool Results

Fig. 8. The summary rules of the case study using the tool and manually

5.3 Access the tool

The tool will be shared with the instructors via email as a link. Where the instructors
in both cases can click the link, then the tool folder will be downloaded on their PC,
and the instructor may start to use the tool.

6 Discussion

Some of the studies implemented the tools to predict students' grades. While, the
proposed mechanism in this paper focused on student engagement, behavior, personal-
ity, and performance. Moreover, TSPT offers a summary relationship of the factors
mentioned above of students and then simplifies those relationships in terms of if-then
rules. Further, the tool provides a complete analysis of each student in a specific course.
Thus, the instructor can easily track their students.

Regarding the new knowledge added in E-learning, online courses, and educational
environment, such analysis can open the doors for more researchers to analyze the Moo-
dle log file of any methods deeply. Additionally, the instructor can look at the overall
approach (e.g., No of students enroll in the study, the average grade for each factor). In
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addition, following students' engagement, behavior, personality, and performance
would provide personalized learning materials based on their requirements.

7 Conclusion and future work

Universities have adopted novel teaching and learning methods as a result of recent
technological advancements [26]. This paper proposed and demonstrated a tool to pre-
dict students' performance in any Moodle online courses based on the log file of the
selected period. The proposed mechanism has been developed based on the previously
proposed predictive EBP model [11], which tracking how students engage and be-have
in any course. The main objective was to enhance student performance by enabling
instructors to use such a tool that helps identify students with average and low perfor-
mance, thus allowing instructors to assist them through provide personalized learning
materials depend on their preferences.

One experiment was conducted to check the validity of the proposed TSPT. It used
a log file of the "Internet Search Strategies" course and the student's grades in all course
assessments. The results showed that the proposed tool gives the same results as the
manual analysis of the log file for the same course. Also, the finding from the proposed
mechanism confirmed a relationship between EBP and Performance factors. Conse-
quently, we can consider that students EBP as an indicator of students' performance.
Therefore, instructors must accept new technology, monitor it continuously, and posi-
tively use it in teaching and learning [27-28]. Cause it is a standalone .exe tool. The
proposed mechanism has been thoroughly inspected and can now be tested in an au-
thentic learning environment by the instructors and start using it. One of the limitations
of the proposed tool is that it needs to install on every PC to be able for each instructor
to use it. On the other hand, there is a trend to integrate the tool into Moodle as a plugin
tool. Considering the new educational settings due to the COVID 19 pandemic and the
necessity of eLearning [29-30], we believe that the tool presented in this study will be
a valuable learning tool shortly.
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11  Appendix- Technical Aspects

In this section, the authors shed light in detail on the work of the proposed TSPT.

11.1 Main Interface Form

In the main interface form, as shown in Fig.9, the instructors are supposed to be able
to choose between three main functions, which are:

— Sign Up: if the instructor uses the tool for the first time, they need to log in to the
instrument.

— Login: After signing up, the instructor can log in to the tool using their user ID and
password

— Exit: To exit.

dent Performance To

Signup for

x Tracking Student Performance Tool < '*‘
TSPT

Developed Tool For Exploring
Student Engagement, Behavior and Personality in smarter way

TSP'T\/I

Dear Professor/ Assistant Professor/ Associate Professor/ Lecturar:

To potentially assist you proactively and effectively in developing smart learning
content for the low and average student's performance. this TSPT developed.
Your smart tool to analyze, visualize and predict your student performance

‘ (62

Sign Up Log in Exit

Fig. 9. Main Interface of TSPT

Sign Up Form. The instructor will have to sign up, registering their data.

Login Form. After singing, the instructor can log in to the tool using their user ID
and password. For forgotten passwords, the instructor can write usernames and press
the failed password button to receive an email on their email containing the password.
Further, there are multiple forms available in the tool with different functions for each.
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11.2  Excel Files Entry Form

If the instructor is a new user, they will be direct to add a course screen to add their
course files. Each course may contain two forms of files, one by number while the
second with categories, as displayed in Fig.10. Each file must be in Excel format and
stored in the tool directory next to the .exe file TSPT.exe.

E Excel Files Entry Form

) ) user Name:|Rtest
Please Enter Your Course in Excel File format Name.xlsx

Example : FileMame xlsx

Course Code |ONF03730

Course Tilte |Ir|temet search strategiesl L
Upload File 1 |Course1N.xst ** By Numbers X:‘
Upload File 2 |CourselCuxlsx ** By Categories =
Course Type |Theroy v| . i

STPT : Add two Excel files , First for numbers , Second for Catagory

Fig. 10.Excel Files Entry Form of TSPT

11.3 Courses Form

The instructor will see excel files of their course displayed in the Combo box. Also,
they may add a new study with excel files using the ADD button. The add file screen
will be displayed to add excel files of the new course, as shown in Fig.11. In addition,
the instructor may press the Refresh button to ensure that their new system is included
in the combo box. Furthermore, if they select one file from the combo box, they should
press to open the Excel file directly.
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Courses Information

Select Course: |k°mPUtEf Science ~  Refresh ADD  Display Delete Cours|

Select Excel File:  [C1Naxlsx v| ﬁl EI ﬂl
]

Students

Summary
RelationShip

Rules

Graph

L
(w]
L=
|

Statistics

2|

Statistics

Fig. 11.Courses Form of TSPT

11.4 Student Form

Suppose the instructor presses the student's icon on the right side of the course form.
They will be able to see the list of students. In addition, they can select any student,
then click on the student ID to see the graph of student activities, Engagement, Behav-
ior, Personality, Performance.

11.5 Summary Relationship Form

A list of those Excel files, with categories reading, will appear in the combo box
only to select the one to display a count of the occurrence.
Where:

E letter stands for engagement
B letter stands for behavior
Pers stands for personality
Perf stands for performance

And

o L stands for Low
e H stands for High
o A stand for average
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11.6 Graph Form

A-Line graph between all factors plots a relationship between EBP and Performance
factors in a specific selected course file from the combo box.

11.7 Statistics Form

The instructor may wish to browse student's max score in one course, Min, Aver-
age, count the number of students in one subject, and the number of activities. Statistics
form will take the instructor for those statistics. It will display a survey of necessary
statistics from the excel data number sheet, as shown in Fig.12.

Statistics |C1N.x|sx Vl

@ Mumber of Students in Course

i

= Mumber of Students in Activites
’

Engagement Highest Score Behavior Highest Score
9
C Engagement Lowest Score Behavior Lowest Score

Personality Highest Score Performance Highest Score

7 [ uo

Personality Lowest Score Performance Lowest Score

Personality average Engagement average  Behavior average  Performance average
| 7934 | | 6071 | | 727 | 7626 |

Fig. 12.Statistics Form
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