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Abstract

The evolving educational landscape increasingly demands tools that provide per-
sonalized and data-driven support for students and tutors. This research presents
the design and development of the ARC Tutoring Workbench, a comprehensive
dashboard that integrates multiple modules—Login, Descriptive Learning Analytics
(LA), Diagnostic LA, Predictive LA, an avatar-based chatbot, and a Time Manage-
ment tool. The primary goal of this workbench is to enhance academic performance
and streamline task management for students while enabling tutors to provide tar-
geted assistance.
For students, the workbench leverages Learning Analytics to present current per-

formance scores, diagnose learning gaps, and predict future outcomes. This pre-
dictive capability empowers students to focus on areas requiring improvement, ul-
timately supporting better academic achievement. Additionally, the Time Manage-
ment tool facilitates effective planning by allowing students to organize their tasks
and milestones, while the chatbot provides valuable support in crafting reports and
designing presentations.
Tutors benefit from comprehensive data visualization and analysis tools that en-

able them to monitor the performance of all their students. The dashboard highlights
students in need of additional help, allowing tutors to provide tailored guidance. Ad-
vanced filtering options allow tutors to dig deeper into student data, fostering a more
personalized and efficient approach to education.
Access to the dashboard is secured through a robust login system, ensuring that

students and tutors can only view their respective dashboards. By integrating these
modules into a unified system, the ARC Tutoring Workbench fosters an environ-
ment of informed decision-making and proactive intervention, ultimately enhanc-
ing the teaching and learning experience. This research contributes to the field of
educational technology by demonstrating how integrated dashboards can support
personalized learning and targeted instruction.

Keywords: Learning Analytics, Learning Analytics Dashboards, Dash-
boards, Workbench
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1 Introduction

In recent years, the adoption of Learning Analytics (LA) has grown significantly
within educational settings, particularly in online and blended learning environ-
ments. The target of LA is to understand and to make best use of both learn-
ing processes and the environments in which they occur. The increasing demand
for personalized, data-driven learning experiences has improved the development of
advanced systems that utilize LA to improve both teaching methods and student
outcomes [5]. This chapter explores the basic concepts of Learning Analytics and
its role in enhancing educational practices [6].

1.1 Learning Analytics

Learning Analytics refers to the process of gathering, analyzing, and reporting data
about students and their learning environments. The objective is to understand
how learning happens and to improve both the learning process and the settings in
which it occurs [7, 8]. The main goal of Learning Analytics in education is to utilize
student data to enhance their learning outcomes. By providing valuable insights into
the learning process, Learning Analytics helps students improve their performance
and in enabling tutors to adjust and enhance their teaching methods accordingly.

1.1.1 Importance in Online Education

The significance of Learning Analytics in online education has grown exponentially,
particularly in recent years. The COVID-19 pandemic acted as a catalyst to give
a rapid shift towards digital learning platforms, requiring innovative approaches to
support both students and tutors in this new environment [9]. Learning Analytics
has emerged as a great tool in addressing the unique challenges faced in remote
teaching and learning scenarios [10]. It provides Real-time insights into student en-
gagement and progress, Early identification of at-risk students, Personalized learning
pathways and Data-driven decision-making for curriculum development [10].

1.1.2 Types of Learning Analytics

Learning Analytics are mainly categorized into four types. Each addressing different
aspects of the educational process [1]. This classification is mainly based on the task
each LA is concerned about. The same can be seen from the figure 1.1.
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1 Introduction

Figure 1.1: Types of Learning Analytics [1]

Descriptive Analytics

Answers questions related to ’What has happened in the past?’ It uses aggrega-
tion and data mining techniques to extract underlying patterns in the data [11].
Descriptive analytics provide a foundation for understanding historical trends and
behaviors in educational data.

Diagnostic Analytics

Utilizes techniques such as drill-down analysis, data mining, and correlation studies
to answer the questions related to ’Why did something happen?’ [11]. In the domain
of learning analytics, this helps tutors understand the root causes of specific learning
outcomes or behaviors.

Predictive Analytics

Employs statistical models and forecasting techniques to answer questions related
to ’What can happen in the future?’ [11]. Predictive analytics enable proactive
interventions by identifying potential future trends or challenges in student learning.
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1 Introduction

Prescriptive Analytics

Leverages optimization and simulation algorithms to address questions such as
’What to do if I need this outcome?’ or ’How should I make this happen?’ [11].
This advanced level of analytics provides actionable recommendations to optimize
learning outcomes.
These four levels of Learning Analytics together create a comprehensive framework

for understanding, predicting, and enhancing educational processes. By using the
power of data, Learning Analytics has the potential to transform education, making
it more responsive, efficient, and tailored to individual learner needs.

1.1.3 Learning Analytics Visualization

Learning Analytics Visualizations (LAVs) are essential elements designed to assist
stakeholders in interpreting complex educational data. These visualizations convert
raw data into actionable insights by presenting it in user-friendly formats such as
graphs, charts, heatmaps, or interactive dashboards. LAVs play a pivotal role in
supporting decision-making processes within education by enabling stakeholders to
track performance, identify at-risk students, and conduct timely interventions. By
simplifying the interpretation of large datasets, LAVs enhance the ability of tu-
tors and learners to make informed decisions that improve learning outcomes [12].
Additionally, LAVs have been shown to contribute to study success by providing
personalized feedback and actionable insights that align with individual learning
goals [13]. LAVs are combined in one place called Learning Analytics Dashboards
to offer a variety of outcomes. Let us see more about LADs in the next section of
this paper. This section is mainly concerned in providing a basic picture of Learning
Analytics Visualizations and their contributions in enhancing educational practices.

Types of Visualizations LAVs come in various forms, each suited to specific
types of data and educational contexts:

• Bar Charts and Line Graphs: These are commonly used to show trends
over time, such as student performance across different assessments or engage-
ment levels in an online course [14].

• Heatmaps: Heatmaps visualize areas of high or low activity within a dataset.
For example, they can be used to show which sections of a course are most
frequently accessed by students [15].

• Pie Charts: Pie charts break down categorical data into proportions. They
can be used to represent the distribution of grades or completion rates for
different assignments [16].

• Scatter Plots: Scatter plots help visualize correlations between two variables,
such as the relationship between time spent on an activity and performance
outcomes [17].

12



1 Introduction

• Dashboards: Dashboards aggregate multiple visualizations into a single in-
terface, providing a comprehensive view of student activities and performance
metrics. Dashboards integrate machine learning models to offer predictive
insights into student behaviors and performance trends [18].

1.2 Learning Analytics Dashboards

Learning Analytics Dashboards (LADs) are defined as ”displays that contain dif-
ferent indicators about learners, learning processes and/or learning contexts and
outcomes using one or multiple visualizations” [19, 20]. LADs are the most com-
mon way of representing Learning Analytics. They are mainly helpful in identifying
at-risk students, facilitating group work, and other educational processes [21].
The present-day LAD research is also exploring advanced applications, such as

Monitoring students’ emotions based on their facial expressions in online learning
sessions, providing personalized insights to enhance self-regulated learning, support-
ing tutors in data-driven decision-making for instructional improvements etc.
Students and tutors are the primary stakeholders of these LADs [22]. For stu-

dents, visualizing learning data can help in obtaining self-awareness of their learning
behaviors [23]. For tutors, LADs are instrumental in identifying students who need
extra help [19].

Recent advancements in LAD design focus on:

• Adaptive Visualizations: Dashboards that adjust their display based on
user preferences and data relevance.

• Predictive Analytics: Incorporating machine learning models to forecast
student outcomes.

• Multimodal Data Integration: Combining traditional academic data with
new data sources for a more comprehensive view.

As part of this research, a LAD named ‘ARC Tutoring Workbench’ was developed.
This dashboard was tested with both students and tutors to gain critical insights and
identify areas for improvement. Our testing protocol focused on usability and user
experience, effectiveness of data interpretation and impact on learning outcomes.
This iterative development and testing process aligns with best practices in LAD
design, emphasizing user-centered approaches and continuous refinement based on
the stakeholder feedback.

1.3 Problem Background

This research is mainly about integrating Learning Analytics into the Tutoring
Workbench. The Learning Analytics part of this research are Descriptive, Diag-
nostic and Predictive LA. And tutoring is offered in terms of performance in online
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1 Introduction

assessments, recommendation of topics based on students interests, reminder based
time management tool and a conversational chatbot for quick help. The same is
diagrammatically represented and shown in the figure 1.2. The yellow boxes are the
components to be integrated and the purple box in the figure 1.2, highlights the
primary task of this research.

Figure 1.2: Components of ARC Tutoring Workbench Dashboard

Nowadays, we have many recent advancements in offering support to students via
e-learning systems, Learning Management Systems(LMS), Artificial Intelligence(AI),
Machine Learning(ML) models etc.

• In online learning environments, students frequently experience a lack of indi-
vidualized support and timely feedback. Conventional e-learning platforms are
often rigid and fail to adjust to the unique needs of each learner. This absence
of personalization can lead to disengagement, lower academic performance,
and increased dropout rates [24].

• Learning Management Systems (LMS) such as Moodle and Blackboard typi-
cally do not offer sufficient insights into the reasons behind student difficulties
or provide predictive capabilities for future performance [25, 26, 27]. These
platforms are often limited in their ability to deliver diagnostic or predictive
analytics that could help tutors intervene proactively [28].

• Artificial Intelligence(AI) is underutilized due to a lack of integration with
existing systems or insufficient awareness of its potential benefits [29].

• Machine Learning(ML) models have potential but are rarely applied effectively
within traditional educational platforms [30].
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In order to enhance personalized learning support through data-driven insights
and interventions. This workbench delivers personalized tutoring support. It inte-
grates various tools to assess student performance, provide tailored recommenda-
tions, and engage students through conversational agents.
Each component as shown in the figure 1.2, was developed by different students.

My main task is to integrate them all into a single dashboard. This is mainly con-
sumed by tutors and students as the primary stakeholders. Tutors can use this
dashboard to monitor their students progress, identify at-risk students, and make
informed decisions about interventions. Where as students can view their own per-
formance metrics. This helps them to track their own progress over time.

1.4 Motivation

The integration of Learning Analytics (LA) into educational platforms has become
increasingly important as educational institutions seek to improve student engage-
ment, personalize learning experiences, and make data-driven decisions. The ARC
Tutoring Workbench, leverages LA to provide personalized support through forma-
tive assessments, recommendations, and conversational agents. This section outlines
the motivation behind integrating LA into the tutoring workbench. The points men-
tioned in the figure 1.3 are explained in detail as follows:

Figure 1.3: Motivation behind ARC Tutoring Workbench

1. Holistic Architecture of the Database and Interface Integration
One of the primary motivations for integrating LA into the ARC Tutoring Work-
bench is to create a comprehensive system that seamlessly integrates data collection,
analysis, and presentation processes. A well-designed holistic architecture ensures
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that data from various sources, such as student interactions, assessments, and learn-
ing activities, can be efficiently processed and stored in a centralized database. This
architecture allows for real-time data retrieval and analysis, enabling educators to
make informed decisions based on up-to-date information. The integration of LA
into this architecture ensures that data is not only collected but also analyzed to
provide meaningful insights that can be used to enhance the learning experience.

2. Two Views: Individual Student and Tutor Views
The ARC Tutoring Workbench is designed to cater both students and tutors by
providing two distinct views i.e., the individual Student View and the Tutor View.
This dual-view system allows students to monitor their own progress while enabling
tutors to track student performance across various metrics. By integrating LA into
these views, students can receive personalized feedback on their performance, while
tutors can access detailed analytics on student engagement, assessment scores, and
learning behaviors. This dual-view approach ensures that both students and tutors
have access to relevant data that can inform their learning or teaching strategies [31].

3. Login Functionality with Data Privacy Statement
Data privacy is a critical concern in any educational platform that collects and
analyzes student data. The ARC Tutoring Workbench includes a robust login func-
tionality that ensures only authorized users can access sensitive data. Additionally,
the system incorporates a data privacy statement that informs users about how
their data will be collected, stored, and used in compliance with regulations such
as GDPR (General Data Protection Regulation). By integrating LA into a secure
platform with clear data privacy protocols, the system ensures that student data is
protected while still allowing for meaningful analysis [32]. This approach addresses
concerns about data security while providing transparency about how learning an-
alytics are used.

4. Visualizing Performance Metrics through LA Data
One of the key benefits of integrating LA into the ARC Tutoring Workbench is the
ability to visualize performance metrics in a way that is easy to understand for both
students and tutors. The system uses LA to analyze data from assessments, quizzes,
and other learning activities and presents this information through intuitive visual-
izations such as charts, graphs, and dashboards. These visualizations help students
track their progress over time and identify areas where they need improvement. For
tutors, visualizing performance metrics allows them to quickly identify at-risk stu-
dents or trends in class performance that may require intervention [33]. By making
complex data more accessible through visualization tools, LA enhances both learn-
ing and teaching outcomes.

5. Integration of Assessments, Recommendations & Reminders with
Chatbot
The integration of formative assessments with personalized recommendations and
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reminders is another key motivation for incorporating LA into the ARC Tutoring
Workbench. The system uses LA to analyze student performance on assessments
and generate personalized recommendations for further study or improvement. Ad-
ditionally, the system sends reminders to students about upcoming deadlines or
tasks they need to complete based on their progress. These recommendations and
reminders are delivered through an integrated chat-bot, which interacts with stu-
dents in real-time to provide guidance and support [34]. This integration ensures
that students receive timely feedback and support tailored to their individual needs.
The integration of Learning Analytics (LA) into the ARC Tutoring Workbench is

not merely an enhancement but a necessity to address the growing complexities and
demands of modern education. LA provides a data-driven approach to understand-
ing and improving learning processes, offering significant benefits to both students
and tutors. Below are detailed reasons, supported by research, that highlight the
importance of integrating LA into the ARC Tutoring Workbench.

1. Enhancing Personalized Learning
One of the primary goals of Learning Analytics is to enable personalized learning
experiences tailored to individual student needs. By analyzing data such as test
scores, participation rates, and behavioral patterns, LA can provide insights into
each student’s strengths and weaknesses. This allows the ARC Tutoring Workbench
to offer personalized recommendations, such as research topics which align with
a student’s academic goals and progress. Research has shown that personalized
learning significantly improves student engagement and outcomes [35].

2. Supporting Data-Driven Decision-Making
Learning Analytics equips both students and tutors with actionable insights derived
from the data collected. The ability to make informed decisions based on data
is crucial in modern education. Data-driven decision-making enables tutors to re-
fine their teaching strategies, allocate resources effectively [36]. The ARC Tutoring
Workbench leverages these capabilities to empower tutors with tools for monitoring
class-wide performance while providing individualized support.

3. Proactive Interventions Through Predictive Analytics Predictive Learn-
ing Analytics is a powerful feature that forecasts future outcomes based on current
data. By integrating predictive models into the ARC Tutoring Workbench, tutors
can identify students who are at risk of failing or dropping out and take required
measures to prevent them from failing. For example, predictive analytics can forecast
final grades enabling tutors to focus their efforts on students who require additional
support [37].

4. Improving Engagement Through Real-Time Feedback
Learning Analytics improves student engagement by providing feedback on their
progress. Features like self-tests in the ARC Tutoring Workbench allow students
to assess their own knowledge on specific topics and receive immediate feedback
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on areas for improvement. Real-time feedback has been shown to increase student
motivation and accountability [38].

5. Streamlining Time Management
Time management is an important skill for academic success, particularly for stu-
dents juggling multiple responsibilities such as coursework, internships, and thesis
work. The Time Management Tool in the ARC Tutoring Workbench integrates
Learning Analytics to help users organize tasks, set milestones, and track dead-
lines effectively. By analyzing task completion patterns and providing reminders or
suggestions tit helps users stay on track with their academic responsibilities.

6. Enhancing Tutor Effectiveness
For tutors managing large groups of students, monitoring individual progress can be
overwhelming without the right tools. Learning Analytics simplifies this process by
consolidating data into dashboards that provide a holistic view of class performance.

The integration of Learning Analytics into the ARC Tutoring Workbench ad-
dresses several key challenges in modern education. Such as providing personalized
support through formative assessments, predictive analytics, and real-time interac-
tion via chat-bots. By leveraging real-time data on student behavior and perfor-
mance, this system enables tutors to make informed decisions. Tutors can offer
interventions while ensuring that students receive timely feedback tailored to their
individual needs.
As research continues to demonstrate the benefits of Learning Analytics in im-

proving student engagement and academic outcomes [39], it becomes increasingly
clear that integrating these tools into educational platforms will play a crucial role
in shaping the future of personalized learning.

Chapter one gives introduction to the concepts that are the foundation for con-
ducting the rest of the research. The Research Background chapter gives an overview
of the modules that are part of ARC Tutoring Workbench and how they were imple-
mented. The State of the Art chapter talks about the concepts of User Experience
and Learning Experience Design and how they were applied to design an appealing
LAD and also highlights the research papers considered for this study. Next comes
the Concept chapter, which explains the concepts that are involved in building the
LAD. The actual implementation process and the tools and technologies used are ex-
plained in detail in the chapter named Implementation. Then the results obtained
are showcased and the developed dashboard is evaluated with the corresponding
users. All this is mentioned in the Results and Evaluation chapter. Additional
information is provided in the Appendix chapter.

18



2 Research Background

The Research Background chapter provides an in-depth overview of the key com-
ponents and functionalities developed as part of the ARC Tutoring Workbench.
This chapter outlines the foundational modules that support the overall function-
ality of the dashboard, including Login functionality, Descriptive and Diagnostic
Learning Analytics (LA), Predictive LA, the Avatar-Based Chat-bot and the Time
Management tool. Each of these modules plays a critical role in enhancing the
user experience, improving student performance tracking, and providing real-time
support for both students and tutors.
All these modules have been already designed and developed by my fellow stu-

dents. My task is to integrate all of them into a dashboard. So, the integration task
of mine will be explained in-detail in the implementation chapter of this report.
As part of this chapter named Research Background, I will introduce the existing
components and the tools and technologies used in their development. A highlevel
picture of the components involved are shown in the figure 2.1. The Login module
ensures secure access to the dashboard by managing user authentication and session
handling. The Descriptive and Diagnostic LA modules provide insights into student
performance through real-time data visualization and pattern recognition. The Pre-
dictive LA module uses advanced algorithms to forecast future student performance
based on current data. The Avatar-Based Chat-bot serves as an interactive assis-
tant, offering personalized support for tasks such as report writing and presentation
preparation. Finally, the Time Management tool helps students and tutors in listing
out their tasks and plan them accordingly. This chapter will explore each of these
components in detail, explaining their development, functionality, and significance
within the ARC Tutoring Workbench. The overview of the modules involved in the
ARC Tutoring Workbench are summarized in the table 2.1.

2.1 Login

In addition to the various LA modules, chat-bot functionality and the time planner
tool, the ARC Tutoring Workbench also includes a robust login and authentication
system. This functionality ensures secure access to the dashboard for both students
and tutors, allowing them to view personalized data and perform tasks based on
their roles [40].

A. Backend Development: Python and Flask
The login and authentication system was developed using Python and Flask for
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Figure 2.1: Components involved in the ARC Tutoring Workbench

the backend. Flask, being a lightweight web framework, provides an efficient way
to handle HTTP requests, manage user sessions, and interact with databases. The
authentication system is designed to ensure that only authorized users can access the
dashboard. It offers different levels of access based on whether the user is a student
or a tutor [40]. The user credentials (such as usernames, passwords, and roles)
are securely stored in a MySQL database. Passwords are encrypted using hashing
algorithms to ensure that sensitive information is protected. Once a user logs in,
a session is created, which keeps track of the user’s activity within the dashboard.
The session data is also stored in the MySQL database under a dedicated table for
sessions. This allows users to maintain their login status across different pages of
the dashboard [40].

B. Frontend Development: ReactJS
The frontend of the login functionality was developed using ReactJS, which ensures
a smooth and responsive user experience. ReactJS allows for dynamic updates to the
user interface (UI) without requiring full-page reloads, making interactions with the
dashboard seamless [40, 41]. The login form is built using React components that
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Table 2.1: Modules of ARC Tutoring Workbench and their intended functionalities
and use cases.

Module Name Functionality Use Case
Login Ensures secure access to the

dashboard for both students
and tutors

Access role-specific dash-
boards

Descriptive &
Diagnostic LA

Descriptive LA focuses
on providing insights into
student performance across
various test
Diagnostic LA, provides
a more in-depth analy-
sis through a correlation
matrix that compares per-
formance across different
types of tests.

Provide actionable insights
about student learning be-
haviors and outcomes.
Make data-driven decisions
to personalize teaching.

Predictive LA To predict the future scores
of students based on the
current performance trends.

Topic recommendations and
alerting students.
For tutors in offering extra
support to low performing
students.

Chatbot Serves as an interactive as-
sistant for students, answer-
ing their queries related to
various academic tasks. It
enhances the user experi-
ence by providing real-time
support, helping students
navigate through their aca-
demic responsibilities

Structuring reports and pre-
sentations.

Time Manage-
ment Tool

Allows users to plan, track,
and update their academic
tasks. Helps in better or-
ganization of their academic
schedules.

Students for planning tasks
and milestones in Haupt-
seminar, Research Intern-
ship and Master Thesis

capture user input (username and password) and send it to the Flask backend for
validation via an API call [40]. Based on the user’s role (student or tutor), different
views are rendered on the frontend after successful login to the dashboard[40]. For
example, students can view their own performance data, including test scores and
predictive analytics.
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C. Cookie-Based User Identification
To enhance user experience and streamline session management, cookies are used
to store session-related data on the client side [40]. When a user logs in, a cookie is
created that contains essential information such as Matriculation Number, Email ID,
password in encrypted format, user role whether a student or a tutor. Storing such
data in the cookie, allows the system to fetch personalized data from the database
based on this matriculation number. For example, fetching specific test scores or
predictive analytics results—based on who is currently logged in [40].

D. Security Considerations
Several security measures have been implemented to ensure that user data remains
safe. Passwords are hashed before being stored in the database, ensuring that even
if unauthorized access occurs, sensitive information remains protected. Also, to
prevent unauthorized access through stale sessions, session tokens stored in cookies
have an expiry time. Once expired, users are required to log in again. The system
ensures that students can only view their own data while tutors have broader access
based on their role [40].
The integration of login functionality into ARC Tutoring Workbench ensures se-

cure access for both students and tutors. By leveraging Python/Flask for backend
development and ReactJS for frontend design, this system provides smooth au-
thentication processes while ensuring that sensitive data remains protected through
encryption and secure session management using cookies. Overall, this login system
acts as a protector in governing data privacy and security within ARC Tutoring
Workbench while enabling users to interact with personalized content efficiently.

2.2 Descriptive and Diagnostic LA

The Descriptive and Diagnostic Learning Analytics (LA) sections have been devel-
oped by one of my team members, with the front-end built using JavaScript (.js)
and the back-end developed using Python and Flask [42]. All data processing and
storage are handled through Pandas DataFrames, which provide an efficient way to
manage and manipulate the data for analysis [42].

A. In Student View
In the student view, descriptive learning analytics focuses on providing insights into
student performance across various tests. The key metrics include, the number of
students who participated in each test, total marks obtained by each student across
all tests, the marks obtained in each test, with the ability to drill down further to
view detailed performance.
For example, students can see their scores for each question compared to the

maximum points possible for that question. This granular level of detail helps
students understand their strengths and weaknesses in specific areas of each test
[42].
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B. In Tutor View
Descriptive learning analytics provides an overview of student participation, showing
the number of students who participated in each test. This gives tutors a high-level
understanding of student engagement across different assessments [42].
For diagnostic learning analytics, a more in-depth analysis is provided through a

correlation matrix that compares performance across different types of tests. These
tests include ’Self Test Search’, ’Self Test Discussion’, ’Self Test Presentation’,
’Self Test Report’, ’ARS Search́, ’ARS Discussion’, ’ARS Presentation’,
’ARS Report’.
The correlation matrix allows tutors to identify relationships between different

types of assessments, helping them understand how performance in one type of test
(e.g., presentations) might correlate with performance in another (e.g., reports).
This diagnostic insight can be used to identify patterns in student learning behav-
iors and inform instructional adjustments. Additionally, tutors have access to all
students’ scores, enabling them to monitor individual and group performance over
time [42].
This system is initially designed to take input data from the TUC server and then

perform data cleansing and storing the pre-processed data in pandas dataframes.
Later to remove the dependency on server issues, the input data is stored in the
form of excel sheets locally. This excel data has anamolies and redundancies. All of
them were normalized and then stored in the MySQL database. Now this system is
designed to work in both the ways i.e., it can fetch the data directly from server or
fetch the cleansed data from the MySQL Database.
By integrating both descriptive and diagnostic learning analytics, this system

provides a comprehensive view of student performance from both the student’s and
tutor’s perspectives. The use of Pandas DataFrames ensures that data is processed
efficiently, allowing for real-time updates and detailed insights into student learning
outcomes [42].

2.3 Predictive LA

The Predictive Learning Analytics (LA) component was initially developed by an-
other team member, using a combination of Python for data pre-processing and
C# for implementing the predictive functionality. The goal of this component is to
predict students’ future performance based on their current and past performance
data. The key predictive model used is Multiple Linear Regression (MLR), which
helps forecast future outcomes by analyzing the relationships between multiple in-
dependent variables and a dependent variable [2].

A. Tools and Technologies Used:
Python was employed for pre-processing the data, where operations such as cleaning,
merging, and transforming datasets were performed using Pandas DataFrames. This
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ensured that the data was in a suitable format for further analysis. The predictive
model itself was developed using C#, where Multiple Linear Regression (MLR) was
applied to predict students’ future scores. The three primary variables used in the
MLR model are Self Test scores, ARS Test scores, Topic Recommender scores [2].

Figure 2.2: Calculation of presentation prediction % [2]

B. Data Sources and Merging:
The Self Test and ARS Test scores were extracted from the database table Stu-
dent Test Data. These tables were merged with the Student and Semester tables
based on common columns like Student ID and Semester ID respectively. This al-
lowed for a comprehensive dataset that linked student performance across different
tests and semesters [2, 43].
The Topic Recommender score is derived from a quiz where students are recom-

mended the top five topics based on their quiz performance. The score from the
topic selected by the student is considered as an input variable for MLR [2, 43].
The calculations involved in deriving the score predictions using the independent

variables were shown in the figures 2.2, 2.3, 2.4. The final MLR model uses these
three variables to predict future student performance, providing valuable insights
into how students might perform in upcoming assessments based on their current
progress [2].

C. Front-end Development:
The front-end of this predictive LA module was developed using ASP .Net MVC,
which provides an interactive interface where tutors can view predictions for each
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Figure 2.3: Calculation of report prediction % [2]

student. This interface allows tutors to analyze predicted performance trends and
make informed decisions about interventions or additional support [2].

D. Data Storage:
All relevant data, including student test scores and quiz results, is stored in an SQL
database. SQL is used to manage and query this data efficiently, ensuring that
the backend can quickly retrieve necessary information for both pre-processing in
Python and predictive modeling in C# [2].

E. Re-Implementation of Predictive LA
The above mentioned Predictive LA functionality was later re-implemented using
Python and Flask for the back-end, along with ReactJS and NPM for the front-end.
The calculations used can be seen from the figures 2.2, 2.3, 2.4. The same Multiple
Linear Regression (MLR) algorithm was used to predict student scores based on the
same variables: ’Self Test’, ’ARS Test’, and ’Topic Recommender’ scores.
This re-implementation was necessary because all other modules developed as

part of the ARC Tutoring Workbench Dashboard were built using Python/Flask for
the back-end and React/NPM for the front-end. To maintain consistency across all
modules within the dashboard, it was important to re-implement this functionality
using the same technologies. By doing so, seamless integration of all components
is ensured through Flask’s blueprint architecture, which allows different modules to
be combined into a unified dashboard.
In summary, this re-implementation aligns with the overall architecture of the
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Figure 2.4: Calculation of overall prediction % [2]

ARC Tutoring Workbench Dashboard, ensuring that all modules—whether descrip-
tive, diagnostic or predictive are integrated efficiently into a single platform.

2.4 Avatar based Chatbot

As part of the ARC Tutoring Workbench, an Avatar-based chatbot was developed
and integrated into the dashboard by one of the team members. This chatbot
serves as an interactive assistant for students, answering their queries related to
various academic tasks such as report writing, presentation preparation, and other
course-related activities. The chatbot enhances the user experience by providing
real-time support, helping students navigate through their academic responsibilities
more efficiently [44].

A. Key Features of the Avatar-Based Chatbot
1. Avatar Selection: The chatbot allows users to switch between two avatars i.e.,
a female avatar named ”VITAF” and a male avatar named ”VITAM”. These avatars
provide a personalized and engaging interaction experience, making the chatbot
more relatable and user-friendly. Students can select their preferred avatar based
on personal preference, which adds a layer of customization to the interaction [44].

2. Emotions:
The chatbot is equipped with five different emotions, which are displayed depending
on the context of the conversation or the type of the query being asked. These
emotions help humanize the interaction, making it feel more natural and less robotic.
The emotional responses are designed to adapt to different scenarios, such as offering
encouragement during stressful times (e.g., near submission deadlines) or providing
neutral responses when answering factual queries [44].

3. Functionality: The primary purpose of this chatbot is to assist students with
academic queries related to Report Writing and Presentation Preparation. The
chatbot provides guidelines, tips, and templates for structuring reports effectively.
Also, offers advice on how to prepare slides, structure presentations, and deliver
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them confidently. This functionality ensures that students receive timely assistance
without needing to consult external resources or wait for instructor feedback. The
chatbot serves as a first point of contact for common questions, allowing students
to resolve issues quickly and efficiently [44].

4. JWT Token Integration:
To ensure secure communication between the chatbot and the other components of
the dashboard, JWT (JSON Web Token) tokens are used for authentication. JWT
tokens help maintain secure sessions by verifying user identities and ensuring that
only authorized users can access certain functionalities within the chatbot. This
security measure is crucial in maintaining data privacy and protecting sensitive
student information [44].

5. Frontend Integration using iFrame:
On the frontend, the chatbot is embedded into the ARC Tutoring Workbench using
an iFrame object. This allows seamless integration without disrupting other ele-
ments of the dashboard’s user interface (UI). The iFrame ensures that the chatbot
remains accessible at all times while maintaining a clean and organized layout within
the dashboard [44].

B. Use Cases
a. Report Writing Assistance:
Students often struggle with structuring their reports according to academic stan-
dards. The Avatar-based chatbot provides step-by-step guidance on how to format
reports, including sections like introduction, methodology, results, discussion, and
conclusion. It also offers tips on citation styles (e.g., APA or MLA) and helps stu-
dents avoid common pitfalls such as plagiarism or improper formatting [44].
b. Presentation Preparation Guidance:
Preparing for presentations can be daunting for many students, especially when de-
livering in front of peers or instructors. The chatbot assists by offering advice on
slide design (e.g., keeping slides concise), presentation flow (e.g., organizing con-
tent logically), and delivery techniques (e.g., maintaining eye contact or managing
time effectively). By providing this support in real-time, students can refine their
presentations before seeking further feedback from instructors [44].
The Avatar-based chatbot integrated into the ARC Tutoring Workbench plays a

crucial role in enhancing student engagement and providing real-time academic sup-
port. By offering customizable avatars (VITAF and VITAM), emotional responses,
and specific functionalities related to report writing and presentation preparation,
this chatbot serves as an effective tool for improving student productivity while re-
ducing dependency on instructor intervention for routine queries. The use of JWT
tokens ensures secure interactions within the dashboard environment, while iFrame
integration maintains a seamless user experience without cluttering the interface
[44]. Overall, this Avatar-based chatbot is a valuable addition to the ARC Tutor-
ing Workbench’s suite of tools designed to support student learning outcomes in a
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personalized and efficient manner.

2.5 Time Management Tool

The Time Management tool is an essential feature integrated into the ARC Tutoring
Workbench, designed to help both students and tutors effectively manage their time
and tasks. This tool allows users to plan, track, and update their academic tasks.
It helps in better organization and productivity throughout their academic journey.
The Time Management tool is particularly useful for managing tasks related to
Hauptseminar, Research Internship, and Master Thesis [45].

A. Key Functionalities
1. Default Tasks:
Upon accessing the Time Management tool users are presented with a set of default
tasks that are pre-configured based on common academic milestones [45]. These
default tasks include activities such as ”Literature Research”, ”Conceptualization”,
”Programming”, ”Testing”, ”Writing” (e.g., reports or thesis). These tasks can be
edited, updated, or deleted based on the user’s specific needs. For example, if a
student has completed a task earlier than expected, they can mark it as complete
or update its status [45].

2. Task and Milestone Management:
Users have the flexibility to create new tasks and milestones in addition to the
default ones. Each task or milestone can be assigned a start date, end date, status
(e.g., ”Not Started”, ”In Progress”, ”Completed”), and a percentage of completion.
This allows students and tutors to break down complex projects into manageable
chunks and track progress over it [45]. Students or tutors can add new tasks by
specifying the task name, start date, end date, status, and completion percentage.
They can also add milestones to represent significant achievements within a project
(e.g., completing a chapter of a thesis or submitting a report). These milestones
help users focus on key deliverables [45].

3. Task Editing and Deletion:
Each task or milestone can be edited or deleted as needed. For example, if a task
deadline changes or if additional work is required on a certain task, users can eas-
ily update the task details through the interface. Similarly, if a task is no longer
relevant, it can be deleted from the plan [45].

4. Visualization of Tasks:
The Time Management tool provides a visual timeline that displays all tasks and
milestones in chronological order. Users can switch between Week View and Day
View, depending on their preference for viewing upcoming deadlines or milestones.
This visual representation helps users understand how their tasks are distributed
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over time and ensures that they stay on track with their academic responsibilities
[45].

B. UseCases
The Time Management tool is designed to cater to three primary use cases:

• Hauptseminar: Students enrolled in Hauptseminar courses can use the Time
Management tool to organize their seminar-related tasks such as topic selec-
tion, literature review, presentation preparation, and final report submission
[45].

• Research Internship: For students engaged in research internships, the Time
Management tool helps them manage research activities, meetings with super-
visors, data collection phases, and report writing [45].

• Master Thesis: The tool is particularly useful for students working on their
Master Thesis projects. It allows them to break down the thesis into smaller
tasks such as literature review, conceptualization of ideas, programming, test-
ing, writing chapters and preparing for the final defense [45].

C. Backend and Frontend Technologies
The Time Management tool has been developed using modern web technologies. The
backend functionality is implemented using Python and Flask, which handle user
authentication, task management logic, and database interactions. The frontend
interface is built using ReactJS, ensuring a smooth and interactive user experience.
Task-related information is stored in an SQL Lite local database, which allows for
efficient storage and retrieval of tasks based on user input [45].

D. User Authentication and Data Retrieval
To ensure personalized task management for each user, the system uses cookies to
store user-specific data such as the student’s matriculation number. Based on the
matriculation number stored in the cookie, the corresponding list of tasks is fetched
from the database and displayed to the user. This ensures that each student or tutor
only sees their own set of tasks and milestones when they log in to the dashboard
[45].

E. Benefits of the Time Management tool
1. Better Time Management: By providing a clear overview of all upcoming tasks
and deadlines, the Time Management tool helps students manage their time more
effectively. It encourages them to plan ahead and stay organized throughout their
academic journey [45].
2. Task Tracking: The ability to mark tasks as ”In Progress” or ”Completed” gives
users a sense of accomplishment as they work through their projects [45].
3. Customization: The flexibility to add new tasks or milestones ensures that stu-
dents can tailor the planner according to their specific academic needs [45].
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4. Visual Representation: The visual timeline provides an easy-to-understand overview
of how tasks are distributed over time, helping users avoid last-minute rushes by
staying on top of deadlines [45].

The integration of the Time Management tool into the ARC Tutoring Work-
bench adds significant value by helping students and tutors manage their academic
workload more efficiently. With features like default tasks, custom task creation,
milestone tracking, and real-time updates based on user input, this tool ensures
that users stay organized throughout critical academic phases such as Hauptsemi-
nar courses, research internships, and Master Thesis projects.
In conclusion, the Research Background chapter has highlighted the core func-

tionalities integrated into the ARC Tutoring Workbench. The Login module en-
sures secure access and personalized data retrieval for students and tutors. The
Descriptive and Diagnostic LA modules provide valuable insights by highlighting
trends in student performance. This helps both students and tutors make informed
decisions. The Predictive LA module enables proactive interventions by forecasting
future performance based on current data. The Avatar-Based Chatbot enhances
user engagement by providing real-time assistance with academic tasks.
Together, these modules form a cohesive system that supports both students’

learning journeys and tutors’ instructional strategies. By combining data-driven
insights with interactive tools, the ARC Tutoring Workbench offers a comprehensive
solution for improving academic outcomes in a user-friendly environment.
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The State of the Art chapter provides an in-depth analysis of the current advance-
ments and research in the field of Learning Analytics (LA), and Learning Analytics
Dashboards (LADs). To design a good interface, the User Experience Design (UXD)
is considered in the creation of Learning Analytics Dashboards. This chapter also
conveys information on UX design. This chapter aims to establish a comprehensive
understanding of the existing technologies, frameworks, and methodologies that are
integrated into modern educational systems, particularly focusing on how they en-
hance personalized learning experiences.

3.1 Learning Analytics Infrastructure

The Learning Analytics Infrastructure is the foundational system that enables the
implementation of LA in educational environments. It typically consists of several
key components, including data collection mechanisms, storage systems, analytics
engines, and user interfaces that present insights to tutors and learners [46]. At
its core, the infrastructure integrates data from various sources such as Learning
Management Systems (LMS), formative assessments, student interactions, and other
learning tools. This data is then processed through different types of analytics such
as Descriptive, Diagnostic, and Predictive analytics.
The ARC Tutoring Workbench, is an example of a system that leverages Learning

Analytics infrastructure. It integrates formative online assessments, a recommen-
dation & reminder system, and an avatar-based conversational agent to provide
personalized support to students. The workbench interacts with the LA Dashboard,
which visualizes insights derived from descriptive, diagnostic, and predictive ana-
lytics. This dashboard allows tutors to monitor student progress in real-time and
make informed decisions for timely interventions. The integration layer ensures
communication between the ARC Tutoring Workbench and the Learning Analytics
components by facilitating data exchange between these systems.

3.2 User Experience Design

User Experience (UX) Design is a critical aspect of product development that fo-
cuses on enhancing user satisfaction by improving the usability, accessibility and
pleasure during the interaction between the user and the product. It encompasses
the entire spectrum of the user’s interaction with the product. Helps in answer-
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ing the fundamental question, ’How did the user feel when using a product or an
interface?’ [47].
UX Design is pivotal in increasing the usability and adoption of a product, serving

as a key differentiator in today’s competitive market. It goes beyond mere function-
ality to create meaningful and relevant experiences for users. The discipline involves
several key components:

• User Research: Understanding the needs, behaviors, and motivations of
users through various research methodologies.

• Information Architecture: Organizing and structuring content in a way
that is intuitive and easily navigable.

• Interaction Design: Designing the interactive elements of a product to cre-
ate a seamless and engaging user journey.

• Visual Design: Creating aesthetically pleasing interfaces that align with the
product’s brand and enhance usability.

• Usability Testing: Evaluating the product with real users to identify areas
for improvement.

UX metrics play a crucial role in quantifying and measuring users’ behavior and
attributes when interacting with the product. These metrics may include Task
success rate, Time-on-task, Error rate, User satisfaction scores, Net Promoter Score
(NPS). The UX design process is iterative and detail-oriented, considering every
aspect of the user’s journey to offer an optimal experience. This meticulous approach
ensures that even the smallest elements of the design are scrutinized and refined to
enhance the overall user experience [48].
In the context of educational technology and learning analytics dashboards (LADs),

user experience (UX) design plays a pivotal role in ensuring the effectiveness of these
tools. A good UX design directly impacts four critical areas: user engagement, learn-
ing outcomes, data interpretation, and accessibility.
First, a thoughtfully designed interface can significantly enhance user engagement,

encouraging students and tutors to interact with the platform more frequently and
for longer durations. Research highlights that dashboards with intuitive designs pro-
mote sustained participation, which is particularly important in online and blended
learning environments where physical interaction is limited [49].
Second, UX design influences learning outcomes by reducing cognitive load. When

users can navigate the system effortlessly, they can focus more on the educational
content rather than struggling with the interface. This aligns with findings that
emphasize the need for user-centered design principles to improve usability and
ensure high-quality data interaction [50].
Third, effective UX design improves data interpretation by presenting complex

learning analytics in clear, actionable formats such as graphs or progress indicators.
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Studies show that well-visualized data enhances users’ ability to make informed
decisions about their learning strategies or teaching approaches [51].
Finally, accessibility is another critical dimension of UX design, ensuring that

LADs cater to diverse user needs and abilities, including those with disabilities. By
addressing these aspects, UX design becomes a cornerstone for creating impactful
learning analytics dashboards that foster better engagement, understanding, and
inclusivity in education [49, 52].
As technology continues to evolve, UX design remains at the forefront of creating

products that are not only functional but also enjoyable and meaningful to use. In
the realm of educational technology, it serves as a bridge between complex data
analytics and the end-users, making sophisticated tools accessible and beneficial to
both tutors and learners.

Comparison of UXD and LXD
The below table 3.1 gives a good comparison of UXD with LXD.

Table 3.1: UXD vs LXD

Aspect UXD LXD
Focus Seamless, enjoyable user ex-

perience [53]
Meaningful and engaging
learning experience [54]

Target Au-
dience

Users (general consumers) Learners (students, profes-
sionals) [54, 55]

Outcomes Task completion, satisfac-
tion [56]

Learning goals, knowledge
retention [54]

Tools Figma, Adobe XD, usability
tests [53]

LMS platforms, learning an-
alytics, gamification [54, 55]

LXD is essentially UXD tailored to learning contexts. It builds upon the foun-
dation of UXD principles. It can address the unique challenges faced at the time
of creating impactful, goal-driven learning experiences. A successful LXD practi-
tioner must be skilled in UXD practices but also able to craft meaningful learning
environments.

3.2.1 Learning Experience Design

As the field of Learning and Instructional Design Theory evolves towards more
human-centered design practices, the concept of Learning Experience Design (LXD)
has emerged as a pivotal approach [57]. This shift represents a significant paradigm
change in how we conceptualize and create educational environments.
LXD emphasizes the complex dynamics of how individuals learn and engage with

educational materials [3]. This comprehensive approach goes beyond content de-
livery, addressing the entire learning experience to influence a variety of learning
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Figure 3.1: Multi-dimensional nature of LXD [3]

outcomes. The significance of LXD is especially clear when examining the chal-
lenges posed by poorly designed learning technologies, which can result in learner
frustration and disengagement [55].
The integration of User Experience (UX) design principles into learning design

practices has paved the way for more productive and engaging digital learning en-
vironments. This synthesis acknowledges that effective learning is not just about
information transfer but about creating meaningful, enjoyable, and impactful expe-
riences.
Figure 3.1 shows, LXD posits that an individual learner’s experience is multidi-

mensional, encompassing three key aspects:

1. The Technological Dimension: This aspect focuses on how learners inter-
act with technology. It considers factors such as interface design and usability,
accessibility features, device compatibility and responsiveness, integration of
multimedia elements [57].

2. The Pedagogical Dimension: This encompasses learner interaction with
designed materials, instructions, activities, assessments, and how these el-
ements contribute to achieving learning goals. Key considerations include
alignment of content with learning objectives, scaffolding of complex concepts,
variety in assessment methods and incorporation of active learning strategies
[57].

3. The Sociocultural Dimension: This dimension explores how learners inter-
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act with others in the learning environment. It addresses collaborative learning
opportunities, cultural sensitivity and inclusivity, community building within
learning platforms, integration of social learning theories [57].

The interplay of these dimensions creates a comprehensive framework for designing
learning experiences that are not only effective but also engaging and meaningful
[58, 59]. By considering these aspects, LXD practitioners can create learning en-
vironments that enhance learner motivation and engagement, improve knowledge
retention and application, foster critical thinking and problem-solving skills, ac-
commodate diverse learning styles and preferences and promote lifelong learning
attitudes [58, 59].
In the context of digital learning platforms and Learning Analytics Dashboards,

LXD principles can be applied to create interfaces that are not only informative
but also intuitive and motivating. This approach ensures that learners can easily
navigate through content, understand their progress, and feel empowered in their
learning journey [60, 61].
As educational technologies continue to evolve, the principles of LXD will play an

increasingly crucial role in shaping the future of learning. By placing the learner’s
experience at the center of design considerations, LXD has the potential to transform
educational practices, making them more adaptive, personalized, and effective in
meeting the diverse needs of modern learners [58].

3.2.2 Learning Experience Design Techniques

Learning Experience Design (LXD) is a holistic approach to creating educational
environments that prioritize the learner’s experience [62, 63]. The incorporation of
LXD techniques into learning design processes is crucial for developing effective and
engaging educational solutions. These techniques can be broadly categorized into
three main phases:

A. Identifying User Needs:
The first step in Learning Experience Design (LXD) is identifying user needs, which
involves understanding the gap between actual performance and optimal perfor-
mance [57]. This process typically includes several key activities. First, user re-
search is conducted through methods such as surveys, interviews, and observations
to gather insights directly from learners [64]. Additionally, existing performance
data and learning outcomes are analyzed to identify patterns and areas for im-
provement. To ensure that the design addresses diverse user requirements, learner
personas are created to represent different user groups, providing a clear picture
of their goals, challenges, and preferences [65]. Finally, mapping the learner jour-
ney helps uncover pain points and opportunities for enhancing the overall learning
experience. Together, these steps form the foundation for designing effective and
user-centered learning solutions.
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B. Requirements Gathering:
Once user needs are identified, the next step involves generating a set of requirements
that define the system capabilities necessary to address those needs [57]. This phase
is highly collaborative and typically includes workshops with key stakeholders such
as learners, tutors, and subject matter experts. These workshops facilitate open
discussions and align diverse perspectives on what the system should achieve. Tech-
niques like brainstorming, data analysis, and use case development are employed to
refine ideas and translate user needs into actionable requirements [64]. For example,
brainstorming sessions might focus on enhancing feedback mechanisms, improving
data visualization, or designing intuitive navigation systems.
Additionally, user stories are developed to capture specific learner needs and ex-

pectations in a structured format. These stories help ensure that the system design
remains aligned with user goals. Finally, requirements are prioritized based on
their potential impact on learning outcomes and their feasibility. This prioritization
ensures that critical features are implemented first, optimizing both the learning
experience and resource allocation. Together, these activities provide a clear road
map for building a system that effectively meets user needs.

C. Prototyping:
In the initial stages of Learning Experience Design (LXD), creating a prototype
of the user interface or online learning environment is a crucial step [57]. This
process involves several key activities that help designers refine and validate their
concept. Designers start by crafting low-fidelity wireframes to establish the funda-
mental structure of the learning platform. They then progress to developing inter-
active prototypes that allow for comprehensive testing of user flows and potential
interactions [65].
Rapid prototyping techniques play a vital role in this phase, enabling designers to

quickly explore and iterate on design concepts with agility. A critical component of
this process is conducting usability testing with representative users, which provides
invaluable feedback and insights into the user experience [65]. By systematically
working through these stages, designers can create a more intuitive, user-centered
learning environment that effectively meets the needs of learners.
The use of tools such as personas and prototypes make the learning design process

iterative, dynamic, and more responsive to learner needs. This approach aligns with
the principles of participatory design and user-centered approaches in LXD [62, 63].

Additional Considerations
When designing learning experiences, designers must adopt a holistic and nuanced
approach that goes beyond traditional educational methodologies. Intersectionality
emerges as a critical lens, enabling the creation of more inclusive and responsive
learning environments that recognize the diverse backgrounds and experiences of
learners [66]. By integrating extended reality (XR) technologies and interactive
360º videos, educators can transform online learning into immersive and dynamic
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experiences that transcend traditional pedagogical boundaries [67].
The concept of seamless learning further enriches this approach, emphasizing the

importance of creating learning experiences that flow smoothly across different con-
texts and platforms [68]. A multidimensional design strategy becomes crucial, care-
fully balancing design aesthetics, pedagogical principles, and standardized learning
frameworks to maximize learner engagement and educational efficacy [64]. This com-
prehensive approach ensures that learning experiences are not just informative, but
truly transformative, adapting to the complex and varied needs of modern learners.
By incorporating these LXD techniques and considerations, designers can create

more effective, engaging, and learner-centered educational experiences. The iterative
nature of this process ensures that the final learning environment is well-aligned with
user needs and pedagogical goals [62, 69].

3.3 Learning Analytics Dashboards

The table 3.2 presented in this chapter is part of a comprehensive review of recent
research studies that focus on the integration of Learning Analytics Dashboards
(LADs) in educational environments. The table summarizes key findings from 16
different studies, each of which explores the application of Learning Analytics (LA)
in various educational contexts and its impact on stakeholders such as students,
teachers, and administrators.
The table 3.2 serves as a valuable resource for understanding how Learning Ana-

lytics is being applied across different educational contexts and how it contributes to
improving teaching and learning outcomes. By reviewing these studies, we can iden-
tify common trends, challenges, and best practices in the design and implementation
of Learning Analytics systems.

Table 3.2: Comparison of Research papers used for this study.

S
No

Country
and Year

Paper
Cita-
tion

Stake-
holders

Achievements Theory
Used

Created
LAD

1 Europe
and Latin
America
and 2020

[70] Teachers Assists naive ad-
visors in better
decision making
by comparing two
universities’ tech-
nology adoption
levels.

SRL #

37



3 State of the Art

2 Germany
and 2020

[71] Students Collected inputs
from students and
implemented de-
sign improvements
accordingly. Tracks
student perfor-
mance, predicts
final grades, alerts
at-risk students.

SRL,
SCT,
FIT

#

3 Netherlands
and 2020

[72]. Teachers Grouped indicators
into action-related,
result-related,
social-related indi-
cators to improve
retention rates and
success rates of
students.

SRL,
Social
Interac-
tion and
Collab-
orative
Learn-
ing

#

4 Germany
and 2021

[73] Teachers,
Learn-
ers,
Admin-
istrators
and Re-
searchers

Conducted a lit-
erature review
summarizing dash-
board visualization
techniques and
their effectiveness
in educational
settings.

SRL #

5 South
Korea and
2021

[74] Students
and
Teach-
ers

Developed two
dashboards—one
for students and
one for instruc-
tors—providing
adaptive feedback
during collabora-
tive argumentation
sessions.

SRL,
CLT,
FIT

"
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6 Sweden
and 2021

[75] Teachers Uses machine
learning to provide
predictive insights
into student behav-
iors and answers
pedagogical ques-
tions related to
student perfor-
mance metrics.

SCT,
CLT,
Con-
struc-
tivism

"

7 Austria
and 2021

[76] Students Design and de-
velopment of TU
Graz students’
study progress
dashboard; tracks
study progress
compared to peers;
official study rec-
ommendations;
progress in com-
pulsory/optional
courses

SRL,
SCT,
CLT

"

8 USA and
2022

[77] Students Investigates use
of LAD named
MyLA. Concerned
about popularly
accessed resources;
due assignments;
grades;

SRL,
CLT

"
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9 France and
2022

[78] Students Investigated adap-
tations requested
by students; iden-
tified suitable
data/visualiza-
tions based on
profile/course du-
ration. Framed
research questions
i) Indicators for
student LADs?
ii) Prevalence of
learning indicators
by objectives? iii)
Links between
indicators/need
profiles?

SRL,
CLT

#

10 Germany
and 2022

[79] Teachers Presented de-
sign/evaluation
of LAD named
Learning Analytics
Cockpit. Helped
teachers under-
stand knowledge
levels; monitored
students via LA
Dashboard

SCT,
FIT

"

11 New
Zealand
and 2023

[80] Students Developed LAD
named SensEnablr.
Used descrip-
tive/predictive/
prescriptive ana-
lytics. Detailed
feedback com-
paring self/peers.
Goal: improve self-
regulated learning.

SCT,
SRL,
SCT,
Con-
struc-
tivism

"
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12 Sweden
and 2024

[7] Students
/ Teach-
ers

Reviewed articles
on LADs Identified
emerging trends
Target users;
visualization ele-
ments; theoretical
frameworks; target
outcomes/effects

SRL #

13 Netherlands
and 2020

[81] Students Offered a dash-
board to freshers
group. It shows
their progress in
the LMS, their
predicted chance
of passing, their
predicted grade
and their online
intermediate per-
formance compared
with the total
cohort.

SRL,
SCT

#

14 Germany
and 2023

[82] Teachers Using this dash-
board, popularity
of subjects; atten-
dance and comple-
tion of learning el-
ements; quick feed-
back; learning style
and student perfor-
mance, and much
more can be stud-
ied by the teacher.

SRL,
FIT,
Con-
struc-
tivism
to sup-
port
Teach-
ers

#

15 United
Kingdom
and 2021

[83] Students Interviewed stu-
dents online to
know the most
useful and the least
useful elements of
the proposed LAD.

SRL #
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16 Canada
and 2021

[84] Teachers Studied how
teachers navigate
through a LAD.
Created a cor-
relation matrix
between SRL activ-
ities and epistemic
emotions among
expert and novice
teachers.

SRL
and
emotion
theories

#

A literature research was conducted to know about the studies concerned mainly
about Learning Analytic Dashboards that were developed all across the world. This
can be seen from the table 3.2. The research papers from the year 2020 to 2024
were considered in this research. As a result a total of 16 papers that found to be
relevant were considered. As this research work focuses on developing an LAD for
students and tutors primarily, the research papers having students and/or tutors as
stakeholders were considered.
Gutierrez et al. [70], proposed a system that assists teachers by comparing uni-

versities’ technology adoption levels to support decision-making. It highlights the
use of LADs in helping naive advisors to make informed choices. Mohseni et al.
[75], integrated machine learning into LADs to predict student behaviors. Also
to answer pedagogical questions, enhancing teachers’ ability to address individual
learning needs. Karademir et al. [79], designed a ”Learning Analytics Cockpit” for
teachers to monitor the knowledge levels and learning progress of students in real-
time. Sapsai et al. [82], developed an LAD that allows teachers to analyze learning
styles, subject popularity and students’ performance to improve the students in-
structional strategies. Zheng et al. [84], investigated how teachers navigate through
the LADs, provided insights into the relationship between self-regulated learning
(SRL) activities and emotional states, especially for novice and expert teachers.
Ramaswami et al. [80], developed ”SensEnablr,” an LAD consisting of descrip-

tive, predictive, and prescriptive learning analytics. It provides detailed feedback
comparing a student’s performance to his peers, encouraging self-regulated learning
practices. Leitner et al. [76], designed a dashboard for tracking study progress, of-
fering official recommendations and comparing individual progress with peers. Han
et al. [74], created two separate LADs for students and teachers. Focusing mainly on
adaptive feedback during collaborative learning sessions to improve argumentation
skills. Eickholt et al. [77], investigated ”MyLA,” a dashboard emphasizing resource
popularity, grades, and due assignments for students. This supports students in
prioritizing tasks and improving time management. Hellings et al. [81], focused on
first-year students by providing predictions for passing grades, success rates, and
progress compared to their peers, improving students’ confidence and engagement.
Rets et al. [83], collected feedback from students about the most and least useful
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elements in the LAD created, tailoring the design to student needs.
Zandvliet et al. [72], grouped LAD indicators into action-related, result-related,

and social-related categories. These indicators improved student retention and suc-
cess by providing actionable insights. Han et al. [74], demonstrated how adaptive
LADs enhance collaboration and learning during group tasks, improving both en-
gagement and success rates.
Sahin et al. [73], conducted a literature review on LAD visualization techniques

and their effectiveness. This study laid the foundation for choosing appropriate
visualization methods to increase dashboard usability. Oliver et al. [78], identi-
fied student-preferred visualizations and learning indicators, enabling personalized
dashboards tailored to specific needs and course profiles.
Many studies applied foundational learning theories to guide LAD design. The

popular ones among them are Self Regulated Learning (SRL), Social Cognitive The-
ory (SCT), Constructivism, Cognitive Load Theory (CLT) etc are explained in detail
in the next section.
The creation of intuitive and user-friendly dashboards is crucial for ensuring that

both tutors and students can easily interpret and act upon the insights provided by
LA. Table 3.2 highlights the growing importance of Learning Analytics in modern
education and provides valuable insights into how LA is being applied to enhance
teaching and learning experiences. It serves as a foundation for understanding cur-
rent trends in LA research and offers a road map for future developments in this
field. As part of the next section, let use see about the theoretical frameworks used
in the LADs.

3.3.1 Theoretical Frameworks used in LADs

The table 3.4 presents a detailed analysis of various theoretical frameworks and their
application in Learning Analytics (LA) and Learning Analytics Dashboards (LADs).
It highlights key theories such as Self-Regulated Learning (SRL), Social Comparison
Theory (SCT), Cognitive Load Theory (CLT), and Feedback Intervention Theory
(FIT), each of which plays a significant role in enhancing student learning outcomes.
It also outlines the achievements of different studies conducted across various coun-
tries, focusing on the stakeholders involved, the use of LA to improve educational
processes, and whether a Learning Analytics Dashboard was created as part of the
study. This structured overview provides insights into how theoretical frameworks
guide the design and implementation of personalized learning interventions.
Each theory addresses specific aspects of learning, offering insights into how stu-

dents learn, interact, and engage with educational content. These theories are foun-
dational to designing effective learning analytics systems that support both students
and instructors in achieving better academic outcomes.

1. Self-Regulated Learning (SRL)
Self-Regulated Learning (SRL) focuses on empowering learners by providing them
with performance, progress, and strategy-related information. This information
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Table 3.4: Theories used in Learning Analytics

S
No.

Theory Deals With

1 Self Regulated Learn-
ing (SRL)

Provides learners with performance, progress, and
strategy-related information to help students in
self-reflection and learning behavioral modifica-
tions [85, 80].

2 Social Comparison
Theory (SCT)

Gives motivation to students by making
anonymized comparisons with their peers’
performance [86, 80].

3 Cognitive Load The-
ory (CLT)

This concentrates on visualization and measuring
of cognitive load learners face. Actionable feed-
back is provided to students to promote effective
learning and prevent information overload, as in-
formation overload deteriorates learning. Exam-
ple: metrics related to the complexity of learning
materials [87, 80].

4 Feedback Intervention
Theory (FIT)

Supports learners with real-time and personalized
feedback in identifying areas of improvement and
performance enhancement [88, 80].

5 Constructivism Active construction of knowledge by learners. Fo-
cusses on learners interactions with learning mate-
rials, collaborative activities etc [89, 80].

6 Social Interaction and
Collaborative Learn-
ing

Focusses on social processes in acquiring knowl-
edge. Such dashboards helps in sharing learners
thoughts, experiences etc [89, 80].

7 Constructivism to
support teachers

Provides teachers with insights into student per-
formance and engagement. Helps teachers in iden-
tifying students who need help/support [80].

helps students engage in self-reflection and make behavioral modifications to im-
prove their learning processes. For instance, metrics such as time spent on tasks
or progress toward goals can help learners identify areas for improvement and ad-
just their strategies accordingly. SRL is particularly useful in fostering independent
learning habits and encouraging students to take ownership of their academic jour-
ney [85, 80].

2. Social Comparison Theory (SCT)
Social Comparison Theory (SCT) emphasizes the importance of motivation through
peer comparison. By providing anonymized comparisons of a student’s performance
with that of their peers, this theory encourages healthy competition and motiva-
tion. For example, dashboards can display average class scores alongside individual
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scores, allowing students to gauge their performance relative to others without feel-
ing judged. This approach fosters a sense of accountability and inspires students to
strive for better results [86, 80].

3. Cognitive Load Theory (CLT)
Cognitive Load Theory (CLT) addresses the visualization and measurement of cog-
nitive load experienced by learners. It focuses on actionable feedback that helps
students optimize their learning processes by promoting effective learning strategies
and avoiding information overload. For example, learning analytics dashboards can
provide insights into the complexity of tasks or materials, enabling students to al-
locate their cognitive resources more efficiently. Metrics related to task difficulty
or time spent on complex activities can guide learners in managing their workload
effectively [87, 80].

4. Feedback Intervention Theory (FIT) Feedback Intervention Theory (FIT)
supports learners by providing real-time and personalized feedback. This feedback
helps students identify areas for improvement and enhance their performance. For
instance, dashboards can highlight specific weaknesses in a student’s understanding
of a topic and suggest targeted resources or strategies for improvement. FIT is
particularly valuable in adaptive learning environments where timely feedback can
significantly impact student engagement and success [90].

5. Constructivism
Constructivism emphasizes the active construction of knowledge by learners through
interaction with their environment. In the context of learning analytics, this the-
ory supports tools that encourage collaborative activities such as group discussions,
peer reviews, or project-based learning tasks. Dashboards designed with construc-
tivist principles can promote engagement by enabling students to explore concepts
interactively and collaboratively [80, 91].

6. Social Interaction and Collaborative Learning
This theory focuses on the social processes involved in acquiring knowledge through
collaboration. Learning analytics dashboards designed with this theory in mind
facilitate knowledge sharing among peers through features like discussion forums
or shared resources. For example, tools that allow students to collaborate on as-
signments or share insights about course materials foster a sense of community and
enhance collective understanding [91].

7. Constructivism Supporting Teachers
In addition to supporting students, constructivist principles also benefit teachers by
providing insights into student performance and engagement levels. Dashboards that
highlight struggling students or identify patterns in classroom interactions enable
instructors to offer timely interventions and personalized support [91].
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Significance of These Theories in Learning Analytics
The theories outlined in the table collectively address critical aspects of effective
teaching and learning:

• Personalization: By leveraging SRL and FIT principles, learning analytics
systems can deliver tailored feedback that meets individual learner needs.

• Engagement: SCT and collaborative learning theories emphasize peer interac-
tion, which fosters motivation and accountability.

• Efficiency: CLT ensures that cognitive resources are used effectively by reduc-
ing unnecessary mental strain.

• Collaboration: Constructivist approaches promote active participation and
knowledge sharing among both students and teachers.

By integrating these theories into the design of learning analytics dashboards, ed-
ucational institutions can create tools that not only support academic achievement
but also enhance the overall learning experience for both students and instructors.
The table provides a comprehensive overview of how key learning theories are

applied in Learning Analytics to improve educational outcomes. By summarizing
various studies across different regions, it highlights the effectiveness of LA in sup-
porting both students and tutors. Supports stakeholders with the help of personal-
ized feedback, performance tracking, and predictive insights. The use of Learning
Analytics Dashboards further enhances data visualization, and helps tutors to make
informed decisions. Overall, the table shows theoretical frameworks used with LA
to create adaptive and responsive learning environments.
As educational technologies continue to evolve rapidly post-pandemic era into

more personalized digital environments equipped with intelligent systems like Ma-
chine Learning algorithms embedded within dashboards—future research will likely
focus on refining these systems further while addressing emerging challenges such
as data privacy concerns or over-reliance upon automated systems without human
oversight.

3.4 Ethical Considerations and Data Privacy

In the domain of Learning Analytics (LA), the collection, processing, and analysis of
student data raise significant ethical concerns, particularly regarding data privacy.
The ”General Data Protection Regulation (GDPR)” provides a framework for en-
suring that personal data is handled responsibly and transparently. Below are the
key ethical considerations and data privacy measures that have been followed when
implementing Learning Analytics systems in compliance with GDPR [92, 93].

Data Collection and Consent: Under GDPR, institutions must obtain explicit
consent from students before collecting their data. Following this, students were
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informed about what data is being collected, the purpose of its collection, and how
it will be used. ”Transparency” is crucial in ensuring that students understand how
their personal information will be processed. Additionally, only the minimum nec-
essary data was collected to comply with GDPR’s principle of ”data minimization”
[94].

Anonymization: To protect student identities, personal data was ”anonymized”
wherever possible. Anonymization ensures that students cannot be identified from
the dataset. This reduces the risk of privacy breaches [95].

Data Access and Security: Access to student data is restricted to authorized
personnel only. Implemented robust security measures such as encryption and secure
storage to prevent unauthorized access or breaches [96].

Right to Access and Erasure: Students have the right to access their personal
data and request its deletion if it is no longer necessary for its original purpose or
if they withdraw consent. This aligns with GDPR’s principles of ”data access” and
the ”right to be forgotten” [93].

During the development of this tool all the above mentioned measures were fol-
lowed. This tool is effective and compliant with GDPR regulations
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In this chapter, we talk about the characteristics that are considered important
and taken from the state of the art papers. Also, we introduce the concept of
ARC-Tutoring and explain how it integrates with Learning Analytics (LA) to pro-
vide personalized support to students. The ARC-Tutoring framework is designed
to assess student performance, offer tailored recommendations, and engage students
through conversational agents. The system is data-driven, leveraging Learning An-
alytics to make informed decisions about when and how to intervene in a student’s
learning journey.

4.1 Needed Characteristics from the existing LADs

Some of the research papers mentioned in the table 3.2, were very much useful in
the development of this ARC Tutoring Workbench. The characteristics taken from
those LADs were explained as follows:

I. SensEnablr Dashboard
In the paper [80], the authors developed a Learning Analytics Dashboard (LAD)
named SensEnablr. This dashboard was designed to provide real-time feedback to
students and instructors by visualizing key performance metrics such as participa-
tion, engagement, and academic progress. The goal of SensEnablr was to increase
student engagement by offering personalized insights into their learning behaviors
and outcomes.

Characteristics taken from SensEnablr:

• Real-Time Data Visualization: SensEnablr provides real-time data on student
performance, such as attendance, participation, and test scores [80].

• Engagement Metrics: SensEnablr tracks engagement levels to help identify
trends in student behavior [80].

• Personalized Feedback: It offers personalized feedback based on individual
student performance, helping students identify areas for improvement [80].

• Instructor Insights: SensEnablr allows instructors to identify at-risk students
early by analyzing engagement metrics and performance data [80].
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Both SensEnablr and ARC Tutoring Workbench share common goals of improving
student engagement through real-time data visualization, personalized feedback, and
comprehensive instructor insights. The integration of various data sources in both
systems ensures that users—both students and instructors—can access meaningful
insights into academic performance.

II. SAVis Dashboard
The SAVis Learning Analytics Dashboard (LAD) had several core functionalities,
particularly in its use of interactive visualizations, machine learning techniques, and
real-time data analysis. This dashboard aims to enhance the learning experience
by providing valuable insights into student performance, engagement, and learning
outcomes [75].

Characteristics taken from SAVis:

• Interactive Visualizations: In SAVis, interactive visualizations are used to
present complex data in a user-friendly format, allowing both students and
instructors to explore performance metrics dynamically [75].

• Machine Learning for Predictive Analytics: SAVis incorporates machine learn-
ing algorithms to predict student performance and identify at-risk students
based on historical data [75].

• Data Integration: SAVis integrates data from multiple sources to provide a
comprehensive view of student progress [75]. SAVis pulls data from various
Learning Management Systems (LMS) and other educational tools.

• Real-Time Feedback: SAVis provides real-time feedback on student engage-
ment and performance through its interactive dashboard [75].

SAVis emphasizes the importance of interactive visualizations, predictive analytics
using machine learning techniques, real-time feedback, and comprehensive data in-
tegration. These features enable this dashboard to provide actionable insights for
improving student learning outcomes while offering instructors tools for early inter-
vention [75]. Offering real-time feedback and using machine learning techniques are
a pre-requisite for ARC Tutoring Workbench. So this paper is a countable asset in
developing this dashboard.

III. Learning Anayltics Cockpit
The Learning Analytics Cockpit aims to provide actionable insights into student
performance and engagement, enabling timely interventions by instructors to im-
prove learning outcomes [79].
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Characteristics taken from Learning Analytics Cockpit

• Data Visualization: The Learning Analytics Cockpit emphasizes real-time
data visualization to monitor student performance. In the Cockpit, instructors
can view real-time data on student engagement, participation, and academic
progress [79].

• Instructor-Centric Design for Interventions: One of the primary goals of the
dashboard is to empower instructors with tools for timely interventions. The
Learning Analytics Cockpit is specifically designed to alert instructors when
students are at risk of under-performing or disengaging from the course. It
provides detailed insights into student behavior, allowing educators to take
proactive steps to support struggling students [79].

In summary, the Learning Analytics Cockpit focuses on real-time data visualiza-
tion, instructor-centric tools for interventions. These features enables it to support
proactive educational strategies that enhance student learning outcomes. Enhanc-
ing student performance is one of the goals of the ARC Tutoring Workbench. So
the above mentioned characteristics are very important in developing ARC Tutoring
Workbench.

IV. Learning Analytics Dashboards for Collaborative Argumentation
This research paper focuses on the development of learning analytics dashboards to
provide adaptive support during collaborative argumentation in face-to-face learning
environments [74]. The ARC Tutoring Workbench, on the other hand, is a compre-
hensive platform designed to integrate multiple learning analytics functionalities for
both students and instructors, offering predictive, diagnostic, and descriptive in-
sights. While both systems aim to enhance learning through data-driven insights,
there are key similarities in their goals, functionalities, and implementation.

Characteristics taken from Collaborative Argumentation

• Purpose and Focus: The primary focus of the Collaborative Argumentation
system is to provide real-time adaptive support during collaborative learning
activities, specifically argumentation. The dashboard helps instructors moni-
tor group dynamics, participation levels, and the quality of arguments being
made by students. The system is designed to enhance face-to-face interactions
by providing immediate feedback that can guide the learning process [74].

• Real-Time Feedback: It provides real-time feedback during face-to-face inter-
actions. Instructors can intervene immediately based on the data presented in
the dashboard, such as participation levels or the quality of student arguments
[74]. This real-time aspect is crucial for guiding the collaborative discussions
as they happen [74].

50



4 Concept

• Data Sources and Integration: This system primarily uses data from live dis-
cussions and collaborative activities. It tracks metrics such as speaking time,
argument quality, and group dynamics in real-time [74].

In conclusion, while both systems aim to improve educational outcomes through
learning analytics dashboards, their focus areas differ significantly. The Collabo-
rative Argumentation Dashboard is tailored for real-time intervention during live
discussions in collaborative settings, whereas the ARC Tutoring Workbench focuses
more broadly on long-term performance tracking and prediction across various as-
sessments. Despite these differences, both systems share a common goal of empow-
ering instructors with actionable insights that can enhance the learning experience
for students.

4.2 Concept of LA Integration

The concept involved in the LA integration is depicted through the figure 4.1.

Figure 4.1: Depicting the conceptual flow of data among the LA [4]

1. Capture Data from the Tutoring Environment:
The process begins by collecting data from the tutoring environment. This data can
include student performance metrics, engagement levels, attendance, and other rel-
evant information that can help in understanding the learning progress of students.
Data Sources: Learning Management Systems (LMS), assessments, quizzes, and
student interactions.
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2. Reporting Descriptive Learning Analytics (LA):
Once the data is captured, it is processed using ’Descriptive Learning Analytics’.
Descriptive LA focuses on summarizing what has already happened. It provides
insights into past events such as student performance trends, engagement patterns,
completion rates etc. This step helps in identifying general patterns and under-
standing the current state of student learning.

3. Diagnostic Learning Analytics (LA):
After descriptive reporting, the process branches into two types of analysis: Di-
agnostic and Predictive LA. It involves analyzing reasons behind certain learning
outcomes, identifying factors that contributed to student success or failure. It uses
techniques like data mining and correlation analysis to understand the underlying
causes.

4. Predictive Learning Analytics (LA):
The second branch of analysis is ”Predictive LA”, which answers the question:
”What can happen in the future?”
Predictive LA uses statistical models and forecasting techniques to predict future
learning outcomes based on historical data. For example, it can predict which stu-
dents are at risk of under-performing and future performance trends based on current
behaviors.

5. Decision Point: Is Tutoring Needed?
After analyzing the data using Diagnostic and Predictive LA, a decision point is
reached: ”Is tutoring needed?”
This decision is based on whether students are identified as struggling or at risk of
falling behind in their learning.

6. If Tutoring is Not Needed:
If the analysis shows that tutoring is not required, the process stops at this point.
No further action is taken.

7. If Tutoring is Needed: ARC-Tutoring Actions
If tutoring is determined to be necessary, ”ARC-Tutoring Actions” are initiated.ARC-
Tutoring refers to personalized interventions designed to support students who need
additional help. These actions could include Assessment related assistance, Rec-
ommendation of topics based on the score obtained, Assistance through generative
chat-bot.

8. Refine Loop:
The flowchart includes a feedback loop labeled ”Refine,” which indicates that after
ARC-Tutoring actions are taken, the system goes back to capturing more data from
the tutoring environment. This creates an iterative cycle where data is continuously
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collected, analyzed, and used for further interventions if necessary. The refinement
loop ensures continuous improvement by adapting tutoring strategies based on up-
dated data.

4.3 Concept of ARC Tutoring Workbench

Figure 4.2: Concept of ARC Tutoring Workbench [4]

The ARC-Tutoring Actions are a central part of the decision-making process in
the tutoring environment, as depicted in the figure 4.2. ARC stands for Assess-
ment, Recommendation/Reminders, and Conversational Workbench. This system
is designed to provide personalized support to students based on Learning Analytics
(LA). Below is a detailed explanation of each component:

1. Assessment
The Assessment component focuses on evaluating the student’s current performance
and progress. This is done through formative assessments, quizzes, and other evalu-
ative tools that provide real-time feedback on the student’s learning journey. Forma-
tive Assessments assessments are designed to monitor student learning and provide
ongoing feedback that can be used by both students and tutors to improve learning
outcomes.
- Example: A quiz or assignment that evaluates a student’s understanding of a topic
and provides immediate feedback on areas where improvement is needed.
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The data from these assessments is captured and analyzed through Learning An-
alytics, which helps in identifying patterns in student performance.

2. Recommendation/Reminders Based on the assessment results and Learning
Analytics data, the system generates Recommendations or Reminders for students.

• Recommendations: These are personalized suggestions aimed at helping
students find a topic that better suits their interests.
- Example: If a student is struggling to choose a particular topic, the system
may recommend top five topics from the list of available topics based on the
scores obtained in individual topics.

• Reminders: These are timely notifications that help students stay on track
with their learning goals. They can include reminders about upcoming assign-
ments, deadlines, or study goals.
- Example: A reminder to complete an assignment before its due date or to
review certain topics before an exam.

3. Conversational Agent/(Chatbot)
This Workbench integrates a conversational agent (e.g., a chat-bot) that interacts
with students in real-time to provide additional support. The chat-bot acts as an
intelligent tutor that can answer student queries, provide explanations, and guide
learners through their study process.
- Example: A student struggling with a concept can ask the chat-bot for clarifi-
cation, and the chat-bot will respond with explanations or direct them to relevant
resources.
This conversational agent can also engage in dialogue with students to keep them
motivated and focused on their learning objectives. It enables semi-automated tu-
toring support by providing responses to student inquiries.

How ARC-Tutoring Actions Work in the Flowchart
1.Learning Analytics Input:
The flowchart begins with capturing data from the tutoring environment through
Learning Analytics. This data includes student performance metrics, engagement
levels, and other indicators of student progress.

2. ARC-Tutoring Actions:
If it is determined that tutoring is needed (based on diagnostic and predictive an-
alytics), ARC-Tutoring Actions are initiated. These actions consist of three main
components:

• Formative Assessments: Continuous evaluation of student performance.

• Recommendations/Reminders: Personalized suggestions and timely reminders
to keep students on track.
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• Conversational Support via Chat-bot: Real-time interaction with students
through a conversational agent that provides guidance and answers questions.

3. Refinement Loop:
After ARC-Tutoring Actions are taken, there is a feedback loop labeled ”Refine.”
This loop ensures continuous improvement by feeding updated data back into the
Learning Analytics system for further analysis. Based on this new data, additional
ARC-Tutoring Actions may be triggered if necessary.
The ARC-Tutoring system leverages Learning Analytics to offer personalized tu-

toring support through three key components: Assessment, Recommendation/Re-
minders, and Conversational Workbench (Chat-bot). By continuously assessing
student performance, providing tailored recommendations, and offering real-time
conversational support, ARC-Tutoring Workbench aims to enhance student success
in their learning journey.

4.4 Use Case

These use cases demonstrate how data-driven decisions can be made to provide
personalized interventions to students based on their academic needs. The possible
use cases are depicted in the figure 4.3.

Figure 4.3: Possible Use cases

This ARC Tutoring Workbench tool is mainly useful for

1. Students registered for the Hauptseminar subject
Students enrolled in advanced seminars (Haupt Seminar) often face challenges
in managing complex topics and workloads. Learning Analytics can track
their progress and provide insights into areas where they may need additional
support.

55



4 Concept

2. Students writing their report as part of their Research Internship
Students working on research internships may require guidance on structuring
their reports, managing deadlines, or receiving feedback on drafts. Learning
Analytics can help identify students who are struggling with report writing
and provide targeted assistance.

3. Students writing their report as part of their Master Thesis
For students writing their master’s thesis, personalized support could include
feedback on drafts, recommendations for resources, or guidance on research
methodologies. Learning Analytics can monitor their progress and ensure
they stay on track with their thesis deadlines.

This chapter highlighted the main research papers considered in the development
of ARC Tutoring Workbench from the research papers mentioned in the table 3.2.
The characteristics taken from those research papers were explained in detail. This
chapter also provided a comprehensive overview of the key concepts behind the in-
tegration of Learning Analytics (LA) and the development of the ARC Tutoring
Workbench. The Concept of LA Integration highlights how data-driven insights can
enhance personalized learning experiences by tracking student performance and pro-
viding timely interventions. The ARC Tutoring Workbench concept demonstrates
how various tools, such as assessments, recommendations, and conversational agents,
work together to support both students and educators. Finally, the Use Case sec-
tion illustrates practical applications of these concepts, showcasing how they improve
learning outcomes in real-world scenarios.
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Implementation chapter gives information on how the proposed dashboard is realized
in practice. This chapter serves as a bridge between the theoretical concepts outlined
in earlier sections and their practical application. It also explains the procedure
followed in integrating the existing modules into a single dashboard. The aim is
to translate design principles, methodologies, and conceptual frameworks into a
working solution that addresses the research objectives.
Here the step-by-step process of implementing the system, including the tools,

technologies, and platforms used is discussed. Also, the system architecture, database
design, user interface development will be explained. This chapter also demonstrates
how theoretical concepts are used to create a functional system that meets the needs
of the end users.

5.1 System Architecture

Diagram 5.1 represents a three-layered system architecture designed to support
Learning Analytics (LA) and personalized tutoring actions. The system is divided
into three main layers: Presentation Layer, Application Layer, and Data Layer.
Each layer has specific components that interact to provide a seamless user experi-
ence while leveraging Learning Analytics to support decision-making.

1. Presentation Layer
The Presentation Layer is responsible for the user interface(UI) and interaction with
the system. It is concerned mainly about the display of data and visualizations to
users such as students, tutors, or administrators. Key tasks of this layer are it sends
HTTP requests to the Application Layer to fetch data. Then receives responses
in JSON format, which are then processed and displayed visually using charts and
graphs. It also ensures that users can easily interact with the system and access
relevant information through a user-friendly interface.

2. Application Layer
The Application Layer is the core processing unit of the system. It manages user
authentication, processes Learning Analytics data, and provides personalized sup-
port through various tools. The green color rectangle in the figure 5.1 shows the
modules that were part of the ARC Tutoring Workbench.
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Figure 5.1: Proposed System Architecture

Key Components:

• Register/Login: This component handles user authentication and tracks user
activity within the system. It ensures that only authenticated users can access
the system’s features.

• Descriptive Learning Analytics (LA): This component provides insights into
past events by summarizing student performance, engagement levels, and other
historical data.

• Diagnostic Learning Analytics (LA): This component analyzes patterns in stu-
dent behavior and performance to identify reasons behind specific learning
outcomes (e.g., why a student is under-performing).

• Predictive Learning Analytics (LA): This component forecasts future learning
outcomes based on historical data, helping tutors identify at-risk students or
predict future trends in student performance.

• Chat-bot: A conversational agent that interacts with users in real-time, an-
swering queries, providing guidance, and offering personalized feedback based
on Learning Analytics data.

• Time Management Tool: This tool helps students manage their time effec-
tively by providing reminders, tracking deadlines, and suggesting optimal
study schedules based on their learning patterns.

The Application Layer handles requests received from the Presentation Layer and
communicates with the Data Layer to retrieve or store data.
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3. Data Layer
The Data Layer is responsible for managing all data storage and retrieval operations.
It ensures that data is securely stored and efficiently accessed when needed by the
Application Layer.
Key Components involved are the TUC server and the MySQL database. The

TUC server has student performance related data that can be accessed by the Ap-
plication Layer for analysis or reporting. For the sake of backup when the server is
down, this student performance data is stored in the excel sheets and used as input
source. Extract, Transform, Load (ETL) operations are performed on the data ob-
tained from the input. First data is extracted from the source. It is then cleansed
and transformed into the required format. Finally, it was stored in the database
required for the elements of the dashboard.
The Application Layer communicates with the Data Layer to fetch or store data.

Requests for ONYX Data (ONYX is a test-suite and it has students performance
related data) are processed here before being sent back to the Application Layer.

Flow of data in the architecture diagram 5.1
1. Users interact with the system via the Presentation Layer by sending HTTP
requests.
2. These requests are processed by the Application Layer, where various Learning
Analytics tools (Descriptive LA, Diagnostic LA, Predictive LA) analyze the data.
3. The Application Layer retrieves necessary data from the MySQL Database or
TUC Server in the Data Layer.
4. After processing, results are sent back to the Presentation Layer as JSON re-
sponses, which are then displayed visually to the users.

This architecture efficiently integrates Learning Analytics tools with user interac-
tion components such as chatbots and time management tools. By dividing respon-
sibilities across three layers(Presentation, Application, and Data layers) the system
ensures scalability, security, and ease of use while providing valuable insights into
student performance and engagement.

5.2 Data Preparation

Data from the TUC Server is provided as input. Can connect to this server only
through VPN when outside the university network. When the server is down, for
the sake of backup, this data is stored in the excel file. Different sheets for different
types of data. This input data is masked to maintain data privacy. This input data
needs to be cleansed. USed python as programming language in Visual Studio code
IDE to pre-process the given input data. Anomalies such as null values, unnecessary
characters were removed and then stored in the MySQL database. This database
server is a computer within the campus network that is accessible to all authorized
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users with their application. In this way, Extract, Transform and Load operations
were carried-on on the given input data.
The data preparation process is a critical step in ensuring that the input data is

clean, accurate, and ready for analysis. In this project, data from the TUC Server
serves as the primary input source. The TUC Server contains various types of data
essential for Learning Analytics (LA) and is accessible only through a secure VPN
connection when outside the university network. To ensure continuous access to the
data, especially when the server is down or unavailable, a backup system has been
implemented using Excel files. These files are structured with different sheets for
different types of data, providing a well-organized fallback solution.

Data Privacy and Masking
Given the sensitive nature of the input data, privacy is a top priority. The input
data is masked to maintain compliance with data privacy regulations such as the
General Data Protection Regulation (GDPR) [97]. Masking ensures that personally
identifiable information (PII) is protected throughout the data handling process.
The same can be seen in the below screenshot of the masked input data 5.2.

Figure 5.2: Screenshot showing example masked input data

Data Cleansing and Pre-processing
The raw input data from both the TUC Server and Excel backups often contains
anomalies such as null values, unnecessary characters, and other inconsistencies that
could affect subsequent analysis [98]. To address these issues, a comprehensive data
cleansing process was carried out using Python as the programming language within
the Visual Studio Code IDE. Python’s robust libraries such as Pandas and NumPy
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were employed to handle missing values, remove unwanted characters, and stan-
dardize formats across different datasets.

The key steps in the pre-processing phase included:

• Handling Missing Values: Null values were identified and either filled with ap-
propriate default values or removed, depending on their impact on the dataset
[98].

• Removing Unnecessary Characters: Any extraneous characters or symbols
that could interfere with data analysis were stripped from the dataset.

• Data Standardization: Formats across different datasets were standardized to
ensure consistency in further processing stages.

Once cleaned, the preprocessed data was stored in a MySQL database, which serves
as a centralized repository for all subsequent analyses [99].

Excel vs MySQL Database
The table 5.2, provides a comparison between Excel and MySQL databases based
on several key factors, highlighting their respective advantages and disadvantages.

Table 5.1: Comparison of Excel and MySQL
Criteria Excel MySQL
Data Volume
Handling

Well-suited for small to
medium datasets (up to
1 million rows per sheet).
Performance decreases as
the datasets grow [100].

Optimized for large
datasets, capable of man-
aging millions of rows
efficiently. Ideal for large-
scale applications without
significant performance loss
[101].

Data In-
tegrity and
Security

Basic password protection is
available but lacks advanced
security features like en-
cryption or user-level access
control. Prone to data cor-
ruption when used in multi-
user environments [101].

Provides robust security
features such as encryption,
user authentication, and
role-based access control.
Ensures data integrity in
multi-user environments
[102].
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Collaboration
and Multi-
User Access

Limited real-time collabora-
tion support. Cloud-based
versions like Excel Online
offer basic collaboration fea-
tures but are limited in si-
multaneous editing [101].

Supports real-time multi-
user access with strong con-
currency controls. Suit-
able for collaborative en-
vironments where multiple
users require real-time data
access [102].

Querying
Capabilities

Basic querying options
available through built-in
functions (e.g., VLOOKUP,
Pivot-tables). Not designed
for complex queries involv-
ing multiple datasets or
tables [102].

Supports advanced query-
ing using SQL (Structured
Query Language). Effi-
cient indexing and complex
queries across multiple ta-
bles are supported [102].

Automation
and Integra-
tion

Offers basic automation
through macros (VBA), but
scalability is limited. Re-
quires third-party tools for
more advanced integration
with other systems [100].

Provides advanced au-
tomation options through
stored procedures and
triggers. Seamlessly inte-
grates with programming
languages (Python, Java)
and analytics platforms
[102].

Database Setup and Accessibility
The MySQL database server is hosted on a computer within the university campus
network, ensuring secure access for all authorized users [99]. Access to this database
is restricted to users who have been granted permission through their application
credentials. This setup guarantees that only authorized personnel can interact with
the stored data while maintaining security protocols.

Extract, Transform, Load (ETL) Process
The entire workflow follows an Extract, Transform, Load (ETL) process. First the
data is extracted from either the TUC Server or Excel backup files. As part of
the Transform step, the extracted data undergoes transformation through cleansing
operations such as handling missing values, removing unnecessary characters, and
standardizing formats. Finally in the Load step, the transformed data is loaded into
the MySQL database for further analysis [103].
This ETL process ensures that all input data is consistently prepared and stored

in a structured format that can be easily accessed for subsequent reporting and
analysis.
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Further Analysis and Reporting
Once stored in the MySQL database, the cleaned and structured data becomes
available for further analysis using Learning Analytics tools. This includes gen-
erating reports on student performance, engagement levels, and other key metrics
that support decision-making processes within educational environments [98]. By
implementing this rigorous data preparation process, we ensure that all input data
is reliable, secure, and ready for meaningful analysis.

5.3 Technologies and Tools

The Technologies and Tools section provides a comprehensive overview of the key
technologies used in the development of the project. This section covers various tools
and programming languages that were essential for building the system, including
the IDE used for development.

5.3.1 IDE Used

In this project, Visual Studio Code (VS Code) was utilized as the Integrated Devel-
opment Environment (IDE) for developing and running the application. VS Code,
developed by Microsoft, is a lightweight yet powerful IDE that supports a wide
range of programming languages and frameworks, making it highly versatile for
modern software development. Its modular architecture allows developers to extend
its functionality through various plugins and extensions, which significantly enhance
productivity [104].
VS Code provides features such as syntax highlighting, intelligent code comple-

tion, debugging tools, and version control integration (e.g., Git), all of which stream-
line the development process. The IDE also supports multiple programming lan-
guages, including Python, JavaScript, and C++, making it an ideal choice for multi-
language projects. Moreover, VS Code’s seamless integration with cloud platforms
like Azure enables developers to deploy applications directly from the development
environment, further accelerating the deployment process [105].
One of the key reasons for choosing VS Code in this project was its strong support

for Python development. With extensions like Python for VS Code, developers can
easily manage virtual environments, run scripts, and debug Python code efficiently.
Additionally, its built-in terminal allows developers to execute commands without
leaving the IDE, improving workflow efficiency [106].
In summary, Visual Studio Code was selected due to its rich feature set, ease of

use, and extensive plugin ecosystem that supports a wide variety of programming
languages and technologies. Its ability to integrate with cloud services and version
control systems makes it an indispensable tool for modern software development.
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5.3.2 Python as Programming Language

In this project, Python was selected as the primary programming language due to its
robust ecosystem of libraries that facilitate efficient data handling and processing.
Several Python libraries were employed to streamline the data preparation process.
For instance, Pandas and NumPy were used for data manipulation and numerical
computations, respectively. These libraries provide powerful tools to handle large
datasets, perform complex calculations, and ensure efficient data transformation
[107].
The ”pathlib” library was utilized to navigate through file directories and ac-

cess input files stored in different locations. This library offers an object-oriented
approach to file system paths, making it easier to manage file operations across dif-
ferent platforms [108]. Additionally, the ”re” library was used for regular expression
operations, which helped identify and extract patterns from the input data. This
was particularly useful for cleaning and validating the data by removing unwanted
characters or formatting inconsistencies.
For building the web interface and handling HTTP requests, ”Flask”, a lightweight

web framework, was employed. Flask is known for its simplicity and flexibility,
making it ideal for developing small to medium-sized applications that require min-
imal overhead [109]. Furthermore, other libraries such as ”Seaborn” were used for
data visualization, providing high-level interfaces for creating informative statistical
graphics [110].
The integration of these libraries into the development environment was facilitated

by Visual Studio Code (VS Code), a powerful Integrated Development Environment
(IDE) that supports Python development through various extensions. VS Code’s
built-in terminal allowed seamless execution of Python scripts, while its debugging
tools helped identify and resolve issues during the development process [105].

5.3.3 Flask

Flask is a lightweight and flexible web framework for Python, designed to build web
applications quickly and efficiently. Despite its simplicity, Flask is highly versatile
and can be extended with various plugins and libraries to meet the needs of complex
applications [111].

Key Features of Flask:
1. Minimalistic Design:
Flask follows a minimalist approach, providing only the essential tools required to
build web applications, such as routing, request handling, and templating. This de-
sign philosophy allows developers to choose specific components and libraries based
on their project requirements, without being forced into a particular development
structure. The flexibility provided by Flask is one of its biggest advantages, as
it allows developers to build applications that are tailored to their needs without
unnecessary overhead [112].
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2. Routing System:
One of the core features of Flask is its simple routing mechanism. Developers can de-
fine URL routes using Python decorators, which link specific URLs to corresponding
functions in the application. This makes it easy to handle different HTTP methods
(GET, POST, PUT, DELETE) and create dynamic web pages that respond to user
input [112].

3. Templating System:
Flask uses Jinja2, a powerful templating engine that allows developers to embed
Python code within HTML files. This feature makes it easier to separate the pre-
sentation layer from the application logic, leading to cleaner and more maintain-
able codebases. Jinja2 also supports template inheritance, which helps in creating
reusable templates across different pages of an application [112].

4. Extensibility:
Although Flask is minimal out-of-the-box, it is highly extensible through third-
party libraries and plugins. Developers can easily add functionality such as database
integration (e.g., SQLAlchemy), authentication systems (e.g., Flask-Login), or form
handling (e.g., WTForms). This modularity allows developers to pick and choose
the tools they need while keeping the application lightweight [112].

5. Built-in Development Server:
Flask comes with a built-in development server that allows developers to test their
applications locally during development. The server automatically reloads when
code changes are detected, making the development process more efficient by elimi-
nating the need for manual restarts [112].

6. Error Handling and Debugging:
Flask provides robust error handling mechanisms and includes an interactive de-
bugger that helps developers identify and fix issues quickly. When an error occurs
during development, Flask displays detailed error messages along with a stack trace,
making it easier to pinpoint the source of the problem [111, 112].

7. RESTful API Support:
Flask is well-suited for building RESTful APIs due to its simplicity and flexibility
in handling HTTP requests and responses. Developers can easily create APIs that
serve JSON data or interact with external services using Flask’s request handling
capabilities [112].

Use Cases of Flask
Flask is widely used in various domains due to its adaptability and ease of use.
Due to its minimal setup requirements, Flask is often used for prototyping web
applications or APIs before scaling them into larger projects. Its lightweight nature
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makes Flask ideal for building micro-services that perform specific tasks within larger
systems [112].
With support for numerous data science libraries like Pandas and NumPy, Flask is

often used in data-driven applications that require integration with machine learning
models or data visualization tools. The framework’s simplicity makes it a popular
choice for educational purposes where students are learning web development con-
cepts [112].
In summary, Flask provides a flexible yet powerful platform for developing web

applications in Python. Its minimalist design philosophy gives developers complete
control over their projects while offering extensive customization through third-party
extensions. Whether building simple websites or complex APIs, Flask’s ease of use
combined with its scalability makes it a go-to choice for many developers [112].

5.3.4 Blueprints

Flask Blueprints are an essential feature of the Flask framework that allow develop-
ers to structure and organize their web applications in a modular way. Blueprints
enable the creation of reusable components, which can be integrated into a larger
application without duplicating code. This modular approach is particularly useful
when building complex applications, such as dashboards that require the integration
of multiple functionalities or microservices into a single cohesive interface [111].
In the context of integrating different applications into one dashboard, Flask

Blueprints provide a scalable solution. Each application or module can be developed
independently as a blueprint, with its own routes, templates, static files, and logic.
Once these blueprints are created, they can be registered to the main Flask applica-
tion, allowing all modules to coexist within a single dashboard. This approach not
only promotes code re-usability but also simplifies maintenance and updates, as in-
dividual components can be modified without affecting the entire system [111, 112].
For example, in a dashboard that integrates multiple data sources or services

(such as user management, data visualization, and reporting), each service can be
encapsulated within its own blueprint. The user management module might handle
authentication and user roles, while the data visualization module could focus on
rendering charts and graphs using libraries like Seaborn or Matplotlib. By separating
these concerns into blueprints, developers can maintain clear boundaries between
different parts of the application while still allowing them to interact seamlessly
within the dashboard [113, 112].
Flask Blueprints also support URL prefixing, which allows each module to have

its own distinct URL path. This feature is particularly useful when integrating
multiple applications into one dashboard because it ensures that routes from different
blueprints do not conflict with each other. For instance, the user management
module could have routes prefixed with ’/auth’, while the data visualization module
could have routes prefixed with ’/charts’. This makes it easier to manage routing
and ensures that each component remains isolated from others [111, 112].
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Another advantage of using Flask Blueprints is that they facilitate team collabo-
ration. In larger projects where multiple developers are working on different parts
of an application, each team member can focus on developing a specific blueprint
without worrying about conflicts in other parts of the system. Once all blueprints
are complete, they can be easily integrated into the main application by registering
them with the Flask app object [112]. As a summary, Flask Blueprints provide a
powerful mechanism for integrating multiple applications or services into a single
dashboard. By promoting modularity, reusability, and maintainability, they sim-
plify the development process and ensure that complex applications remain scalable
and easy to manage.

5.3.5 Virtual Environments

In Python, virtual environments provide a way to create isolated spaces for manag-
ing project-specific dependencies. This allows developers to install and use packages
and libraries unique to each project, without affecting the global Python environ-
ment or other projects. By using virtual environments, developers can ensure that
the package versions required for one project remain separate from those used in an-
other. This is especially beneficial when working on multiple projects with differing
dependency requirements [114].
The venv module, included in Python’s standard library, is commonly used to cre-

ate virtual environments. It allows developers to install specific versions of packages
required for a project without affecting the system-wide Python installation. For
instance, a project might require Flask 1.1.2, while another project might need Flask
2.0.0—virtual environments make it possible to use both versions simultaneously in
separate environments [114].
Once a virtual environment is activated, any package installed using pip (Python’s

package installer) will be isolated to that environment. This setup provides flexibility
and control over package management and ensures that projects remain stable and
reproducible over time [115].
Virtual environments are especially useful in collaborative settings where different

team members may be using different operating systems or package versions. By
sharing the configuration file (e.g., requirements.txt), all team members can recreate
the same environment on their local machines [114].

5.3.6 Node Package Manager (NPM)

The Node Package Manager (NPM) is an essential tool within the JavaScript ecosys-
tem, specifically designed for managing and distributing packages in Node.js appli-
cations. As the default package manager for Node.js, NPM enables developers to
efficiently install, update, and handle the dependencies needed for their projects.
It plays a vital role in modern web development by offering access to an extensive
library of reusable code modules, which can be seamlessly integrated into applica-
tions. This not only speeds up the development process but also enhances code
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quality [116].
When used alongside Python frameworks like Flask, NPM helps in managing

front-end dependencies such as JavaScript libraries and CSS frameworks that com-
plement back-end services built using Flask. For instance, in a Flask-based web ap-
plication, developers may use NPM to install front-end libraries like React, Vue.js,
or Bootstrap to enhance user interfaces. This integration allows Flask to handle
the back-end logic, while NPM manages the client-side dependencies, ensuring a
seamless full-stack development experience [117].
One of the primary advantages of NPM is its ability to manage version control for

packages, ensuring that projects are not disrupted by updates or changes in external
libraries. Developers can specify exact versions of packages in the package.json file,
which NPM uses to install the correct versions during deployment or when setting
up new environments. This feature is crucial when working on applications that
require stability across different environments [118].
Additionally, NPM’s modular approach promotes code reuse and maintainability

by allowing developers to break down complex applications into smaller, manageable
components. These components can be reused across various projects or shared with
the broader developer community through the NPM registry. This modularity is
particularly beneficial when building scalable web applications that need to integrate
multiple services or microservices [119].
In conclusion, NPM is a vital tool for managing front-end dependencies along-

side back-end frameworks such as Flask. Its capabilities in handling package man-
agement, version control, and modularity make it a cornerstone of contemporary
full-stack development workflows [120].

5.3.7 React JS

ReactJS is a popular JavaScript library used for building dynamic user interfaces,
particularly in single-page applications (SPAs). In this project, ReactJS was utilized
for the frontend, while Flask and Python managed the backend. React’s component-
based architecture allows developers to create reusable UI components, making the
code more modular and maintainable. This approach enhances scalability, especially
in large applications [112].
One of React’s key features is its virtual DOM, which updates only the parts of

the UI that change, leading to faster rendering and a smoother user experience [121].
This makes ReactJS ideal for applications requiring frequent updates or real-time
data.
On the back-end, Flask was used to build RESTful APIs that interact with

Python logic. These APIs are consumed by ReactJS using libraries like Axios
or JavaScript’s fetch API, allowing dynamic updates based on user interactions.
Flask’s lightweight nature complements React’s flexibility, creating a seamless full-
stack development experience [112].Combining ReactJS for front-end development
with Flask and Python for back-end services provides a scalable and efficient solution
for modern web applications [122].
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This section outlines the critical technologies and tools that were integral to the
successful development of the project. By leveraging Python and Flask for back-end
development, along with ReactJS and NPM for front-end management, the system
was built to be scalable and maintainable. The use of blueprints ensured modularity,
while virtual environments helped manage dependencies efficiently. Together, these
technologies contributed to a robust and flexible architecture that supports both
back-end functionality and a seamless user experience.

5.4 User Interface Design

Data Exchange Between Available Components in the Front-End
In this project, ReactJS was used for the front-end development, while Flask and
Python handled the back-end. ReactJS, being a component-based library, allows
efficient data exchange between components using props and state. Props are used
to pass data from parent components to child components, while state manages
local data within components. This modular architecture ensures that data flows
seamlessly between different parts of the application [123].
For communication with the back-end, Axios or JavaScript’s native fetch API

was used to send HTTP requests to Flask’s RESTful APIs. Flask processes these
requests on the server-side and returns the necessary data, which is then rendered
dynamically by ReactJS components. This integration allows for real-time updates
and smooth interaction between the front-end and back-end systems [123].

Applying User Experience (UX) Principles for an Intuitive Interface
Several key User Experience (UX) principles were applied to ensure that the interface
is intuitive and user-friendly:

• Simplicity: The interface design follows a minimalistic approach, ensuring that
users can navigate effortlessly without being overwhelmed by unnecessary ele-
ments. Clear navigation menus and call-to-action buttons guide users through
the application efficiently.

• Consistency: Consistent use of colors, typography, and layout across different
sections of the application provides a cohesive experience. This consistency
helps users predict how elements will behave, reducing cognitive load.

• Responsiveness: The interface was designed to be responsive across different
devices, ensuring optimal usability on desktops, tablets, and mobile phones.

• Visual Hierarchy: Important actions such as submitting forms or saving set-
tings are highlighted using bold colors and larger buttons to ensure users can
easily identify key actions [124].

• Feedback Mechanisms: Feedback mechanisms such as loading indicators and
success/error messages were integrated into the interface to provide real-time
feedback on user actions (e.g., form submissions or data loading).
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Figure 5.3: Folder structure of the code files of the integrated components

By applying these UX principles alongside robust front-end technologies like Re-
actJS and NPM, we were able to create an interface that is not only functional but
also intuitive for users.

5.5 Learning Analytics Integration

As part of my master’s thesis, I focused on the development and integration of var-
ious modules into a unified system known as the ARC Tutoring Workbench. This
workbench serves as a comprehensive platform for both students and instructors,
providing real-time insights into student performance and engagement through var-
ious Learning Analytics (LA) functionalities. The key modules developed include
Descriptive LA, Diagnostic LA and the Predictive LA.
Each of these components was developed as an individual module to ensure mod-

ularity, scalability, and ease of integration. The modular approach allows each com-
ponent to function independently while still contributing to the overall functionality
of the ARC Tutoring Workbench. Example folder structure of the code files is shown
in the figure 5.3.
Majority of the modules are developed using Flask and Python for the backend,

70



5 Implementation

and ReactJS and NPM for the frontend. These technologies were chosen due to their
flexibility, ease of use, and compatibility with modern web development practices.
The only exception was the Predictive LA module, which was initially developed

using C# and MVC .Net technologies. However, due to incompatibility with Flask’s
Blueprint architecture—used across all other modules—I re-implemented this mod-
ule using Python and Flask to ensure consistency across the entire system.

Predictive Learning Analytics (Re-Implementation)
The input data for the Predictive LA module was provided in Excel sheets. This
data underwent pre-processing using Python libraries such as Pandas, after which
it was stored in a MySQL database. The relevant database tables include Student,
Semester, Student Test Data, Formative Data, Topic, and Student Topic. These
tables store essential student data such as test scores, semester details, and topics
selected by students. Below, I will outline the detailed implementation procedure,
including the mathematical models and formulas used to predict student scores for
presentations and reports.

Multiple Linear Regression (MLR) Model
The Multiple Linear Regression (MLR) model is used to predict a dependent vari-
able (e.g., student performance) based on multiple independent variables (e.g., test
scores). The general formula for MLR is:

y = a+ b1x1 + b2x2 + b3x3 + ....bnxn + e (5.1)

where,

• y is the predicted score,

• a is the intercept,

• b1, b2, ....bn are the coefficients for independent variables x1, x2, ...xn,

• e is the mean square error.

In this context, the independent variables used for prediction are ARS scores, Self-
Test scores, and Topic Recommender scores. Each time a student completes an ARS
test or Self-Test, their scores are stored in the database for future use in predictions.
In this study, predictions are done using two models: one for calculating presen-

tation score prediction, another for report score prediction. The presentation score
prediction and the report score prediction are used to predict the overall score.
These ARS test and Self-test scores are used in calculating the presentation score,
report score, and overall score.

Presentation Prediction Model:
The formula for predicting a student’s presentation score (yppt) is:

yppt = (b1 ∗ xars ppt) + (b2 ∗ xst ppt)+

(b3 ∗ xtr) + e
(5.2)
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Where:
- xars ppt is the normalized ARS presentation score,
- xself test ppt is the normalized self-test presentation score,
- xtr is the normalized Topic Recommender score

The independent variables are normalized by calculating percentages based on
achieved and maximum possible scores. In the equation 5.2, the terms xars ppt,
xst ppt and xtr are calculated using the following formulae:

xars ppt =
xars ppt achieved score

xars ppt max score

∗ 100 (5.3)

xst ppt =
xst ppt achieved score

xst ppt max score

∗ 100 (5.4)

xtr =
xtopic recommender achieved score

xtopic recommender max score

∗ 100 (5.5)

xars ppt achieved score = (ars search achieved score+

ars discussion achieved score+ ars ppt achieved score)
(5.6)

xars ppt max score = (ars search max score+

ars discussion max score+ ars ppt max score)
(5.7)

xst ppt achieved score = (st search achieved score+

st discussion achieved score+ st ppt achieved score)
(5.8)

xst ppt max score = (st search max score+

st discussion max score+ st ppt max score)
(5.9)

xars ppt achieved score is the points obtained in the ars search, ars discussion and the
ars presentation modules. Where as the xars ppt max score is the sum of the maximum
scores possible in the modules search, discussion and presentation. xars ppt is the
variable containing the percentage obtained in presentation module of the ars test.
These variables calculations are shown in the equations 5.3, 5.6, 5.7.
Similarly, xst ppt variable in the equation 5.4, is calculated using the equations 5.8

and 5.9. Here the achieved scores and the maximum scores of the modules search,
discussion and the presentation related to the self-test are considered.

Report Prediction Model:
The formula for predicting a student’s presentation score (yppt) is:
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yreport = (b1 ∗ xars report) + (b2 ∗ xst report)+

(b3 ∗ xtr) + e
(5.10)

where:
- xars ppt is the normalized ARS presentation score,
- xself test ppt is the normalized self-test presentation score,
- xtr is the normalized Topic Recommender score

In the equation 5.10, the terms xars report, xst report and xtr are calculated using
the following formulae:

xars report =
xars report achieved score

xars report max score

∗ 100 (5.11)

xst report =
xst report achieved score

xst report max score

∗ 100 (5.12)

xtr =
xtopic recommender achieved score

xtopic recommender max score

∗ 100 (5.13)

xars report achieved score = (ars search achieved score+

ars discussion achieved score+ ars report achieved score)
(5.14)

xars report max score = (ars search max score+

ars discussion max score+ ars report max score)
(5.15)

xst report achieved score = (st search achieved score+

st discussion achieved score+ st report achieved score)
(5.16)

xst report max score = (st search max score+

st discussion max score+ st report max score)
(5.17)

xars report achieved score is the points obtained in the ars search, ars discussion and
the ars report modules. Where as the xars report max score is the sum of the maximum
scores possible in the modules search, discussion and report. xars report is the variable
containing the percentage obtained in report module of the ars test. These variables
calculations are shown in the equations 5.14, 5.15, 5.11 respectively.
The equations 5.5, 5.13 are same. So the variable, xtr is calculated only once

and used in both the equations 5.2 and 5.10. Calculation of xtr variable is clearly
explained in the equations 5.18, 5.19 and 5.20.
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In the courses like Hauptseminar in the Automotive Software Engineering branch,
students must select a topic from a list of available topics. Students have to do
research on the selected topic and then finally write a report and present their
work. To assist students in choosing topics aligned with their interests, a quiz called
Topic Recommender is provided [43]. When students complete this quiz, their scores
are stored in the database.

xtr achieved score =
17∑
i=1

(points achieved for taski ∗ weight of taski) (5.18)

xtr max score =
17∑
i=1

weight of tasksi (5.19)

xtr score for topic i =
xtr achieved score for topic i

xtr max score for topic i

∗ 100 (5.20)

The Topic Recommender score is calculated by assigning marks to each option
based on the options selected by the student during the quiz. The max marks for
each question is ’1’. Each option is awarded the mark of ’0.33’. So based on the
options chosen, the score for that particular question is calculated. Topics have mod-
ules and each module has a predefined weight in calculating the topic recommender
score. Score obtained for each question is multiplied with the corresponding mod-
ule’s weight as shown in the equation 5.18.
The maximum score that can be achieved for each question is ’1’. When this ’1’ is

multiplied by the corresponding weights, the maximum score that can be obtained is
the weight of the module itself. So the maximum possible score for topic recommnder
is sum of the weights and its calculation is shown in the equation 5.19.
Score for each topic is obtained by taking the percentage between the variables

xtr achieved score and the xtr max score. This calculation is shown in the equation 5.20.
After calculating the percentage scores of each topic, the top five topics with

the highest percentages are then suggested to the student. Along with the future
percentage prediction, the task of recommending top five topics to students is also
done.
But in the percentage prediction process, the percentage obtained for the topic

selected by the student is only considered. All the other topic scores were omitted
for future percentage prediction.
In this way, the ARS score, the Self-Test score, and the Topic-Recommender

score—serve as independent variables in the MLR algorithm used to predict future
performance.

Equation for final score prediction:
By the above mentioned formulae in the equations, 5.2 and 5.10 the variable yoverall
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is calculated. As shown in the equation 5.21 yoverall is the average of the variables
yppt and the yreport.

yoverall = avg(yppt + yreport) (5.21)

Using the above mentioned formulae for each student - presentation, report and
overall scores were predicted and presented.

Training Data
To train the MLR models effectively, a training dataset was provided containing
historical data on student performance across multiple semesters and tests. This
dataset allowed me to fine-tune the model before applying it to real-time prediction
tasks within ARC Tutoring Workbench.

Integration into ARC Tutoring Workbench
As part of this research work, all modules were integrated into a single dashboard
called the ARC Tutoring Workbench. For seamless integration, each module was
registered as a Flask blueprint, ensuring modularity while allowing them to func-
tion cohesively within the larger system architecture. The user interface (UI) was
designed using ReactJS to provide an interactive experience for both students and
tutors. React’s component-based architecture allowed me to create reusable UI ele-
ments such as charts, graphs, and forms that dynamically update based on real-time
data from Flask APIs.
In conclusion, this research work demonstrates how various Learning Analytics

modules can be integrated into one cohesive system—the ARC Tutoring Work-
bench—using modern web development technologies like Python/Flask for backend
logic and ReactJS/NPM for frontend design. By combining descriptive, diagnos-
tic, and predictive analytics into one platform alongside additional functionalities
like chatbots and time management tools, this workbench provides comprehensive
support for both students and instructors.
The modular design ensures scalability while maintaining flexibility through Flask

blueprints—allowing future enhancements without disrupting existing functionali-
ties—and React’s dynamic UI ensures an intuitive user experience across all devices

5.6 Data management

In this project, MySQL was used as the primary database for storing and managing
preprocessed data. The database consists of a total of eight tables, each serving a
specific functionality within the system. These tables are designed to handle various
aspects of user management, learning analytics, and student performance tracking.
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5.6.1 User and Session Management

The Users and Sessions tables store information related to user authentication and
session handling. When a new user registers on the dashboard, their information,
such as username, email, and password (encrypted), is stored in the Users table. The
Sessions table is responsible for managing active sessions by storing session-related
data such as the user’s email ID, session ID, and expiration time. This structure
ensures that user login and session management are handled securely and efficiently.

5.6.2 Learning Analytics Data

For the learning analytics functionality, which includes Descriptive, Diagnostic, and
Predictive analytics, several tables are used to store student-related data. These
include:
Students: Stores personal information about each student.
Semester: Contains data about the list of semesters.
Topic: Stores information about the list of available topics.
Student Topic: Contains the information about the topics selected by the stu-
dents.
TR Data, Formative Data, and Student Test Data: These tables store data
about student performance, including formative assessments and test scores.
All personal data stored in these tables is masked to ensure compliance with pri-
vacy regulations such as GDPR. This ensures that sensitive information is protected
while still allowing for meaningful analysis of student performance.

5.6.3 Data Integration

To perform learning analytics effectively, required tables are merged based on com-
mon columns that serve as primary keys. For example, student IDs are used to link
tables like Students, Student Topic, and Formative Data, enabling comprehensive
analysis across multiple datasets.

Additional Functionalities
A separate local database is used for the ”time management tool” functionality,
which was implemented by another team member. This tool operates independently
of the main MySQL database but integrates with it when necessary.
This structured approach to data management ensures that all functionalities—user

management, learning analytics, and additional tools—are efficiently handled while
maintaining data security and integrity.

5.6.4 Data exchange between front-end and back-end

The communication between the frontend and the backend components is facilitated
through RESTful APIs, which allow for seamless data exchange between the client-
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side (ReactJS) and the server-side (Flask/Python). Here’s a detailed explanation of
how this communication works:

1. Frontend (ReactJS and NPM)
The ReactJS frontend interacts with the backend by making HTTP requests to
Flask’s RESTful APIs. These requests are typically made using JavaScript libraries
such as Axios or the native Fetch API. React components send requests to the
backend to either retrieve data from the MySQL database or send new data to be
stored.
For example, when a user submits a form (e.g., registration), React captures the

input data and sends it to Flask via a POST request. Similarly, when displaying
data (e.g., student performance), React makes a GET request to fetch the relevant
information from the backend.

2. Backend (Python and Flask)
On the backend, Flask handles these HTTP requests and processes them using
Python logic. Flask routes are defined to handle different types of requests (GET,
POST, PUT, DELETE) based on the needs of the application. For instance:
- A GET request from React might trigger Flask to query specific tables in the
MySQL database (e.g., fetching student scores).
- A POST request might involve inserting new user registration details into the
MySQL database.
Flask connects to the MySQL database using libraries like SQLAlchemy or PyMySQL,
which allow for executing SQL queries in Python. The data retrieved from MySQL
is then processed and sent back to React in JSON format.

3. Database (MySQL)
The MySQL database stores all persistent data, such as user information, student
performance records, and session data. When Flask receives a request from Re-
act, it interacts with MySQL by executing SQL queries to either retrieve or up-
date information. For example, in response to a GET request from React, Flask
might query tables like Students, Formative Data, or Sessions to retrieve relevant
records.Whereas for a POST request, Flask may insert new rows into tables like
Users or Student Topic.

4. Data Flow
The entire process follows this flow:

• The user interacts with the ReactJS front-end.

• React sends an HTTP request (GET/POST) to Flask via Axios or Fetch API.

• Flask processes the request and interacts with MySQL to fetch or update data.

• The response is sent back from Flask to React in JSON format.
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• React updates the UI based on the received data.

This architecture ensures smooth communication between the front-end and back-
end while maintaining data integrity in MySQL.
The Data Management section provides a comprehensive overview of how data

is handled throughout the system. It covers User and Session Management, detail-
ing how user information and session data are securely stored and managed. The
Learning Analytics Data subsection explains the management of student data, in-
cluding performance metrics and course selections. Data Integration focuses on how
different tables are merged using primary keys to enable seamless analysis. Finally,
the section on Data Exchange between Front-end and Back-end highlights the com-
munication between ReactJS (front-end) and Flask/Python (back-end), ensuring
efficient data flow between the user interface and the MySQL database.
Finally, the Implementation chapter provides a detailed breakdown of the tech-

nologies, tools, and methodologies used to develop the system. It begins by outlining
the System Architecture and Data Preparation processes, which lay the foundation
for the subsequent sections. The chapter then delves into the various technolo-
gies employed, including Python and Flask for back-end development, ReactJS for
front-end development, and tools like Node Package Manager (NPM) and Virtual
Environments for managing dependencies. User Interface Design section highlights
how UX principles were applied to create an intuitive interface. The chapter also
covers the integration of Learning Analytics, as well as comprehensive data man-
agement strategies, including user session management and learning analytics data
handling. Overall, this chapter demonstrates how these technologies were integrated
to build a robust, scalable system that supports both back-end functionality and a
seamless user experience.
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The Results and Evaluation chapter provides a detailed analysis of the performance
and usability of the ARC Tutoring Workbench. This chapter presents the outcomes
of the predictive models developed using Multiple Linear Regression (MLR) to fore-
cast student performance in both presentation and report scores. The results are
visualized through 3D scatter plots, comparing actual data with predicted values
for both training and test datasets. Additionally, this chapter evaluates the dash-
board’s effectiveness based on feedback collected from both students and tutors who
interacted with the system.
The evaluation section focuses on gathering insights from users regarding the User

Experience (UX) design, ease of navigation, clarity of visualizations, and overall
usefulness of the dashboard in supporting academic progress. By analyzing these
results, we aim to assess how well the ARC Tutoring Workbench meets its objectives
of improving student learning outcomes and aiding instructors in monitoring and
intervening in student performance.
In this chapter, we will first present the results obtained from the MLR algorithm

for predicting presentation and report scores, followed by an evaluation of user
feedback to understand the practical impact of the dashboard on both students and
tutors.

6.1 Results

This Results section is divided into different sections for explaining how various com-
ponents are integrated in the different layers. For example, how are the Descriptive,
Diagnostic LA, Predictive LA, Chatbot, Time Management tool are integrated in
the Presentation layer, then integration of components in the Application layer and
finally the integration in the Data layer are discussed. These arechitectural views
are displayed in the figure 6.1. This a common figure for all the layers(Presentation,
Application and Data layers).
In the later part of this section, the results obtained in the Predictive LA re-

implementation in terms of presentation prediction and report prediction were also
discussed.

6.1.1 Integration of components in Presentation layer

The Presentation Layer in the architecture diagram 6.2, plays a critical role in
enabling user interaction with the ARC Tutoring Workbench. It acts as the interface
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Figure 6.1: Different architectural views in each layer

where students and tutors access various functionalities like Descriptive, Diagnostic,
and Predictive Learning Analytics (LA), the Chatbot, and the Time Management
Tool. Below, we explain how the Presentation Layer processes HTTP Requests and
JSON Responses in terms of Functional Architecture, Communication Architecture,
Physical Architecture, and Interoperability.

1. Functional Architecture
The functional architecture of the Presentation Layer focuses on its role in trans-
lating user inputs into actionable requests and presenting processed data from the
Application Layer back to users. The key functionalities include:

• User Interaction: The Presentation Layer allows users to interact with tools
such as dashboards for Learning Analytics, the Chatbot, and the Time Man-
agement Tool.

• Request Handling: When a user performs an action (e.g., viewing performance
trends or updating tasks), an HTTP Request is generated and sent to the
Application Layer.

• Data Visualization: The Presentation Layer receives processed data as a JSON
Response from the Application Layer. This data is rendered into user-friendly
formats like graphs, charts, or tables using front-end technologies like ReactJS.

For example:
A student requesting their academic progress triggers an HTTP Request to fetch
Descriptive LA data. The Application Layer processes this request, retrieves data
from the Data Layer, and sends it back as a JSON Response for visualization.
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Figure 6.2: Integrated Architecture Diagram

2. Communication Architecture
The communication architecture defines how data flows between the Presentation
Layer and other layers:

• HTTP Requests: The Presentation Layer communicates with the Applica-
tion Layer via RESTful APIs. These requests encapsulate user actions (e.g.,
fetching predictive analytics or adding a task).

• JSON Responses: The Application Layer processes these requests, interacts
with the Data Layer for required information, and sends structured JSON
responses back to the Presentation Layer.

• Real-Time Updates: Features like the Chatbot rely on real-time communica-
tion protocols to provide instant responses to user queries.

For example:
When a tutor queries student performance trends, an HTTP Request is sent to
retrieve diagnostic insights. The JSON Response includes correlation matrices or
at-risk student indicators, which are displayed on the dashboard.

3. Physical Architecture
The physical architecture outlines how hardware and software components interact
to support system functionality:

• The Presentation Layer operates on client-side devices such as laptops or mo-
bile phones. It uses web technologies like ReactJS to provide an interactive
interface.
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• The Application Layer resides on a server that processes requests from multiple
clients simultaneously.

• The Data Layer is hosted on a database server (e.g., MySQL) that stores pre-
processed data and interacts with external systems like the TUC server for
ONYX assessments.

This distributed architecture ensures scalability, allowing multiple users to access
the system concurrently without performance degradation.

4. Interoperability Between Components
The interoperability of components ensures seamless integration across layers:

• Descriptive and Diagnostic LA Module: Retrieves historical performance data
from the Data Layer via the Application Layer and visualizes it in graphs or
tables.

• Predictive LA Module: Uses machine learning models stored in pre-processed
datasets to forecast future outcomes. Predictions are fetched via APIs and
displayed interactively.

• Chatbot: Communicates with both layers to fetch FAQs or user-specific re-
sponses while ensuring secure interactions using JWT tokens.

• Time Management Tool: Synchronizes task-related updates between users and
database tables through RESTful APIs.

Each component communicates efficiently using standardized protocols (e.g., HTTP/J-
SON), ensuring real-time data exchange without compatibility issues.
The Presentation Layer acts as a bridge between users and backend systems by

sending HTTP Requests and receiving JSON Responses. Its functional architecture
ensures smooth user interaction, while its communication architecture facilitates
efficient data exchange with other layers. The physical architecture supports scala-
bility by distributing workloads across client devices, servers, and databases. Finally,
interoperability between components ensures that all modules—Descriptive, Diag-
nostic, Predictive LA, Chatbot, and Time Planner—work cohesively to deliver a
seamless user experience.

6.1.2 Integration of components in Application layer

The Application Layer in the system architecture of the ARC Tutoring Workbench
is designed to act as the central processing unit, enabling seamless communication
between the Presentation Layer and the Data Layer. It integrates components such
as Descriptive Learning Analytics (LA), Diagnostic LA, Predictive LA, the Chatbot,
and the Time Management Tool. Below, we explain its design and functionality in
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terms of Functional Architecture, Communication Architecture, Physical Architec-
ture, and Interoperability.

1. Functional Architecture
The functional architecture of the Application Layer focuses on processing user
requests from the Presentation Layer and retrieving or storing data from the Data
Layer. Each component is designed to handle specific tasks:

• Descriptive LA: Processes historical data to generate summaries of student
performance, such as progress trends and test scores.

• Diagnostic LA: Analyzes patterns in student performance to identify factors
affecting learning outcomes.

• Predictive LA: Uses machine learning models to forecast future performance
based on current data. This component retrieves pre-processed datasets from
the Data Layer for predictions.

• Chatbot: Handles real-time user queries by processing inputs from the Pre-
sentation Layer and fetching appropriate responses from the database.

• Time Management Tool: Manages user tasks, deadlines, and milestones by
interacting with task-related data stored in the Data Layer.

Each component operates independently but contributes to a unified system by
sending processed data back to the Presentation Layer for visualization.

2. Communication Architecture
The communication architecture defines how data flows between layers:

• The Application Layer communicates with the Presentation Layer via RESTful
APIs using HTTP Requests and JSON Responses.
- For example, when a student requests their academic progress, an HTTP
Request is sent to retrieve descriptive analytics data. The Application Layer
processes this request and sends a JSON Response containing summarized
information.

• The Application Layer interacts with the Data Layer using SQL queries for
data retrieval or updates.
- For instance, when a tutor uses predictive analytics, the Application Layer
fetches pre-processed datasets from the database and applies machine learning
models to generate predictions.

This architecture ensures efficient data exchange between layers while maintaining
high performance.

3. Physical Architecture
The physical architecture outlines how hardware and software components interact:
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• The Application Layer is hosted on a server that processes multiple user re-
quests concurrently.

• It leverages frameworks like Python Flask for backend development, ensuring
modularity and scalability.

• The Data Layer resides on a separate database server (e.g., MySQL), which
stores all user data, including test scores, task lists, and pre-processed datasets.

• External systems like the TUC server provide additional resources (e.g., ONYX
assessments) required for advanced analytics.

This distributed setup ensures that workloads are balanced across servers, enabling
multiple users to access the system simultaneously without performance degradation.

4. Interoperability Between Components
The interoperability of components within the Application Layer ensures seamless
integration across modules:

• The Descriptive and Diagnostic LA module retrieves historical performance
data from the Data Layer via SQL queries and formats it into JSON responses
for visualization.

• The Predictive LA module applies machine learning models stored in pre-
processed datasets to forecast outcomes such as final grades.

• The Chatbot module interacts with both layers to fetch user-specific responses
while ensuring secure communication using JWT tokens.

• The Time Management Tool synchronizes task updates between users and
database tables through RESTful APIs.

By using standardized protocols (e.g., HTTP/JSON) and modular design principles,
these components work cohesively within an integrated system.
The Application Layer of the ARC Tutoring Workbench is designed as a robust

intermediary that processes user inputs from the Presentation Layer and interacts
with the Data Layer to retrieve or store information. Its functional architecture
supports independent operations of components like Descriptive, Diagnostic, Pre-
dictive LA, Chatbot, and Time Planner while ensuring they contribute to a unified
system. The communication architecture enables efficient data exchange through
RESTful APIs, while its physical architecture ensures scalability and reliability. Fi-
nally, interoperability between components ensures that all modules work seamlessly
together to deliver a cohesive user experience.
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6.1.3 Integration of components in Data layer

The Data Layer in the ARC Tutoring Workbench is a critical component that man-
ages the storage, retrieval, and processing of data for all integrated modules, includ-
ing Descriptive, Diagnostic, Predictive Learning Analytics (LA), Chatbot, and Time
Management Tool. Below is an explanation of how the Data Layer is designed and
created in terms of Functional Architecture, Communication Architecture, Physical
Architecture, and its Interoperability between databases.

1. Functional Architecture The functional architecture of the Data Layer is
designed to handle all backend operations related to data management. Its primary
responsibilities include:

• Data Storage: The Data Layer uses a MySQL database to store structured
data such as user credentials, test scores, task lists, and pre-processed datasets
for predictive analytics.

• Pre-Processing: Data required for Predictive LA is pre-processed before stor-
age. This involves cleaning raw data, normalizing scores, and structuring
datasets into optimized tables for machine learning models.

• Querying and Retrieval: The Data Layer supports efficient querying for mod-
ules like Descriptive LA (to fetch historical performance data) and Diagnostic
LA (to analyze patterns or correlations).

• Chatbot Integration: It stores FAQs, user-specific queries, and academic re-
sources to provide real-time responses.

• Task Management: Task-related information such as deadlines, milestones,
and completion statuses is stored in dedicated tables linked to user accounts.

This architecture ensures that all modules have access to consistent and accurate
datasets while maintaining high performance.

2. Communication Architecture
The communication architecture defines how the Data Layer interacts with other
layers:

• Application Layer Communication:
- The Application Layer sends SQL queries to the Data Layer to retrieve or
update data.
- The responses are sent back to the Application Layer in structured formats
(e.g., JSON).

• External Systems Communication:
- The Data Layer integrates with external systems like the TUC server to fetch
ONYX assessment data or other academic resources required for advanced
analytics.
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This architecture ensures seamless data flow between layers while maintaining secu-
rity and efficiency.

3. Physical Architecture
The physical architecture outlines how hardware and software components interact
within the Data Layer:

• A dedicated MySQL database server hosts all user-related data.

• The database is optimized for handling large-scale queries from multiple users
simultaneously.

• Pre-processed datasets required for predictive modeling are stored in separate
tables within the database. These datasets include normalized scores and
feature-engineered variables.

• The TUC server provides supplementary data such as ONYX assessments.
This data is fetched periodically and stored in the database for use by analytics
modules.

This distributed setup ensures scalability, allowing the system to handle multiple
users without performance degradation.

4. Interoperability Between Datasets
Interoperability ensures that different components can effectively share and access
data within the system. By using standardized SQL queries and structured table
designs, these components work cohesively within an integrated system.
The Data Layer of the ARC Tutoring Workbench is designed as a robust foun-

dation that supports all backend operations related to data storage, retrieval, and
processing. Its functional architecture ensures efficient management of user infor-
mation, while its communication architecture facilitates seamless interaction with
the Application Layer and external systems. The physical architecture provides
scalability and reliability through dedicated servers and pre-processed datasets. Fi-
nally, interoperability between datasets ensures that all modules—Descriptive LA,
Diagnostic LA, Predictive LA, Chatbot, and Time Planner—can access consistent
datasets without compatibility issues.
Also, to get a better understanding of the developed dashboard, corresponding

pages and their screenshots were attached in the Appendix chapter of the report.
Students and tutors have different views. So, the Student View section of the Ap-
pendix contains screenshots of the student dashboard. Where as the Tutor view of
the Appendix has screenshots of the tutors dashboard.

Example
To provide a better understanding of the process flow involved when a user is inter-
acting with the dashboard, is provided through the figure 6.3.
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Figure 6.3: Flow of data in login and prediction processes

Two processes have been represented in the figure 6.3, The one above explains the
process of login and the below one explains the process of predictive data generation
and displaying it to the user. It can be seen in the figure that the process is divided
into three layers namely Presentation layer, Application layer and the Data layer.
The user and the dashboard comes under Presentation layer, processing of the data
comes under the Application layer and here the database comes under the data
layer.

Login process:
When a user tries to login to the dashboard, he enters his mail id and password
used during the profile creation. After clicking on the ”login” button, a HTTP
request with the entered id and password is triggered. This is forwarded to the
Application layer. The application layer i.e., the processing unit has to validate
the user’s credentials. So, it requests ”Users” table from the database. As all the
registered users data will be stored in the ”Users” table of the database.
Now the credentials entered by the user are compared with the id and pass-

word columns existing in the ”Users” database table. When there is a match, a
cookie is being created with the user’s information such as ”matriculation number”,
”mail id”, user type i.e., student or tutor. Finally user will be successfully logged
in. In case there is no match of user’s credentials with the entries in the database,
the user will not be able to login to the dashboard.

Prediction Process:
As shown in the figure 6.3, the below process shows the interaction of a user with
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the dashboard to view his prediction results. The numbers in the diagram will be
explained in-detail as follows:
1○ User clicks on the menu item named ”My Progress Prognosis” in the dashboard.
2○ It hits the endpoint

base_url/pred_host/predict_score_per_stud?mat_id=284779

This mat id is obtained from the information stored in the cookie. ”pred host” is
the url prefix given to the predictive LA related endpoints. In this integration I
have used the concept of Blueprints. When registering each module as a blueprint,
it can be given a url prefix so that it can easily identified which endpoint belongs
to which module.
3○ Now the process logic in the application layer requests the centralized database
for the required tables. Those database tables were shown in the table 6.1. The
names of columns and rows are the DB table names and the values in the table
represent the name of the common column on which those two corresponding tables
were merged on.
4○ The db returns the requested tables to the processing logic.
5○ These tables were then merged on the common columns and then the independent
variables created were given as input to the MLR algorithms to calculate the pre-
diction %. Here we have ”Presentation Prediction %”,”Report Prediction %” and
the ”Overall Prediction %”. The result is sent back in the form of JSON response.
- Example JSON Response:

[{
” Pred i c t ed Pre s en ta t i on Sco r e (%)” : 8 4 . 3 1 ,
” Pred i c t ed Repor t Score (%)” :82 .46 ,
” Pr ed i c t ed Ove ra l l S co r e (%) :83 .385
} ]

6○ For providing a better User Experience, this JSON response is displayed in
the form of charts and graphs to the user. This can be seen from the Student view
of the dashboard (figure 8.6) in the Appendix chapter.
The image 6.4, 6.5 shows the results generated by the Multiple Linear Regression

(MLR) prediction algorithm for predicting the presentation scores and the report
scores respectively. The results are visualized in two 3D scatter plots: one for the
training data and the other for the test data. These plots help in understanding how
well the MLRmodel fits the training data and how accurately it generalizes to unseen
test data. These plots are generated using three key independent variables: ARS
Scores, Self-Test Scores, and Topic Recommender Scores, which are used to predict
the dependent variable—Presentation Score. The dependent variable is either the
Presentation Score or the Report Score, depending on the specific model.
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Table 6.1: Database Tables and their common columns

Table1 Table2 Common
Columns

Student Student Topic Student ID
Student Student Test Data Student ID
Student TR Data Student ID
Semester Student Topic Semester ID
Semester Student Test Data Semester ID
Student Topic Topic Topic ID
Student Topic Student Test Data Student ID,

Semester ID
Student Test Data TR Data Test ID

6.1.4 Presentation Score Prediction Results

The first set of graphs represents the prediction of presentation scores. The left graph
shows the results for the training data, while the right graph shows the results for
the test data.

a. Training Data Results (Left Graph)
The left side of the image represents the training data results. In this plot, the
green dots represent the actual training data points, while the blue line represents
the trained MLR model’s predicted values. The axes represent ARS Scores on x-axis,
Self-Test Scores on y-axis, Topic Recommender Scores on z-axis.
The plot 6.4 shows how well the trained model fits the actual data points. The

blue line indicates how the predicted presentation scores vary with respect to changes
in ARS scores, Self-Test scores, and Topic Recommender scores.

Observations:
1. Model Fit: The blue line demonstrates how well the MLR model fits the actual
training data points. The alignment between the green dots (actual data) and the
blue line (predicted values) indicates that the model has successfully captured the
relationship between ARS scores, Self-Test scores, and Topic Recommender scores
in predicting presentation scores.
2. Data Distribution: Most of the training data points are clustered around lower
ARS and Self-Test scores, indicating that many students scored lower on these met-
rics. However, there are a few outliers where students achieved higher ARS and
Self-Test scores.
3. Topic Recommender Influence: The z-axis (Topic Recommender scores)
shows a broader range of values, indicating that topic selection plays a significant
role in influencing presentation scores.
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Figure 6.4: Results of presentation prediction

b. Test Data Results(Right Graph)
In this plot, purple dots represent actual test data points, and the blue line repre-
sents predictions made by the trained MLR model on unseen test data.

Observations:
1. Prediction Accuracy: The alignment between actual test data points (purple
dots) and predicted values (blue line) indicates how well the model generalizes to
unseen test data. While there is some alignment, there is also noticeable variance,
particularly at higher ARS and Self-Test score ranges.
2. Data Clustering: Similar to the training data, test data points are clustered
around lower ARS and Self-Test scores. However, there is more variance in this
dataset compared to training data, which may explain some of the discrepancies
between actual and predicted values.
3. Generalization: Although there is some deviation between actual test data and
predicted values, especially at higher score ranges, the model still captures general
trends reasonably well.

6.1.5 Report Score Prediction Results

The second set of graphs represents the prediction of report scores using a similar
approach as for presentation scores.

a. Training Data Results (Left Graph)
In this plot, green dots represent actual training data points for report score predic-
tion, while the blue line represents predictions made by the trained MLR model.
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Figure 6.5: Results of report prediction

Observations:
1. Model Fit: The blue line demonstrates how well the MLR model fits report
score training data points. The alignment between green dots and the blue line
indicates that the model has captured key relationships between ARS scores, Self-
Test scores, and Topic Recommender scores in predicting report scores.
2. Data Distribution: Similar to presentation score predictions, most of the
report score training data is clustered around lower ARS and Self-Test scores.
3. Topic Recommender Influence: Topic Recommender scores again show a
wide range of values, suggesting that topic selection significantly influences report
score predictions.

b. Test Data Results (Right Graph)
In this plot, purple dots represent actual test data points for report score prediction,
while the blue line represents predictions made by the trained MLR model on unseen
test data.

Observations:
1. Prediction Accuracy: The alignment between purple dots (actual test data)
and blue line (predicted values) shows how well the model generalizes to unseen
report score test data. There is some variance between actual and predicted values
at higher ARS and Self-Test score ranges.
2. Data Clustering: Similar to presentation score predictions, report score test
data points are clustered around lower ARS and Self-Test scores.
3. Generalization Capability: Although there is some deviation at higher score
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ranges, particularly with higher Topic Recommender scores, overall trends are cap-
tured reasonably well by the model.

From these visualizations generated by MLR prediction models for both presen-
tation and report scores:

• The MLR models demonstrate a good fit to training data for both presentation
and report score predictions.

• The models generalize reasonably well to unseen test data; however, some
variance exists at higher ARS and Self-Test ranges.

• Topic Recommender plays a significant role in influencing both presentation
and report score predictions.

• The clustering of most students around lower ARS/Self-Test ranges suggests
that more emphasis might be needed in improving student performance in
these areas.

• Future improvements could involve refining feature engineering or incorporat-
ing additional variables to further enhance prediction accuracy.

These results provide valuable insights into student performance trends based on
their participation in ARS tests, self-tests, and topic recommendations within courses
like Hauptseminar in Automotive Software Engineering.
Along with the Presentation score and the Report score prediction results, this

research also found ways and integrated the LA and other available modules into a
dashboard. Such results will be discussed as follows:

6.2 Evaluation

The ARC Tutoring Workbench was developed to enhance the learning experience of
students and provide tutors with a platform for monitoring and supporting student
progress. To evaluate the effectiveness and usability of the dashboard, two surveys
were conducted with Master’s students who interacted with the tool.These surveys
aimed to gather feedback on various aspects of the dashboard, including its user
experience, data visualization, chatbot functionality, topic recommender, self-tests,
and time management tools.

A. Tool Observation Survey
The Tool Observation Survey was designed to capture students’ general impressions
of the ARC Tutoring Workbench after observing its features and functionalities. A
total of 26 students participated in this survey. The students were asked to rate their
level of agreement with various statements about the tool’s usefulness and ease of
use. The results of this survey were depicted in the figure 6.6.
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Figure 6.6: Technical Usability of the Tool

The majority of students (16 out of 26) agreed that the ARC Tutoring Workbench
was useful and effective in supporting their academic needs. A smaller group (9 stu-
dents) remained neutral i.e., they chose the option of ’Neither Agree Nor Disagree’.
While only 1 student expressed strong disagreement.
The results suggest that most students found the tool beneficial, although there is

room for improvement in certain areas to ensure that all users find it equally helpful.

B. Tool Interaction Survey
The Tool Interaction Survey was conducted to gather more detailed feedback on
specific aspects of the ARC Tutoring Workbench’s functionality. A total of 23
students participated in this survey, with a male-to-female ratio of approximately
4:1. Most participants were between the ages of 21 and 30, representing a typical
demographic for Master’s students.
The survey included several questions designed to assess satisfaction with different

features of the dashboard, including data visualization, chatbot functionality, topic
recommender, self-tests, and time management tools. For this survey, 1 stands for
strongly disagree and 5 stands for strongly agree.

Key Findings:
1. Data Visualization: Students were asked if data visualization improved their
learning experience. The mean satisfaction score was 3.83 (out of 5), indicating that
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most students found visualizing their progress and predicted performance helpful
for understanding their academic standing.

2. Increases Productivity: Students rated whether the tool increased their aca-
demic productivity. The mean satisfaction score was 4.00, showing that the majority
felt the dashboard helped them stay organized and productive.

3. Easier Study During Thesis/Internship: Students were asked if the tool
made it easier to manage studies during research internships or Master’s thesis
work. The mean satisfaction score was 3.78, reflecting positive feedback but also
highlighting areas for potential improvement.
The detailed results for these three questions are summarized in Table 6.2.

Table 6.2: Mean and Standard Deviation for Tool Interaction Survey

S
NO.

Question Mean Standard De-
viation (std)

1. The ARC-Tutoring Workbench
can improve my learning experi-
ence.

3.82608 0.49102

2. This Tutoring Workbench can in-
crease my academic productivity.

4.00000 0.674199

3. This Tutoring Workbench can
make it easier to study during
my Research Internship or Mas-
ter Thesis.

3.78260 0.599736

4. Average 3.869565 0.588320

The survey also evaluated satisfaction with individual modules:
4. Chatbot Functionality:
Among 23 participants, 14 agreed that the chatbot was helpful, while 5 disagreed.
Although generally well-received, some students suggested improvements in respon-
siveness and handling complex queries.

5. Topic Recommender Satisfaction:
For this feature, 10 students agreed it was useful for selecting topics aligned with
their interests, while 8 remained neutral, indicating indifference among some users.

6. Self-Test Satisfaction:
The self-tests received overwhelmingly positive feedback, with 18 students agreeing
they were helpful for assessing knowledge gaps and tracking progress.

7. Time Management Tool Satisfaction:
This feature was widely appreciated for helping users plan tasks effectively during
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critical academic phases like thesis writing or internships. Out of 23 participants, 5
strongly agreed, 11 agreed, and 7 remained neutral about its usefulness.
Table 6.3 provides a detailed breakdown of responses for these modules.

Table 6.3: Survey Results for modules Chatbot, Topic Recommender, Self-Test and
Time Planner.

Chatbot Topic Rec-
ommender

Self-Test Time
Planner

Strongly Disagree /
1

0 1 0 0

Disagree / 2 5 1 1 0
Neither agree nor
Disagree / 3

4 8 3 7

Agree / 4 14 10 18 11
Strongly Agree / 5 0 3 1 5
Total 23 23 23 23
Median 4 4 4 4
Mode 4 4 4 4

Overall, the ARC Tutoring Workbench received positive feedback from both sur-
veys. Most users found value in its features such as data visualization for tracking
progress, chatbot assistance for academic queries, topic recommender for guiding
topic selection during thesis work or internships, self-tests for knowledge assessment,
and time management tools for organizing tasks efficiently.
However, there are areas where improvements can be made—particularly in en-

hancing chatbot responsiveness and providing additional support through topic rec-
ommender functionalities.
The Results and Evaluation chapter demonstrates the successful implementation

and integration of the ARC Tutoring Workbench’s components across its Presen-
tation, Application, and Data Layers. The predictive models for presentation and
report scores proved effective in providing actionable insights for students and tu-
tors, enabling better academic planning and timely interventions. This can be seen
from the low values of the calculated mean square errors. The lower the mean square
error, the greater is the system’s accuracy in prediction.
User feedback gathered through surveys highlighted the system’s usability, valuing

features like predictive analytics, self-tests, and time management tools. Overall, the
workbench effectively enhances learning outcomes and teaching efficiency, validating
its potential as a robust educational tool.

Limitations and Future Scope
Dashboard load times are significantly impacting user experience, particularly with
predictive analytics visualizations. Also, due to long response times of the chatbot,
it is affecting student engagement and satisfaction levels. The complexity of learn-
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ing analytics implementation often creates a gap between research capabilities and
practical application.
The ARC Tutoring Workbench shows good potential, but requires key enhance-

ments to improve its performance and user experience. To address current perfor-
mance issues, implementing sophisticated caching mechanisms and pre-filtered data
views could significantly reduce dashboard loading time. The system architecture
could benefit from event-driven processing for more efficient handling of real-time
data streams and analytics visualization.
The chatbot’s performance could be enhanced through optimized Natural Lan-

guage Processing algorithms and intelligent response caching. A hybrid approach
combining pre-defined templates with dynamic processing could better balance re-
sponse speed and accuracy.
Future improvements include integrating advanced AI models for enhanced predic-

tive analytics and implementing edge computing solutions to reduce latency. These
changes, along with continuous performance monitoring, would create a more re-
sponsive learning environment. Additionally, bridging the gap between theoretical
analytics and practical implementation through streamlined integration methods
and adaptive systems would pave the way for more sophisticated learning analytics
applications.
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The ARC Tutoring Workbench is a significant step forward in improving the edu-
cational experience for both students and tutors. By integrating multiple tools and
learning analytics, the dashboard provides students with a clear understanding of
their current performance, helps them identify areas for improvement, and predicts
future outcomes. This encourages students to focus their efforts on achieving better
grades. The Time Management tool supports students in organizing their tasks and
milestones effectively, while the chatbot offers valuable assistance in creating reports
and designing presentations.
For tutors, the dashboard provides a comprehensive view of student performance,

helping them identify those who need additional support. With features like ad-
vanced filtering and detailed data analysis, tutors can deliver personalized assis-
tance and focus their efforts where they are needed most. The secure login ensures
that both students and tutors access only their respective dashboards, maintaining
privacy and data security.
A survey was conducted to gather feedback from students and tutors. The results

showed that the dashboard had a positive impact on academic performance, task
organization, and teaching strategies. Both students and tutors appreciated how
the workbench simplified their workflows and provided actionable insights.
In conclusion, the ARC Tutoring Workbench successfully combines data-driven

analytics with practical tools to support students and tutors alike. Its features
empower students to take control of their learning and enable tutors to provide
targeted guidance. Feedback from users validates its effectiveness and highlights its
potential to transform the way we approach education, paving the way for more
personalized and efficient learning experiences in the future.
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8 Appendix

The following appendix contains screenshots of the ARC Tutoring Workbench, show-
casing both student and tutor views. These images demonstrate the functionality
and interface of the dashboard, highlighting its key features such as Learning Ana-
lytics (LA) modules, self-tests, topic recommender, and time management tools.

Figure 8.1: Login page of the ARC Tutoring Workbench.

Figure 8.2: Registration page of the ARC Tutoring Workbench.

Login and Registration Pages: The login and the registration pages as shown in
figures 8.1, 8.2 allows students and tutors to securely access their personalized dash-
board by entering their credentials. During the registration, the users are provided
with the privacy policy and only after accepting it they will be navigated to the
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Figure 8.3: Home page after logging-in to the dashboard.

home page. After logging-into the dashboard students and teachers will be navi-
gated to the same home page as shown in the figure 8.3. There they can use the
chatbot functionality for their needs.

8.1 Student View

Figure 8.4: Student dashboard showing Descriptive LA page.

Descriptive and Diagnostic LA Pages: These pages as shown in the figures 8.4,
8.5 offer visualizations of student performance across assessments, enabling them to
track progress and identify areas for improvement.
Predictive LA Page: As shown in figure 8.6 uses predictive models to forecast

future performance based on current data, helping students plan their studies effec-
tively.
Self-Test Page: The self-test module as shown in figure 8.7 allows students to

assess their knowledge on specific topics, providing immediate feedback to identify
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Figure 8.5: Student dashboard showing Diagnostic LA page.

Figure 8.6: Predictive LA page of the student dashboard.

gaps.
Recommendation on Research Focus: This feature as shown in the the figure 8.8

provides personalized recommendations for research topics based on the student’s
interests and performance.
Time Management Tool: A dedicated tool as shown in figure 8.9, helps students

and tutors organize tasks, set milestones, and manage deadlines efficiently.

8.2 Tutor View

The below mentioned pages are different for the student and the tutor.
Descriptive and Diagnostic LA Pages: As shown in the figures 8.10, 8.11 these

pages allow tutors to monitor student progress across various assessments and iden-
tify at-risk students.
Predictive LA Page: Tutors can use predictive analytics to forecast student out-

comes, enabling early interventions for under-performing students. The same is
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Figure 8.7: Self Test page in the student dashboard.

Figure 8.8: Recommendation on Research focus page of student dashboard.

shown in the figure 8.12. Topic Recommender Page: Tutors can view the list of
topics recommended to the students. The same is shown in figure 8.13
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Figure 8.9: Time Management tool page of the student dashboard.

Figure 8.10: Descriptive LA page of the tutor dashboard.

Figure 8.11: Diagnostic LA page of the tutor dashboard.
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Figure 8.12: Predictive LA page of the tutor dashboard.

Figure 8.13: Topic Recommender page of the tutor dashboard.
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