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Traditional Learning Management Systems (LMS) often fail to adequately capture student engagement and
mainly rely on summative outcomes when assessing learning performance. This limitation is particularly
critical in programming education, where the learning process itself is as important as the final code output.
This paper proposes a Hybrid Intelligent LMS and a Hybrid Assessment Model designed specifically for
programming courses. The system integrates an automated code evaluation module (Online Judge), gamified
assessment components, and a real-time activity monitoring mechanism. Based on students’ learning mastery
(P) and engagement level (4), an overall efficiency index (E) is calculated. To evaluate the effectiveness of
the proposed approach, a controlled quasi-experiment was conducted with 82 first-year Software Engineering
students. Participants were divided into control and experimental groups and studied using a traditional LMS
and the proposed Hybrid LMS, respectively. The collected data were analyzed using Student’s t-test and
Pearson correlation analysis. The results show that students in the experimental group achieved significantly
higher learning mastery scores (p < 0.001) and that strong positive correlations exist between engagement
and learning mastery, as well as between engagement and overall efficiency. These findings confirm that the
proposed hybrid approach effectively improves student engagement and academic performance in
programming education.

evaluation of practical programming activities have
also been proposed to improve the organization of
programming education [1].

The rapid development of information technologies
has significantly transformed the requirements for
teaching programming courses. Modem educational
environments are expected not only to deliver
theoretical knowledge but also to foster practical
skills, independent thinking, and problem-solving
abilities. Consequently, programming education
requires technological solutions that combine theory
and practice, provide immediate feedback, and
consider students’ engagement throughout the
learning process. Digital tools specifically designed
to support the preparation, submission, and
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Traditional LMS platforms (e.g., Moodle) mainly
organize instruction and assessment through test
results and final assignment scores. The transition of
coding education to online environments has also
highlighted challenges related to learning time,
student work patterns, and interaction within fully
digital courses [2]. However, such approaches do not
sufficiently reflect the time students spend learning,
the number of attemptsmade during problemsolving,
ortheirlearningprogress. Asaresult,students’ actual
effort and engagement are often underestimated.



Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), July 2026

Previous studies indicate that automated
assessment systems reduce instructor workload and
provide fast, objective feedback to learners [3], [4].
Online Judge systems, in particular, offer fair and
scalable mechanisms for evaluating programming
assignments [5]. Nevertheless, most existing systems
focus primarily on code correctness and pay limited
attention to the learning process and student
engagement.

In parallel, numerous studies demonstrate that
gamification elements (points, badges, leaderboards)
increase students’ motivation and cognitive
engagement [6]-[8]. Learning analytics dashboards
further support self-regulated learning by visualizing
students’ progress [9]. However, these approaches are
rarely integrated into a wunified assessment
framework.

To address these limitations, this paper proposes
a Hybrid Intelligent LMS and a Hybrid Assessment
Model specifically designed for programming
education. The proposed approach combines learning
mastery (P) and engagement level (A) into a single
efficiency index (E), enabling evaluation of both
learning outcomes and learning processes.

The main contributions of this paper are as
follows:

Design of a Hybrid LMS architecture
integrating Online Judge, activity monitoring,
and gamification;

Proposal of'a formal hybrid assessment model
with mastery (P), engagement (A), and
integrated efficiency (E) indicators;
Validation through a controlled quasi-
experiment providingstatistical evidence of the
model's effectiveness;

Implementation of a security model for
sandboxed code execution within the
educational platform.

2 RELATED WORKS

2.1 Automated Assessment and System
Performance Factors

Automated assessment systems have been widely
studied as effective tools for reducing instructor
workload and providing rapid feedback in
programming education. The design of effective
automated formative feedback is particularly
important because the quality and structure of
feedback directly influence students’ programming
learning processes [10]. Ala-Mutka [3] presented a
comprehensive survey of automated assessment
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approaches and emphasized their pedagogical
benefits. Thantola et al. [4] reviewed modern systems
for automatic evaluation of programming
assignments and showed that test-based and static
analysis approaches are dominant.

Online Judge systems provide fair and scalable
mechanisms for evaluating programmingtasks[5].In
such systems, student code is evaluated using hidden
test cases and automatic judging procedures.
However, most existing systems primarily focus on
code correctness and give limited attention to code
quality and the learning process.

Recent studies emphasize the need to enrich
automated assessment with additional quality
dimensions. Parvathy et al. [11] proposed a
comprehensive model that evaluates code quality,
style, and semantics. Moreover, system-level factors
play a crucial role in e-learning success. Ghazinoory
and Afshari-Mofrad [12] demonstrated that technical
support and system reliability are among the most
critical factors affecting e-learning outcomes.
Similarly, Attia et al. [13] showed throughan AHP-
based analysis that system and service quality has the
strongest impact on student satisfaction.

2.2 Student Engagement, Gamification,
and Cognitive Analysis

Enhancing student engagement and motivation is a
key objective of modern educational systems.
Numerous studies confirm that gamification elements
such as points, badges, and leaderboards increase
students’ interest and participation. Ibafiez et al. [7]
reported that the use of points and badges in
programming  courses increases  cognitive
engagement. Ortiz-Rojas et al. [6] found that
leaderboards positively influence learning outcomes.
Triantafyllou et al. [8] further emphasized that
gamification strengthens intrinsic motivation based
on Self-Determination Theory. Recent systematic
reviews further emphasize that these elements
significantly impact student motivation and academic
performance across various educational settings [ 14].

Learning analytics approaches support self-
regulated leaming by visualizing student activity and
progress [9]. The broader integration of learning
analytics and educational data mining also provides a
methodological basis for analyzing learner behavior
and educational activity data [ 15]. Studies conducted
in the local context using the SURE model revealed
deficiencies in course design and administrative
systems regarding studentengagement [16],[17].In
addition, cognitive diagnostic models aim to analyze
students’ internal knowledge states. The R-DINA-
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based model proposed by Cao and Tan [18] provides
a way to visualize students’ knowledge states.
However, these approaches are rarely integrated into
unified assessment frameworks.

Overall, existing studies typically address
automated assessment, gamification, and learning
analytics separately. In contrast, this work integrates
these approaches into a single Hybrid LMS and
proposes a hybrid assessment model that combines
process-oriented and outcome-oriented indicators.

Application Layer (Mantiqiy qatlam)\

3 SYSTEM ARCHITECTURE

The proposed Hybrid LMS platform is designed
based on a microkemel architecture to ensure
scalability, security, and extensibility. The system
consists of three main layers: presentation layer,
application layer, and data layer (Fig. 1).

Client Layer (Foydalanuvchi qatlami)\
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Figure 1: Three-layer architecture of the system. This architecture ensures secure and scalable integration of automated

assessment and activity monitoring.
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The presentation layer provides user interaction
through a web interface and supports three roles:
student, instructor, and administrator. A dedicated
Student Dashboard visualizes the learning mastery
indicator (P), engagement index (A), and overall
efficiency index (E).

The application layer contains the core functional
modules:

=  Online Judge module — compiles and executes
student code in real time and evaluates it using
hidden test cases. The module supports
multiple difficulty levels and performs
automated result processing (Fig. 3).
Gamification module — enhances motivation
through time-limited questions, points, badges,
and leaderboards.
Activity Monitoring module — a JavaScript-
based background service that tracks active
window time and sends heartbeat signals to the
server every 30 seconds.
Assessment and Calculation module
computes the P, A, and E indicators according
to the mathematical models.

3.1 Security and System Integration
For security purposes, code execution is performed in
an isolated sandbox environment. Following the
recommendations of Kurnia et al. [5], chroot and
ulimit mechanisms are applied to prevent malicious
code execution (Fig. 2).

The process flow demonstrates the effectiveness
of'the sandbox environment in isolating student code
execution. The data layer stores information about
users, learning materials, assignments, activity logs,
and computed indicators. The database schema is
designed using an ER diagram (Fig. 3).

The system supports three main roles:
administrator, instructor, and student. Passwords are
hashed wusing the Werkzeug library, while
authentication and authorization are managed
through @login_required decorators.

This architecture enablesthe integration of Online
Judge functionality with traditional LMS features
within a single platform and provides a solid
foundation for implementing the hybrid assessment
methodology described in the next section.

3.2 Implementation Details

To ensure the reproducibility of the proposed
platform, the following technical specifications are
provided:
=  Tech Stack. The backend of the Hybrid LMS is
implemented using the Python Flask
framework, while the frontend is developed

with HTMLS5, CSS3, and JavaScript.
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Database: High-performance data management
is handled by PostgreSQL, which ensures
ACID compliance for storing user profiles,
assignment logs, and activity heartbeat signals.
Online Judge Environment. The code
evaluation module uses the g++ compiler
(C++17). To ensure security, student code is
executed in an isolated chroot sandbox with
resource limits enforced via ulimit (e.g., 2.0s
CPU time and 256MB memory per
submission).

Monitoring Mechanism. The activity tracking
service sends heartbeat signals to the server
every 30 seconds. It specifically monitors the
active window focus; ifthe window loses focus
or remains idle for more than 5 minutes, the
engagement counter is paused to ensure data
accuracy.

Scalability. The microkermel architecture
allows the system to process multiple
submissions concurrently, with an average
judging time of less than 1.5 seconds per code
file.

4 PROPOSED METHODOLOGY

The main objective of thisstudy is to developa hybrid
assessment methodology that considers not only
students’ final outcomes but also their engagement
and effort during the learning process. For this
purpose, learning mastery and engagement indicators
are integrated into a unified mathematical model.

The proposed methodology is based on three core
components:

= learning mastery indicator (P);

engagement indicator (A);
overall efficiency index (E).

This approach enriches traditional summative
assessment with process-oriented indicators and

enables comprehensive evaluation of student
learning.
4.1 Mathematical Foundations of the

Hybrid Model

The overall efficiency index is defined as a linear
combination:

E=a-P+B-A a+f=1, (D

where:

= Pistheintegrated learning mastery indicator;
A is the engagement indicator;
o, are weighting coefficients.
experimental trials, « = 0.7 and = 0.3.

For
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with efficiency indicators.

4.1.1 Learning Mastery Indicator (P)

P=wT+w.-C+we Eg+wy G (2)
The components of the learning mastery indicator (P)
and their respective weighting coefficients (w;) are
defined as follows:

T standardized test score, representing
theoretical knowledge (w, = 0.3);

C — coding task score, evaluated automatically
by the Online Judge module (w,. = 0.4);

E, — essay or creative assignment score,
reflectingqualitative understanding (w, = 0.2);
G — game-based task score, derived from
gamified learning activities (wg = 0.1).

4.1.2 Engagement Indicator (A4)

A=Yty <opt>, f(x) = min(x,1). (3)

Where t; denotes the actual time spent in the active
window (monitored via heartbeat signals every 30
seconds), and tP* represents the optimal time
threshold predeﬁned by the instructor for each
specific task type.

4.2 Materials and Experimental Design

To evaluate the effectiveness of the proposed hybrid
assessment methodology, a controlled quasi-
experiment was conducted. The study involved first-
year students of the Software Engineering program at
the Samarkand branch of TUIT. A total of 82 students
were selected and randomly assigned to a control
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 tiay_agent - VARCHAR(I3E%) « submitted_id - DATETIME

The database schema provides a structured framework for linking learning activities

group (N;=41) and an experimental group
(N, =41).

The equivalence of the groups’ initial knowledge
was ensured by the higher education admission
policy. That is, students were equally distributed
across all academic groups based on their entrance
exam scores. In addition, a pre-test conducted at the
beginning of the semester confirmed that there were
no statistically significant differences in prior
programming knowledge between the control and
experimental groups (p > 0.05).

The experimental design ensured that both groups
followed the same syllabus and learning objectives.
In both groups, online learning platforms were used
alongside traditional classroom instruction to support
independent learning. The control group studied
using the Moodle/HEMIS LMS and relied on
standard test- and assignment-based assessment. The
experimental group used the authors’ Hybrid LMS,
which integrates an Online Judge module,
gamification components, and activity monitoring
mechanisms.

The experiment was carried out during the autumn
semester of the 2025-2026 academic year (15 weeks)
in the course PROGI6MBK - Programming.
Students were provided with electronic learning
materials (.docx, .pdf, .pptx, video) as well as self-
assessment materials, including tests, essays,
practical tasks, and game-based activities. The
learning materials were identical in content across
both platforms.

The collected data were prepared for statistical
analysis and processed using the methods described
in the next section.
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While the control group was assessed using P
only, the Hybrid LMS automatically computed P, A,
and E for the experimental cohort.

4.3 Ethics and Privacy

The data collection process during the quasi-
experiment followed strict ethical guidelines. All
participants were informed about the nature of the
study, the activity monitoring mechanisms, and
provided their informed consent before the
experiment began. The monitoring system was
designed to track only active window focus and
interaction timestamps; it did not capture any
personal screen content, private files, or external
communications. To protect student privacy, all
collected data were anonymized and used exclusively
for academic research purposes. Data were stored on
a secure server and will be retained only for the
duration required by the institutional research policy.

S EXPERIMENTAL RESULTS

The data collected during the experiment were
processed using statistical analysis to evaluate the
effectiveness of the proposed hybrid assessment
model. For each group, the mean value and standard
deviation of the learning mastery indicator (P) were
calculated.

The statistical significance of differences between
the control and experimental groups was examined
using an independent samples Student’s t-test [19].
The results indicate that the experimental group
achieved a significantly higher mean learning
mastery score (M; = 84.56,SD, = 12.75) compared
to the control group (M, = 63.00, SD, = 22.52).
The computed t value was 5.34 with p < 0.001,
demonstrating a statistically significant difference.
Furthermore, the calculated effect size (Cohen’sd =
1.18) indicates a large practical significance
according to the criteria established by Cohen [20],
confirming the substantial impact of the Hybrid LMS
on students' learning performance (Table 1).

Table 1: Descriptive statistics of P for control and
experimental groups.

Mean (P) [95% | Mean
Group N 1 (P) SD
Experimental| 41 | 84.56[80.5,88.6]| 84.56 |12.75
Control 41 |63.00[55.8,70.2]] 63.00 |22.52
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Figure 4 presents a comparison of the mean P
values for both groups and clearly shows the

superiority of the experimental group.

Mean P Score

Control

Experimental

Group

Figure 4: Mean learning mastery (P) by group. The
experimental group significantly outperformed the control

group.

With in the experimental group, Pearson
correlation analysis was applied to examine the
relationship between student engagement (A) and
learning mastery (P) [21]. A strong positive
correlation was found (r =0.75, p <0.001),
indicating that higher engagement levels are
associated with better academic achievement

(Fig. 5).
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Figure 5: Relationship between Activity (A) and Learning
Mastery (P). Higher engagement correlates with better
academic achievement.

In addition, a very strong positive correlation was
observed between student engagement (A) and the
overall efficiency index (E) (r = 0.89, p < 0.001).
This result demonstrates that engagement is a key
contributing factor to student efficiency in the
proposed hybrid model (Fig. 6).

Overall, the statistical and graphical results
confirm that the Online Judge, gamification, and
monitoring mechanisms integrated into the Hybrid
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LMS positively influence students’ academic
efficiency by increasing their engagement.

a0

80

70

Efficiency Index (E)

60

60 70

Activity (A)

80

Figure 6: Relationship between Activity (A) and Efficiency
Index (E). Engagementisa primary driver of overall student
efficiency.

6 DISCUSSION

Theresults ofthis study demonstrate the effectiveness
of the proposed hybrid assessment model in
programming education. The student’s t-test results
confirmed that the experimental group achieved
significantly higher learning mastery scores than the
control group. This improvement can be attributed to
the integration of the Online Judge and automated
assessment mechanisms, which provide immediate
and objective feedback.

These findings are consistent with previous
studies. Ala-Mutka [3]and Thantola et al. [4] reported
thatautomated assessment systems improve students’
academic performance. These findings align with the
comprehensive review by Messer et al. [22], who
highlighted that such tools not only reduce instructor
workload but also provide essential formative
feedback fornovice programmers. In contrast to these
works, the present study extends automated
assessment by incorporating engagement monitoring,
thereby achievinga more comprehensive evaluation
approach.

The Pearson correlation analysis revealed a strong
relationship between student engagement (A) and
learning mastery (P). This result supports prior
research indicating that gamification increases
cognitive engagement and learning outcomes [ 6], [7].
Moreover, the very strong correlation between
engagement (A) and the overall efficiency index (E)
suggests thatstudent participation plays a central role
in determining learning effectiveness.

An important contribution of this study is the
integration of process-oriented indicators into the
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assessment framework. While learning analytics
dashboards [9] and cognitive diagnostic models [18]
provide valuable insights into student behavior and
knowledge states, they are often not directly linked to
summative assessment. The proposed hybrid model
addresses this gap by combining engagement and
learning mastery within a unified index.

Nevertheless, this study has certain limitations.
First, the experiment was conducted within a single
course at one institution. Second, engagement data
were unavailable for the control group, preventing
direct comparison of A and E between groups. Future
studies should evaluate the proposed model across
multiple courses and institutions.

7 CONCLUSIONS

This paper proposed a Hybrid LMS platform and a
hybrid assessment model forprogramming education.
The proposed approach integrates learning mastery
(P) and student engagement (A) into a unified
efficiency index (E), extendingtraditional assessment
methods by considering not only final learning
outcomes but also the learning process itself.

The results of the controlled quasi-experiment
demonstrate that students using the Hybrid LMS
achieved significantly higher academic performance
compared with those using a traditional LMS.
Statistical analysis revealed strong relationships
between student engagement, learning mastery, and
overall efficiency, confirming the important role of
engagement in achieving successful learning
outcomes.

The study demonstratesthe practical effectiveness
of combining automated assessment, gamification
elements, and activity monitoring within an
integrated learning platform. The proposed hybrid
assessment model provides a flexible framework that
can support data-driven evaluation and can be
adapted for other practice-oriented educational
disciplines.

8 FUTURE WORK

Future research will focus on validating the proposed
model across multiple courses, institutions, and
diverse student populations to evaluate its
generalizability. Further studies should investigate
the optimization of weighting coefficients within the
efficiency index and examine their influence on
assessment reliability.
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addition, the integration of artificial

intelligence techniques, including adaptive learning

algorithms

and personalized recommendation

systems, will be explored to provide individualized
learningpaths, real-time feedback,and more effective
support for student development.
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