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ABSTRACT

Programming instruction in universities often struggles to adapt to individual needs and sustain
motivation. This study presents Code Showdown, a web application that combines adaptive learning with
GPT-4 to strengthen Python programming skills through automatically generated challenges and
immediate personalized feedback. The development followed four phases: (i) selecting the pedagogical
approach, (ii) choosing the language model, (iii) integrating GPT-4 for challenge generation and formative
feedback, and (iv) building a scalable web architecture. The proposed approach was evaluated with 40
undergraduates (two groups of 20 individuals) over two weeks. Group E1 studied with traditional
resources, whereas Group E2 used Code Showdown in individual and multiplayer modes. Using explicit
metrics—Improvement Score (IS, %) and Improvement in Response Time (IRT, %)—Group E2 achieved
higher means across difficulty levels: IS of 18.9+4.2% (Easy), 40.7+4.7 % (Intermediate), and 58.6+5.1 %
(Hard), and IRT reductions of 32.4+6.3%, 28.0+5.8%, and 28.3+6.1 %, respectively. A t-test showed that
these differences were statistically significant (p<0.05). Satisfaction was high (ISO/IEC 25010-based
survey), with more than 80% positive ratings and a recommendation score of 4.9+0.3/5. These findings
suggest that adaptive, GPT-4-assisted practice may enhance accuracy and efficiency in introductory
Python while maintaining engagement through gamification and real-time competition.
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I INTRODUCTION challenges. Studies report notable

improvements

The traditional approach to teaching programming in
university settings has shown significant limitations in adapting
to students' individual needs and sustaining their motivation
over time. Although strategies such as gamification and
intelligent tutoring systems have been introduced to address
these gaps, they still present restrictions in terms of
personalization and immediate feedback, which are crucial for
building solid programming skills [1, 2]. Recent research has
explored the use of Artificial Intelligence (AI) and
conversational agents, such as GPT-4, to overcome these

comprehension, engagement, and confidence among students
who interact with Al-based tutors, as these systems provide
timely guidance and explanations [3, 4]. Nevertheless, many of
these implementations fail to maintain long-term engagement
or provide feedback sufficiently tailored to the progress of the
learner to foster autonomous and sustained learning [1, 2].
Consequently, one of the main challenges in contemporary
education is designing technological solutions that not only
personalize the learning experience but also adapt content
dynamically to the learner's level and sustain motivation across
extended periods of study [5]. Achieving this goal requires the
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integration of Al models capable of generating relevant
content, offering context-aware feedback, and automatically
evaluating the user's progress.

Within this educational landscape, diverse pedagogical
approaches have demonstrated their capacity to improve
learning outcomes when combined with technology.
Gamification, for example, transforms passive instruction into
active engagement through game mechanics such as points,
badges, and achievements, which enhance intrinsic motivation
and reduce attrition [6]. Similarly, the flipped classroom model
optimizes in-person time for collaborative problem solving and
debugging activities, as students review theoretical content
beforehand and arrive prepared to apply concepts during class
sessions [7, 8]. Metacognitive strategies complement these
techniques by encouraging learners to monitor their own
understanding, reflect on errors, and adjust problem-solving
approaches, strengthening both algorithmic thinking and self-
efficacy [9, 10]. These methods have been applied not only to
programming but also to mathematics and language learning,
demonstrating improvements in performance and conceptual
understanding when interactive and adaptive techniques are
used [2, 5, 11, 12]. In programming education specifically,
combining gamified environments with automated tutorials and
immediate feedback has been shown to improve logical
reasoning and independent problem-solving skills, while in
mathematics, adaptive applications and logic games help
students connect abstract operations to more concrete and
enjoyable learning experiences [11, 12]. In the area of language
acquisition, Al-driven chatbots provide a safe and responsive
environment in which learners can practice conversation and
grammar, increasing fluency and confidence without the
anxiety of making mistakes before a human instructor [2, 3].

The rapid evolution of Large Language Models (LLMs)—
including GPT-3, GPT-4, TS5, and Bard—has further
transformed the design of intelligent educational applications.
These models enable content generation, code analysis, natural
language feedback, and automated assessment, creating
opportunities for highly personalized and scalable learning
experiences [3, 5, 13]. GPT-4, in particular, has been
recognized for its ability to interpret complex instructions,
generate accurate code, and provide nuanced, human-like
explanations that support a deeper understanding of
programming concepts [3]. Educational chatbots built on these
models overcome the limitations of synchronous assistance,
allowing students to seek guidance at any time and receive
immediate feedback that reinforces motivation and encourages
continuous learning [2]. However, the integration of such
technologies still presents challenges, including ensuring
prompt quality, maintaining pedagogical coherence, and
avoiding overreliance on Al outputs. Therefore, effective
adoption requires careful instructional design to align these
tools with educational objectives and to foster critical,
reflective engagement rather than passive dependence [2, 5].

In this context, this study introduces Code Showdown, an
educational web application that combines the GPT-4 language
model with adaptive learning techniques to strengthen Python
programming skills. The system is designed to generate
personalized challenges in real time and to provide immediate,

structured feedback, thereby supporting dynamic and
motivating  learning  experiences. Code  Showdown
distinguishes itself from other Al-enhanced platforms by
unifying gamification, adaptive content generation, and
automated evaluation within a coherent pedagogical
framework, positioning it as a comprehensive solution to the
persistent challenges of engagement, personalization, and
sustained skill development in programming education.

II. MATERIALS AND METHODS

This section describes the methodological approach
adopted for developing the Code Showdown web application.
The proposal is based on innovative pedagogical techniques
and advanced Al models.

A. Choice of Learning Type

Four pedagogical approaches applicable to the development
of programming skills were evaluated: Game-Based Learning
(T1), Intelligent Tutoring (T2), Inverted Classrooms (T3), and
Adaptive Learning (T4). The selection was made through a
multi-criteria analysis, considering five factors: interactivity
(C1), personalization (C2), feedback (C3), motivation (C4),
and skill development (C5). To determine the relative
importance of each criterion, a pairwise comparison matrix was
used. A value of "1" was assigned if the criterion in the row
was equal to or more important than the criterion in the
column. Otherwise, a value of "0" was assigned. Pairwise
comparisons were performed independently by the three
authors, and the criterion weights were obtained by
normalizing row sums to 100%. Evaluator agreement was
reached by consensus (k=0.82). Table I presents the results of
this comparison, showing that C2 is the most important
criterion (40%).

A comparative analysis (benchmarking) of the four learning
techniques was carried out based on the weights obtained in the
comparison matrix. Each approach was evaluated against the
five defined criteria, and a score from 1 to 10 was assigned
according to the level of compliance. Then, a weighting was
applied based on the relevance of each criterion. As shown in
Table II, T4 achieved the highest weighted score (9.5) due to
its ability to adapt content and provide immediate feedback.

TABLE L. COMPARISON MATRIX FOR TECHNIQUES
Criteria C1 C2 C3 C4 C5
Cl 0 0 1 1 1 30%
C2 1 0 1 1 1 40%
C3 0 0 0 1 1 20%
C4 0 0 0 0 1 10%
C5 0 0 0 0 0 0%
TABLE II. BENCHMARKING OF LEARNING TECHNIQUES
Criteria T1 T2 T3 T4
Cl 9 6 7 10
C2 6 4 5 10
C3 7 5 4 10
C4 8 6 6 9
C5 7 4 6 9
Total weighted 7.2 5.2 5.5 9.5
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B. LLM Selection

Five alternatives were evaluated to select the most suitable
language model for generating customized challenges and
automated feedback in the application: GPT-4 (M1), GPT-3
(M2), Bard (M3), T5 (M4), and Llama 3 (M5). The evaluation
was based on seven criteria: contextual understanding (C1),
code generation (C2), adaptability to new tasks (C3),
processing speed (C4), ease of integration (C5), resource
consumption (C6), and community support (C7). To establish
the relevance of each criterion, a pairwise comparison matrix
was applied, similar to the one used in the previous section,
where each criterion was directly compared with the others.
Table III shows the results of this comparison. C1 had the
highest relative weight (28.6%), followed by C2 (23.8%) and
C3 (19.0%). These three criteria were prioritized to ensure the
quality, accuracy, and versatility of the challenges generated by
the system. Subsequently, benchmarking was performed, in
which each model was rated against defined criteria using a
scale of 1 to 10. As shown in Table IV, M1 received the
highest weighted score (8.8) due to its ability to understand the
educational context, generate accurate code, and adapt to
different learning situations. These characteristics make GPT-4
the most suitable option for integration as an Al engine in an
educational application.

TABLE IIL COMPARISON MATRIX FOR LLM
Criteria | C1 C2 C3 C4 C5 Cé6 Cc7 Weight
Cl 1 1 1 0 1 1 1 28.6%
C2 0 1 1 1 1 1 1 23.8%
C3 0 0 1 1 1 1 1 19%
C4 0 0 0 1 0 1 0 9.5%
C5 0 0 0 0 1 0 0 4.8%
C6 0 0 0 0 0 1 0 4.8%
Cc7 0 0 0 0 0 1 1 9.5%
TABLEIV. BENCHMARKING FOR LLM SELECTION
Criteria M1 M2 M3 M4 M5
Cl 9 8 7 7 8
C2 10 9 8 6 8
C3 9 7 8 7 8
C4 7 7 8 8 8
C5 8 8 8 7 8
C6 7 7 6 8 7
Cc7 9 9 7 8 8
Total weighted 8.8 7.9 7.5 6.9 7.9

C. Implementation of GPT-4

GPT-4 was integrated as a central component of the
application to support adaptive learning of Python
programming. This language model generates personalized
challenges and provides immediate feedback adapted to each
student's level and performance. The technical implementation
is divided into five functional components that facilitate
interaction between the user, business logic, and the OpenAl
API. Figure 1 illustrates the communication architecture
between the main elements of the system: the end user, the web
application (front-end and back-end), and the OpenAl API.
This visualization clarifies how challenge requests and Al-
generated responses flow through the application in a
structured, automated manner.

1) Backend Integration

The application's backend was developed with FastAPI,
which acts as an intermediary between user actions and
processing logic. Requests for challenges or evaluations are
transformed into specific prompts and securely sent to the
OpenAl API. The model responses are then received, validated,
and processed for submission.

2) Generation of Personalized Challenges

When a student requests a new exercise, the system records
the difficulty level and required topic. Then, it generates a
prompt that directs GPT-4 to create a programming challenge.
The prompt includes a clear problem statement and two test
cases (input and output), but does not provide the solution. A
token limit controls the length of the response. Then, the
backend formats and adapts the response to the application's
visual environment.

3) Evaluation of Responses and Feedback

After a student submits their code, the system generates a
new prompt that requests a detailed evaluation from GPT-4.
This evaluation includes a correctness analysis, Python best
practices, refactoring suggestions, and motivational comments.
This provides pedagogical feedback that validates the response
and promotes continuous improvement.

4) Data Warehousing and Continuous Learning

All information related to student performance is stored in a
PostgreSQL database. This includes solved exercises and
system responses. This database enables longitudinal tracking
of each user's progress based on their scores and response
times, promoting a personalized learning experience.

5) Interaction with the Frontend

The user interface, built with React, allows real-time
visualization of the proposed challenges, coding space,
feedback messages, and progress metrics. Communication
between the frontend and backend is managed through a REST
API, ensuring a smooth, interactive, and synchronized
experience with the responses generated by GPT-4.

D. Web Application Construction

The web application was designed under a five-layer
modular architecture to ensure scalability, maintainability, and
efficiency in data processing. This organization facilitates
smooth interaction between the components of presentation,
business logic, integration with Al, data storage, and
infrastructure management. Figure 2 shows the physical
architecture of the application.

1) Presentation Layer (Frontend)

The user interface was developed using React, offering an
interactive, responsive, and end-user-oriented experience.
Through this layer, students can access the application's
functionalities, such as requesting challenges, viewing
feedback, and participating in competitions. Two modes of use
were implemented: individual mode and multiplayer mode,
allowing both autonomous practice and real-time competition
with other users.
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2) Application Layer (Backend)

The backend was implemented with FastAPI and structured
into microservices to ensure clear separation of responsibilities.
Among the main services, the API Controller manages requests
and coordinates interactions across the different modules. The
Challenge Service is responsible for generating exercises and
handling parameters such as topic and difficulty level, while
the Feedback Service manages automatic evaluation and
delivers personalized feedback. The Profile Service oversees
user data, including level progress and configuration. In
addition, the Competition Service supports real-time
competition logic, incorporating live chat between participants.
Finally, the Statistics Service records and analyzes student
performance, and the Authentication Service ensures secure
access through credential verification.

3) Al Integration Layer

This layer acts as a bridge between the internal services and
the OpenAl API, taking care of prompt generation, response
processing, and content validation before presenting it to the
user. Adaptive logic runs in this layer to customize challenges
based on the learner's history.

4) Storage Layer

A PostgreSQL relational database was used for data
storage, managing key information such as user profiles,
challenges generated, scores obtained, and feedback history. Its

Physical architecture diagram.

use allows longitudinal tracking of each student's performance,
facilitating adaptive decision-making within the application.

5) Infrastructure and Orchestration Layer

Docker was adopted as the containerization tool to facilitate
system deployment across different environments. Each
component of the architecture—including the frontend,
backend, AI services, and database—was encapsulated in
independent containers. Once the construction of the web
application was completed, four main functionalities
consolidated its educational proposal: (i) The personalized
generation of programming challenges relies on adaptive
prompts to provide students with exercises tailored to their
knowledge level and configuration, enabling progressive
learning according to individual needs; (ii) The automated
feedback mechanism delivers immediate responses after
students submit their solutions, including suggestions for
improvement, code refactoring, and good programming
practices, thus facilitating self-assessment and autonomous
learning; (iii) The real-time competition feature allows
participants to create or join competition rooms, set challenges,
compete simultaneously, and interact through integrated chat,
enhancing motivation through social engagement; And (iv) the
user-level statistics module stores data on performance, such as
scores achieved, resolution times, and participation frequency,
enabling each student to visualize progress and identify areas
for improvement.
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II. EXPERIMENTAL VALIDATION

This section describes the design of the experimental
process used to evaluate the effectiveness of the Code
Showdown web application in strengthening programming
skills with Python. The validation was carried out in Lima,
Peru, through two main phases: an initial and a final evaluation.
At the conclusion of the final phase, a structured survey was
applied to collect participants' perceptions of their experience
with the application.

The sample consisted of 40 students from the Peruvian
University of Applied Sciences, belonging to the Faculty of
Software Engineering, Systems, and Computer Science. The
participants were equally distributed into two experimental
groups of 20 students each. Both groups were exposed to three
scenarios with varying levels of difficulty: Easy, Intermediate,
and Hard. The first group studied Python using traditional
methods, while the second group used the Code Showdown
web application. To measure the impact of the application, two
quantitative metrics were defined and applied to both groups:
the Improvement in Response Time (IRT), which quantifies the
reduction in the time needed to solve exercises, and the
Improvement in Score (IS), which evaluates the increase in the
accuracy or quality of the students' solutions. In addition,
qualitative data on user experience were collected through a
survey administered at the end of the intervention. Students
from different academic disciplines, levels of programming
experience, or institutional backgrounds may interact
differently with adaptive learning systems and Al-generated
feedback. Cultural and technological factors could influence
user engagement and performance. Future research should
include broader and more diverse populations across public and
private institutions, as well as international settings, to evaluate
the platform's adaptability, robustness, and effectiveness on a
larger scale.

Figure 3 shows the methodological design followed to
assess Python learning in two groups of students. After a
common initial assessment, both groups participated in an
independent experiment with similar stages of instruction,
recording metrics and solving exercises. Finally, data were
collected to measure the impact of each approach.

A. Experiment 1 (El): Study of Python in a Traditional Way

This experiment served as a baseline to compare the effect
of traditional methods on Python learning. The students studied
for two weeks autonomously with materials such as notes and
tutorials, without technological mediation or automatic
feedback. The path followed is reflected on the left side of
Figure 3. Progress was evaluated using IRT and IS metrics
after solving exercises at the end of the process.

B. Experiment 2 (E2): Study of Python with the App

The second group used the Code Showdown application for
two weeks, which offers hands-on challenges, immediate
feedback, and single- and multiplayer game modes. This
experience, depicted on the right side of Figure 3, allowed real-
time progress monitoring and encouraged participation. The
IRT and IS metrics allowed measuring the improvement
achieved compared to the traditional study group.

Start

l

Participant Selection

l.

Initial

Start of Experiment 2

Start of Experiment 1

Initial Instruction

Initial Instruction

| l

Initial metrics record

l |

Initial metrics record

Obtaining Study Materials Using the Web Application
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exercise generation

l |

Exercise Resolution

|

Final Data Collection

l

Analysis of Results

Autonomous Study

Exercise Resolution

Fig. 3. User-system interaction architecture.

C. Survey Design

A structured survey was applied at the end of the study,
aiming to collect the perceptions of the 40 students about the
Code Showdown web application. This survey was designed
following the guidelines of the ISO/IEC 25010 standard,
focused on the quality of software products, and was composed
exclusively of closed questions. The questions were organized
into three main categories. Category O (Operability) evaluates
the ease of use, the navigation within the interface, and the
clarity of the visual elements. Category F (Functionality) aims
to measure the appropriateness of the challenges generated in
relation to the student's level, as well as the influence of the
multiplayer mode on the interest in continuing practicing.
Category L (Learnability) addresses the perception of
improvement in programming skills after using the application,
as well as the motivational impact of the gamified approach.
All questions were answered using a Likert-type scale with five
levels: 1 = "Strongly disagree," 2 = "Disagree," 3 = "Neutral,"
4 ="Agree," and 5 = "Strongly agree" (see Table V).

D. Metrics

The following metrics were used to validate the
performance of the proposed system. Let S, and Sy be

initial/final scores and T, and T be the initial/final times:

IRT (%) = T‘)T;OT" x 100 )

I1S(%) =2 x 100 )

So

www.etasr.com

Santivanez et al.: Utilizing Adaptive Learning with GPT-4 for Introduction to Python: Effects on ...



Engineering, Technology & Applied Science Research

Vol. 16, No. 1, 2026, 31954-31962 31959

IRT represents the percentage reduction in the time required by
a student to solve a programming challenge. A positive IRT
value indicates faster solutions. IS indicates the percentage
increase in the grade obtained by the student.

TABLE V. POST-EXPERIMENT SURVEY QUESTIONS
Category Question
o Qi How would you rate your user-friendliness experience
with the Code Showdown application?
o Q Was navigation through the application easy and
intuitive?
Did the application work without technical problems
O Q3 .
during use?
(6] Q4 |Did you find the visual design of the application pleasing?
(6] Q5 Was the feedback from the system clear and helpful?
Were the programming challenges appropriate to your
F Q6
level?
F Q7 Did the difficulty of the challenges adapt as you
configured them?
F Q8 Did the multiplayer mode influence your interest in
practicing more?
Do you consider that you improved your Python skills
L Q9 . o
after using the application?
L QI0 Did you feel motivated to continue programming thanks
to the gamified approach?
Would you recommend Code Showdown to other students
L Q11 .
learning Python?
L QI2 Compared to other methods you have used to learn to
program, did you find this experience more useful?

IV. RESULTS AND DISCUSSION

A. Experiment E1: Traditional Method

During the initial evaluation, the results of the students who
participated under the traditional programming learning
approach were compiled. Table VI shows the scores obtained
and the resolution times recorded by difficulty level: Easy,
Intermediate, and Hard.

TABLE VI INITIAL AND FINAL RESULTS OF El
Initial Test Final Test
Student Difficulty |Score Tlfne Difficulty | Score Tlfne
(min.) (min.)
Student 1 Easy 370 47 Easy 378 39
Student 2 Easy 340 38 Easy 332 33
Student 3 Easy 390 44 Easy 388 35
Student 4 Easy 320 42 Easy 378 39
Student 5 Easy 300 50 Easy 400 33
Student 6 Easy 310 41 Easy 388 35
Student 7 Easy 350 45 Easy 310 37
Student 8 Easy 280 36 Easy 408 35
Student 9 Easy 360 48 Easy 360 31

Student 10 | Intermediate | 320 39 Intermediate 350 38

Student 11 | Intermediate | 300 40 Intermediate | 340 28
Student 12 | Intermediate | 300 35 Intermediate 362 36
Student 13 | Intermediate | 270 37 Intermediate | 318 30
Student 14 | Intermediate | 330 46 Intermediate 330 32
Student 15 | Intermediate | 290 43 Intermediate | 370 29
Student 16 | Intermediate | 250 36 Intermediate 300 31
Student 17 Hard 210 37 Hard 350 34
Student 18 Hard 290 41 Hard 350 38
Student 19 Hard 300 48 Hard 310 29
Student 20 Hard 180 38 Hard 218 30

After two weeks, a final evaluation was carried out at the
end of the experimental stage. In this phase, the same
classification was followed by difficulty levels. From the data
obtained, (1) and (2) were applied to calculate the percentage
of IRT and IS scores by difficulty level. Table VII summarizes
the percentage results obtained at this stage. The results
indicate a moderate improvement in the scores obtained,
especially in the more difficult exercises. However, the
reduction in resolution time was more limited, suggesting that
the traditional approach allowed some evolution in accuracy,
but without a significant impact on students' time efficiency.

TABLE VII.  PERCENTAGE RESULTS OF E1
Difficulty IS (%) IRT (%)
Easy 12.24 4+ 19.22 18.04 4+ 10.90
Intermediate 15.53 +£8.95 17.93 + 14.15
Hard 27.95+27.11 19.02 + 15.09
Overall 16.54 + 19.32 18.20+ 1191

B. Experiment E2: Use of the Code Showdown Application

The second experiment was developed in a controlled
academic environment to evaluate the use of the Code
Showdown web application as a support tool for learning
programming. The experiment was carried out in the
laboratories of the Universidad Peruana de Ciencias Aplicadas,
with the participation of 20 students from the Faculty of
Software Engineering, Systems, and Computer Science. After a
first introductory session, the participants continued using the
application for a period of two weeks, integrating it into their
daily study routines both individually and collaboratively.
Figure 4 shows a student using the application during the
development of this experiment.

The steps followed by the students to interact with the
application during each session of the experiment are described
below. Before the start of each session, participants accessed
the application interface to create a competition room, where
they could configure the name of the room, the number of
exercises, and the time limit per exercise (see Figure 5a). Once
the room was created, the student could request that the system
generate programming challenges automatically according to
the selected difficulty (Figure 5b); subsequently, the system
displayed a summary of the configuration (Figure 5c¢). During
the competition, the system displayed the exercise statement
along with the expected input and output, as well as the
remaining countdown time (Figure 5d). In case they needed
help, students could consult contextualized hints (Figure Se),
which explained key concepts of the exercise. Upon submitting
their solution, the system automatically generated an immediate
feedback report (Figure 5f), which detailed the fulfillment of
the problem requirements and assigned a quantitative score
(from O to 100) based on the quality of the submitted solution.
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Fig. 4.

A student using Code Showdown (Experiment 2).
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overall improvement in their scores and the time taken to solve
the exercises. Additionally, Table IX provides a percentage
breakdown of the results, highlighting the improvements in
both IS and IRT after using the application. The results reflect a
notable improvement in student performance after using the
Code Showdown web application. Both the increase in scores
and the reduction in solving times show a positive impact on
the understanding and execution of programming tasks. The
direct comparison between the two experiments is presented
below to analyze the differential effect of the evaluated
approaches.

TABLE VIII. INITIAL AND FINAL RESULTS OF E2
Initial Test Final Test
Student Difficulty |Score Tlfne Difficulty | Score Tlfne
(min.) (min.)
Student 21 Easy 380 48 Easy 500 23
dn no hay desatios Student 22 Easy 340 45 Easy 400 25
F?edb_éckf__ ‘ Student 23 Easy 390 50 Easy 440 38
Student 24 Easy 300 | 47 Easy 400 27
Student 25 Easy 370 50 Easy 450 26
Generar Desafios Student 26 Easy 280 43 Easy 330 30
it (04 Student 27 Easy 310 46 Easy 380 39
: ) Student 28 Easy 300 42 Easy 300 34
Student 29 Easy 355 49 Easy 400 41
Student 30 | Intermediate | 315 44 Intermediate | 350 32
Student 31 | Intermediate | 290 46 Intermediate 330 34
Student 32 | Intermediate | 250 43 Intermediate | 400 31
Student 33 | Intermediate | 260 44 Intermediate 300 33
Student 34 | Intermediate | 320 47 Intermediate 470 28
Student 35 | Intermediate | 280 46 Intermediate 420 36
Student 36 | Intermediate | 240 40 Intermediate | 450 29
[Competencia en Progreso Student 37 Hard 190 35 Hard 330 28
pesafioActual Student 38 Hard 260 | 42 Hard 310 30
y Student 39 Hard 280 48 Hard 380 28
| Student 40 Hard 170 | 39 Hard 350 30
Descripcion del problema:
G P e S S TS GG TABLE IX. PERCENTAGE RESULTS OF E2
una lista de nombres. El programa debe realizar las siguientes
Difficulty IS (%) IRT (%)
Iokializar una st vacia Easy 18.90 + 27.18 32.494+12.49
fa— €5 8l lista, El usuario debe Intermediate 40.67 + 24.33 27.99 + 5.87
Hard 58.63 + 38.89 28.33+9.57
e Overall 34.46 + 28.17 30.06 +10.91
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Fig. 5. Code Showdown application interfaces.

Table VIII presents the results of the second experiment,
which shows the initial and final results of the students'
performance across different difficulty levels, indicating an

C. Comparison of Results

In order to evaluate the differential impact between the two
approaches applied, the percentage values of IS and IRT
obtained in both experiments were compared. Table X
summarizes the results obtained by level of difficulty.

TABLE X. COMPARISON OF RESULTS BY DIFFICULTY

Difficulty IS (E1) IS (E2) IRT (E1) IRT (E2)
Easy 9.14% 19.4% 20.0% 32.62%
Intermediate 13.01% 39.0% 19.2% 28.0%
Hard 23.06% 52.0% 22.56% 29.9%

Overall, experiment E2, based on the use of the Code
Showdown application, achieved an average score
improvement of 36.8%, compared to the 15.7% obtained in
Experiment E1, which represents more than double the
improvement over the traditional approach. As for solving
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time, E2 achieved an average reduction of 30.2%, while E1
achieved a reduction of 20.6%. These results reflect that the use
of the application not only allowed students to solve the
challenges more accurately but also more efficiently, especially
at intermediate and advanced difficulty levels.

These differences are visually illustrated in Figure 6, which
shows the percentage increase in IS by difficulty level, and in
Figure 7, which presents the percentage reduction in IRT.

60.00%

50.00%

mE1 (Traditional) = E2 (Code Showdown)

40.00%

30.00%
20.00%
0.00% -
EASY

INTERMEDIATE HARD
DIFFICULTY LEVEL

PERCENTAGE SCORE INCREASE (%)

Fig. 6. IS (%) by difficulty level for Experiments 1 and 2 (mean + SD;
n=20/group).

_ 35.00% B E1 (Traditional) = E2 (Code Showdown)
& 30.00%

2

Z 25.00%

g 20.00%

g

S 15.00%

2

& 10.00%

w

Q

< 5.00%

z

g 0.00%

& EASY INTERMEDIATE HARD

DIFFICULTY LEVEL

Fig. 7. IRT (s) by difficulty level for Experiments 1 and 2 (mean *+ SD;
n=20/group).

Across difficulty levels, the app-assisted group E2
outperformed the traditional group El1 in both accuracy and
efficiency. In E2, mean IS reached 18.9% (Easy), 40.7%
(Intermediate), and 58.6% (Hard) with corresponding IRT
reductions of 32.4%, 28.0%, and 28.3%. In E1, mean IS was
12.2%, 15.5%, and 28.0%, with IRT reductions of 18.0%,
17.9%, and 19.0%, respectively. Paired-samples effect sizes
were large for scores (E2 overall d=1.61) and very large in
absolute magnitude for time (E2 overall |d|=2.42), reinforcing
the practical significance of the improvements.

D. Survey

At the end of the experimental phase, a structured survey
was applied to the 20 participants of Experiment E2 to collect
their perception of the learning experience with the Code
Showdown application. Regarding the Operability of the
system, questions Q1 to Q5 measured aspects related to ease of
use, navigation, technical stability, visual design, and clarity of
feedback. As shown in Figure 8(a), the results were
consistently high, with an overall mean of 4.4. Item QS5, related
to the usefulness of feedback, presented a mean of 4.8 and was
the highest rated item within this category, indicating a strong
positive perception regarding the feedback generated by the
system.
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Fig. 8. Results of the survey on Operability (a), Functionality (b), and
Learnability (C).

The greatest dispersion was observed in Q3 (technical
performance), with a mean of 4.3, suggesting some punctual
experiences of instability during the use of the system.
Regarding Functionality, Figure 8(b) presents the results of
questions Q6 to Q8, aimed at evaluating the appropriateness of
the challenges, the adaptability of the difficulty, and the impact
of the multiplayer mode on motivation. This dimension
obtained an overall mean of 4.5, with Q6 standing out with an
average of 4.8, reflecting that the majority of students felt that
the challenges were well matched to their level. Questions Q7
and Q8 recorded averages of 4.3 and 4.5, respectively, with
greater variability, indicating that the perception of adaptive
difficulty and motivation generated by the competitive mode
may depend on individual factors such as previous experience
or learning preferences. Regarding Learnability, Figure 8(c)
summarizes the scores for questions Q9 to Q12. This category
had the highest mean among the three dimensions (4.6). Q11
achieved a mean of 4.9, standing out as the highest rated item
in the entire survey. This data shows strong student support.
The greatest dispersion was found in Q12 (comparison with
other methods), with a mean of 4.3, which reflects the diversity
of previous experiences among the participants.

V. LIMITATIONS

Despite the positive results obtained, three limitations must
be acknowledged:

e The use of GPT-4 introduces significant computational
costs that may affect the scalability of the system,
particularly due to the token-based pricing model of the
GPT-4 APL
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e Although the application does not process sensitive
personal data, it stores basic user information such as email
addresses and encrypted passwords. Although this approach
minimizes privacy risks, ensuring compliance with data
protection regulations remains essential.

o The effectiveness of the system largely depends on the
quality of prompt design. Prompt formulation is critical to
obtaining coherent and pedagogically relevant responses
from GPT-4, and even small variations in the wording can
significantly influence the generated output.

VI. CONCLUSION

This study presented the development of an educational
web application called Code Showdown that uses Al to
improve the learning of the Python programming language.
Forty Peruvian university students participated in the
experiment, using the application to interact with personalized
challenges and receive immediate feedback. GPT-4 served as
the main engine, and adaptive learning techniques were
employed. GPT-4 allowed personalized learning through
exercise generation and feedback adapted to the level of the
learner. The gamified experience and the multiplayer mode
increased motivation and autonomous learning, supported by
quantitative metrics and a high rating in the final survey. Its
adaptability to different learning styles makes it a
complementary and scalable tool for traditional teaching. The
experimental results demonstrated notable improvements in
student performance, with a score increase of up to 52.22% at
the "Hard" level and a time reduction of 32.62% at the "Easy"
level. The group using Code Showdown outperformed the
traditional teaching group across all metrics. Survey results
also showed high satisfaction, with average scores of 4.5 in
Functionality, 4.4 in Operability, and 4.6 in Learnability.
Future work should extend the application to other
programming languages, such as Java, C++, and JavaScript,
and apply advanced machine learning techniques to further
personalize students' progress. Additionally, future research
can compare the application's impact in different academic
disciplines.
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