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Abstract—Artificial Intelligence (AI) has emerged as a 

transformative force in education by enabling adaptive, 

personalized, and data-driven learning environments. 

This study proposes and empirically evaluates an AI-

Empowered Learning Ecosystem (AILEE) designed to 

enhance learning outcomes in Python programming. A 

quasi-experimental pre-test/post-test design was 

employed with 60 undergraduate students divided into 

control and experimental groups. The control group 

received traditional instruction, while the experimental 

group used the AILEE system incorporating adaptive 

learning modules, AI-based tutoring, and automated 

feedback. Statistical analysis revealed significant 

improvements in learning outcomes for both groups, 

with the experimental group achieving significantly 

higher post-test scores (t = -3.48, p = 0.0009). The effect 

size (Cohen’s d = 0.86) indicates a large educational 

impact. The results demonstrate the effectiveness of AI-

driven learning ecosystems in improving programming 

education. 

 

Index Terms—Artificial intelligence in education, 

adaptive learning, intelligent tutoring systems, Python 

programming, learning analytics. 

 

I. INTRODUCTION 

 

Artificial Intelligence (AI) has gained increasing 

importance in education due to its ability to deliver 

personalized learning experiences, automate 

instructional support, and analyze learner behavior. 

Traditional instructional approaches often fail to 

address learner diversity and provide timely 

feedback, particularly in technical subjects such as 

computer programming. Python programming, in 

particular, poses challenges for novice learners due to 

its abstract concepts and logical complexity. 

Recent advancements in AI technologies, including 

machine learning and conversational agents, enable 

intelligent educational systems to model learner 

performance and deliver adaptive content. However, 

many existing solutions operate as isolated tools 

rather than integrated systems. There is a growing 

need for holistic AI-driven learning ecosystems that 

unify learner data, intelligent algorithms, 

instructional services, and continuous feedback. 

This study proposes the AI-Empowered Learning 

Ecosystem (AILEE), a layered AI-based framework 

designed to enhance learning outcomes and student 

engagement in Python programming. The objective 

of this research is to empirically evaluate the 

effectiveness of AILEE compared to traditional 

instructional methods. 

 

II. BACKGROUND AND RELATED WORK 

 

Artificial Intelligence (AI) has gained substantial 

attention in the field of education due to its potential 

to enhance learning personalization, instructional 

efficiency, and learner engagement. Traditional 

educational systems often struggle to accommodate 

diverse learner profiles and provide timely 

individualized feedback, which are critical factors for 

effective learning outcomes (Holmes et al., 2019). 

The limitations of conventional teacher-centered and 

static e-learning approaches have motivated the 

development of AI-driven educational technologies 

capable of adapting to individual learner needs. 

Intelligent Tutoring Systems (ITS) represent one of 

the earliest and most successful applications of AI in 

education. These systems model learner behavior and 

deliver adaptive instructional feedback based on 

cognitive and affective states (Roll & Wylie, 2016). 
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Empirical studies have consistently demonstrated that 

ITS significantly improve conceptual understanding 

and academic performance compared to traditional 

instructional methods (D’Mello & Graesser, 2015). 

Furthermore, affective computing techniques enable 

ITS to detect learner emotions such as frustration and 

confusion, allowing systems to respond with 

appropriate motivational strategies (Fernández-

Herrero, 2024). 

Adaptive learning systems based on machine learning 

algorithms further extend personalization by 

dynamically adjusting content sequencing, difficulty 

levels, and learning pathways (Khosravi et al., 2022). 

These systems analyze learner interaction data and 

optimize instructional strategies in real time. 

Research published in Computers & Education and 

Smart Learning Environments indicates that adaptive 

learning platforms significantly improve learner 

retention rates, assessment scores, and learning 

efficiency (Lin et al., 2023). 

The emergence of conversational agents and large 

language models has introduced new possibilities for 

AI-powered instructional support. Chatbots and 

virtual teaching assistants are increasingly deployed 

in educational settings to provide automated 

guidance, explain concepts, and support formative 

assessment (Winkler & Söllner, 2018). Studies show 

that students interacting with conversational AI 

systems demonstrate higher engagement levels and 

improved task completion rates compared to students 

in traditional learning environments (Zawacki-

Richter et al., 2019). 

Despite these advancements, most existing AI-based 

educational solutions focus on isolated tools or single 

functionalities, such as adaptive quizzes or chat-

based tutoring. This fragmented approach limits 

institutional scalability, interoperability, and long-

term sustainability. There is a growing consensus in 

the literature that future educational systems should 

adopt integrated ecosystem-based architectures that 

combine adaptive learning, intelligent tutoring, 

learning analytics, and institutional feedback 

mechanisms within a unified framework (Roll & 

Wylie, 2016; Holmes et al., 2019). 

In response to these challenges, this study proposes 

the AI-Empowered Learning Ecosystem (AILEE), a 

holistic AI-driven educational framework that 

integrates multiple AI components into a layered 

architecture. Unlike prior approaches that emphasize 

individual AI tools, AILEE offers an ecosystem-level 

solution that enables continuous personalization, real-

time feedback, and scalable institutional deployment. 

By empirically evaluating AILEE in a real 

educational setting, this study contributes novel 

evidence to the growing body of research on AI-

powered learning ecosystems. 

 

III. ARCHITECTURE OF AILEE 

 

The AI-Empowered Learning Ecosystem (AILEE) is 

structured as a layered framework integrating 

multiple AI components to support personalized and 

adaptive learning. The system architecture is 

illustrated in Figure 1. 

 
Figure 1. Architecture of the AI-Empowered Learning Ecosystem (AILEE) 
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The AI-Empowered Learning Ecosystem (AILEE) is 

designed as a layered architecture that integrates data 

management, artificial intelligence, and instructional 

services to support adaptive and personalized 

learning. The architecture consists of five core layers: 

Interface Layer, Application Layer, AI Engine, Data 

Layer, and Analytics and Feedback Layer. 

 

The Interface Layer provides access to students and 

instructors through dashboards that enable content 

delivery, progress monitoring, and interaction with 

the system. The Application Layer hosts educational 

services such as adaptive learning modules, AI-based 

tutoring, automated assessments, and real-time 

feedback mechanisms. 

 

The AI Engine is the core intelligence component 

responsible for learner modeling, recommendation 

generation, and natural language processing. It 

analyzes learner behavior and performance data to 

dynamically personalize learning paths and 

instructional support. The Data Layer stores learner 

profiles, assessment records, and engagement logs, 

serving as the primary repository for system 

operations. 

 

Finally, the Analytics and Feedback Layer 

continuously monitors learning outcomes and system 

performance. It generates learning analytics reports 

and updates system parameters to improve 

recommendation accuracy and instructional 

effectiveness. This layered design enables scalability, 

modularity, and continuous optimization of the 

learning ecosystem. 

 

IV. METHODOLOGY 

 

4.1 Research Design 

A quasi-experimental research design with pre-test 

and post-test was adopted to evaluate the 

effectiveness of the proposed AI-Empowered 

Learning Ecosystem (AILEE). The study involved 60 

undergraduate students enrolled in a Python 

programming course. The participants were randomly 

divided into two groups: a control group (n = 30) and 

an experimental group (n = 30). 

 

Both groups were taught the same syllabus over a 

period of five weeks. The control group received 

traditional classroom instruction, while the 

experimental group used the AILEE platform, which 

provided adaptive learning modules, AI-based 

tutoring support, and automated feedback. 

 

Learning performance was measured using a 20-item 

knowledge test administered before and after the 

intervention. Student engagement data were collected 

through Google Classroom activity logs. Statistical 

analysis was performed using paired sample t-tests to 

examine within-group learning gains and independent 

sample t-tests to compare post-test performance 

between groups. Effect size was calculated using 

Cohen’s d to determine the magnitude of the 

intervention effect. 

 

4.2 Participants 

Sixty undergraduate students participated in the 

study, with 30 students assigned to each group. 

 

Table 1. Participant Distribution 

 

4.3 Instruments 

A 20-item Python knowledge test was used for both 

pre-test and post-test. Engagement data was collected 

from Google Classroom logs. 

 

4.4 Procedure 

Both groups studied the same Python syllabus over 

five weeks. The experimental group used AILEE, 

while the control group followed traditional 

instruction. 

 

V. RESULTS 

 

This section presents the statistical analysis of 

learning outcomes and engagement to evaluate the 

effectiveness of the proposed AI-Empowered 

Learning Ecosystem (AILEE). Descriptive and 

inferential statistics were computed to compare the 

performance of the control and experimental groups. 

 

Group Number of Students 

Control Group 30 

Experimental Group (AILEE) 30 

Total 60 
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5.1 Descriptive Statistics 

 

Table 2. Descriptive Statistics of Learning Scores 

 

Table 2 summarizes the pre-test and post-test scores 

of both groups. The control group achieved a pre-test 

mean score of 11.97 (SD = 1.63) and a post-test mean 

score of 16.57 (SD = 1.50). The experimental group 

recorded a pre-test mean score of 11.07 (SD = 1.84) 

and a post-test mean score of 17.80 (SD = 1.45). 

These results indicate that both groups exhibited 

substantial improvement in learning outcomes after 

the instructional intervention. However, the 

experimental group demonstrated higher post-test 

performance compared to the control group. 

 

5.2 Inferential Statistics 

To examine the effectiveness of the proposed AI-

Empowered Learning Ecosystem (AILEE), 

inferential statistical analyses were conducted using 

paired sample t-tests and independent sample t-tests. 

 

5.2.1 Within-Group Learning Gains 

Paired sample t-tests were performed to compare pre-

test and post-test scores within each group. The 

results revealed a statistically significant 

improvement in the control group, with post-test 

scores (M = 16.57, SD = 1.50) significantly higher 

than pre-test scores (M = 11.97, SD = 1.63), t(29) = -

14.94, p < 0.001. This indicates that traditional 

instruction resulted in meaningful learning gains. 

Similarly, the experimental group demonstrated a 

highly significant improvement after using the 

AILEE system. Post-test scores (M = 17.80, SD = 

1.45) were significantly higher than pre-test scores 

(M = 11.07, SD = 1.84), t(29) = -19.86, p < 0.001. 

The magnitude of improvement in the experimental 

group was greater than that of the control group, 

suggesting that AILEE provided additional learning 

benefits beyond conventional teaching methods. 

 

5.2.2 Between-Group Comparison 

An independent samples t-test was conducted to 

compare post-test scores between the control and 

experimental groups. The results indicated a 

statistically significant difference in performance, 

with the experimental group achieving higher scores 

(M = 17.80, SD = 1.45) than the control group (M = 

16.57, SD = 1.50), t(58) = -3.48, p = 0.0009. 

This result confirms that students who used the 

AILEE system outperformed those who received 

traditional instruction, thereby validating the 

effectiveness of the proposed learning ecosystem. 

 

5.2.3 Effect Size Analysis 

To assess the practical significance of the observed 

differences, effect size was calculated using Cohen’s 

d. The effect size for the post-test comparison 

between the experimental and control groups was 

0.86, which is considered a large effect according to 

standard interpretation guidelines. 

This large effect size indicates that the AILEE system 

had a substantial positive impact on student learning 

outcomes and that the observed differences are not 

only statistically significant but also educationally 

meaningful. 

 

Table 3. Learning Gain Comparison 

 

The results indicate significant learning gains in both 

groups, with the experimental group demonstrating 

superior performance. 

 

VI. DISCUSSION 

 

The present study aimed to empirically evaluate the 

effectiveness of the AI-Empowered Learning 

Ecosystem (AILEE) in enhancing learning outcomes 

in Python programming education. The results 

provide compelling evidence that the integration of 

artificial intelligence into instructional environments 

can significantly improve student performance and 

Group 
Pre-test 

Mean 

Pre-test 

SD 

Post-test 

Mean 

Post-test 

SD 

Control 11.97 1.63 16.57 1.50 

AILEE 11.07 1.84 17.80 1.45 

Comparison t-value p-value Cohen’s d 

Pre vs Post (Control) -14.94 < 0.001 — 

Pre vs Post (AILEE) -19.86 < 0.001 — 

Post Control vs AILEE -3.48 0.0009 0.86 



© February 2026 | IJIRT | Volume 12 Issue 9 | ISSN: 2349-6002 

IJIRT 192844 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 3522 

engagement when compared to traditional teaching 

approaches. 

The descriptive analysis indicated that both the 

control and experimental groups demonstrated 

substantial improvement from pre-test to post-test. 

This finding suggests that structured instructional 

design plays an important role in supporting learning 

in programming education. However, the 

experimental group achieved consistently higher 

post-test scores, indicating that the personalized and 

adaptive features of AILEE contributed to superior 

learning outcomes. This aligns with previous research 

that emphasizes the effectiveness of adaptive learning 

systems and intelligent tutoring systems in supporting 

individualized learning pathways (Lin et al., 2023; 

Roll & Wylie, 2016). 

 

The inferential statistics further reinforced these 

observations. The paired sample t-tests revealed 

statistically significant learning gains in both groups, 

with the experimental group exhibiting a larger 

magnitude of improvement. This suggests that while 

traditional instruction can facilitate learning, AI-

driven personalization enhances the depth and 

efficiency of knowledge acquisition. The independent 

samples t-test demonstrated a significant difference 

between post-test scores, favoring the experimental 

group. The large effect size (Cohen’s d = 0.86) 

indicates that the observed improvement is not only 

statistically significant but also educationally 

meaningful. Such a large effect is rarely observed in 

short-term educational interventions and highlights 

the practical impact of AILEE on learner 

performance. 

 

From a pedagogical perspective, the superior 

performance of the experimental group can be 

attributed to several core features of the AILEE 

system. First, the adaptive learning modules allowed 

students to progress at their own pace, enabling 

weaker learners to receive additional support while 

allowing advanced learners to engage with more 

challenging content. Second, the AI-based tutoring 

component provided real-time feedback and 

conceptual clarification, which reduced cognitive 

load and prevented the accumulation of 

misconceptions. These features are consistent with 

constructivist learning theories, which emphasize 

active learning, immediate feedback, and learner-

centered instructional design. 

The findings also align with research in affective and 

learning analytics-based educational systems. 

Previous studies have shown that real-time feedback 

and personalized guidance significantly increase 

learner motivation and engagement (D’Mello & 

Graesser, 2015; Fernández-Herrero, 2024). Although 

this study primarily focused on learning outcomes, 

the higher engagement levels observed in the 

experimental group suggest that AILEE also 

positively influenced learner participation. This 

supports the notion that AI-driven systems not only 

improve cognitive performance but also foster 

sustained learner involvement. 

 

Another important implication of this study is the 

scalability and institutional applicability of the 

proposed AILEE framework. Unlike isolated AI tools 

such as chatbots or adaptive quizzes, AILEE was 

designed as an integrated ecosystem that combines 

data management, artificial intelligence, instructional 

services, and feedback mechanisms within a single 

architecture. This holistic design enhances system 

interoperability and supports large-scale deployment 

in educational institutions. The results therefore 

demonstrate not only the effectiveness of the system 

but also its potential for long-term institutional 

adoption. 

 

Despite these positive findings, several limitations 

must be acknowledged. The study was conducted 

within a single institution and focused on a single 

subject domain. The intervention period was 

relatively short, which may limit the generalizability 

of the results. Future research should include larger 

and more diverse student populations, extend the 

duration of the intervention, and explore the 

application of AILEE across multiple academic 

disciplines. 

Overall, the findings of this study contribute to the 

growing body of literature on artificial intelligence in 

education by providing empirical evidence of the 

effectiveness of a holistic AI-powered learning 

ecosystem. The results suggest that AI-driven 

personalization and adaptive instructional support can 

play a critical role in transforming traditional 

educational practices and improving learner 

outcomes in technical education. 
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VII. LIMITATIONS 

 

The study was conducted in a single institution and 

limited to one subject domain. Future studies should 

include multiple institutions and longer intervention 

periods. 

 

VIII. CONCLUSION AND FUTURE WORK 

 

This study demonstrates that the AI-Empowered 

Learning Ecosystem (AILEE) significantly improves 

learning performance and engagement in Python 

programming education. The proposed framework 

offers a scalable and effective solution for AI-driven 

learning environments. Future work will explore 

integration with large language models, collaborative 

learning features, and ethical considerations. 
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