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Abstract: The rapid adoption of Large Language Models (LLMs), particularly ChatGPT, has transformed 

technology-enhanced learning environments by enabling personalized, interactive, and scalable educational 

support. However, limited empirical evidence exists regarding their true pedagogical effectiveness beyond 

surface-level engagement. This study investigates the instructional value of LLMs in fostering student learning 

outcomes, critical thinking, and self-regulated learning across diverse educational contexts. A mixed-methods 

approach was employed, combining quantitative analysis of student performance metrics with qualitative insights 

from learner and instructor feedback. The experimental design compared LLM-assisted learning with traditional 

digital learning tools across multiple cohorts in higher education settings. Results indicate that LLM integration 

significantly improves conceptual understanding and learner engagement, particularly in formative learning 

activities and feedback-driven tasks. Nonetheless, findings also reveal challenges related to over-reliance, reduced 

cognitive effort, and concerns regarding content accuracy and academic integrity. The study further identifies key 

pedagogical factors influencing effectiveness, including prompt design, instructional scaffolding, and educator 

mediation. This research contributes to the emerging discourse on AI in education by providing a comprehensive 

evaluation framework for LLM-based learning systems. It highlights the need for balanced human-AI 

collaboration to maximize educational benefits while mitigating risks. The findings offer practical implications 

for educators, policymakers, and system designers aiming to integrate LLMs into sustainable and pedagogically 

sound learning ecosystems. 

Keywords: Large Language Models; Technology-Enhanced Learning; Pedagogical Effectiveness; AI in 

Education; ChatGPT. 

Article info: Date Submitted: 12/04/2024 | Date Revised: 13/05/2024 | Date Accepted: 18/05/2024 

This is an open access article under the CC BY-SA license 

 

 

 

INTRODUCTION 

The rapid advancement of artificial intelligence has significantly reshaped the landscape of education, 

particularly through the emergence of Large Language Models (LLMs)[1], [2], [3] such as ChatGPT. 

These models, powered by state-of-the-art techniques in Natural Language Processing [4] and Machine 

Learning[5], are increasingly integrated into technology-enhanced learning environments. Their ability 

to generate human-like responses[6], provide instant feedback[7], and support personalized learning 

pathways has positioned them as transformative tools in modern education[8]. 
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Technology-enhanced learning environments have evolved from static e-learning platforms to dynamic, 

interactive ecosystems that leverage intelligent systems to support learners[9], [10], [11]. Within this 

context, LLMs offer capabilities that extend beyond traditional digital tools, including adaptive tutoring, 

content generation, and conversational learning support[12]. These features align with contemporary 

educational paradigms that emphasize learner-centered approaches, self-regulated learning, and 

continuous feedback mechanisms. As a result, educators and institutions are increasingly exploring the 

integration of LLMs to enhance teaching effectiveness and learning outcomes[13]. 

Despite their growing adoption, the pedagogical effectiveness of LLMs remains insufficiently 

examined[14]. Existing studies have primarily focused on usability, accessibility, and technological 

performance, with limited attention to their impact on deeper learning processes such as critical 

thinking, knowledge retention, and metacognitive skills. Furthermore, concerns have emerged 

regarding potential risks, including over-reliance on AI-generated responses, reduced cognitive 

engagement, and issues related to content accuracy and academic integrity. These challenges raise 

important questions about the role of LLMs in supporting meaningful and sustainable learning 

experiences[15]. 

From a theoretical perspective, the integration of LLMs intersects with established learning theories 

such as constructivism, where learners actively construct knowledge through interaction[16], and 

connectivism, which emphasizes the role of digital networks in learning. LLMs can act as interactive 

agents within these frameworks, facilitating knowledge construction and enabling learners to access 

distributed information sources. However, the extent to which these models genuinely support 

pedagogical goals, rather than merely enhancing convenience, remains an open question. 

This study addresses these gaps by systematically evaluating the pedagogical effectiveness of LLMs in 

technology-enhanced learning environments[17]. Specifically, it aims to assess their impact on student 

learning outcomes, engagement, and higher-order thinking skills, while also identifying the conditions 

under which their use is most effective. By employing a mixed-methods approach that combines 

quantitative performance analysis with qualitative insights, this research seeks to provide a 

comprehensive understanding of how LLMs function as educational tools[18]. 

The contribution of this study lies in three key aspects. First, it offers empirical evidence on the 

instructional value of LLMs beyond surface-level interaction. Second, it proposes a framework for 

evaluating AI-driven learning tools from a pedagogical perspective. Third, it provides practical 

recommendations for educators and policymakers to ensure the responsible and effective integration of 

LLMs into educational systems. Ultimately, this research aims to move beyond the hype surrounding 

LLMs and establish a more grounded understanding of their role in shaping the future of education. 

MATERIALS AND METHODS 

This study adopts a mixed-methods experimental design to evaluate the pedagogical effectiveness of 

Large Language Models (LLMs)[19], particularly ChatGPT[20], within technology-enhanced learning 

environments. The methodology integrates quantitative performance analysis with qualitative insights 

to provide a comprehensive evaluation of learning outcomes, engagement, and higher-order thinking 

skills. 

Research Design 

A quasi-experimental design was employed involving two groups: 

(i) a control group utilizing conventional digital learning tools (e.g., LMS-based materials), and 

(ii) an experimental group supported by LLM-assisted learning. 

Both groups received identical instructional content over a 6-week intervention period, ensuring 

consistency in curriculum delivery while isolating the effect of LLM integration. 
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Participants and Dataset 

The study involved undergraduate students (N = 120) from diverse academic backgrounds enrolled in 

technology-related courses. Participants were randomly assigned to control (n = 60) and experimental 

groups (n = 60). Data collected included: 

− Pre-test and post-test scores  

− Interaction logs (LLM usage frequency, prompt complexity)  

− Assignment performance  

− Survey responses and interview transcripts  

Learning Intervention 

The experimental group engaged with LLMs for: 

− Concept clarification through conversational queries  

− Automated formative feedback  

− Guided problem-solving tasks  

The control group relied on static materials such as lecture notes and discussion forums. Instructional 

scaffolding was standardized across both groups to minimize bias. 

Evaluation Metrics 

To assess pedagogical effectiveness, multiple quantitative metrics were defined: 

a. Learning Gain (LG) 

Learning improvement was measured using normalized gain: 

𝑔 =
𝑃𝑜𝑠𝑡−𝑃𝑟𝑒

𝑀𝑎𝑥−𝑃𝑟𝑒
              (1) 

where Pre is the pre-test score, Post is the post-test score, and Max is the maximum possible score. 

b. Engagement Score (ES) 

Learner engagement was computed as a weighted composite index: 

𝐸𝑆 = 𝛼𝐼 + 𝛽𝑇 + 𝛾𝐹                 (2) 

 

where: 

I = number of interactions, 

T = time spent on tasks, 

F = feedback utilization rate, 

and 𝛼 + 𝛽 + 𝛾 = 1. 

c. Critical Thinking Score (CTS) 

Critical thinking ability was evaluated using rubric-based scoring: 

𝐶𝑇𝑆 =
∑ 𝑆𝑖
𝑛
𝑖=1

𝑛
      (3) 
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where 𝑆𝑖represents individual rubric scores across n criteria (analysis, synthesis, evaluation). 

d. Model Effectiveness Index (MEI) 

A composite index was formulated to quantify overall pedagogical effectiveness: 

𝑀𝐸𝐼 =
𝑤1𝐿𝐺+𝑤2𝐸𝑆+𝑤3𝐶𝑇𝑆

𝑤1+𝑤2+𝑤3
     (4) 

 

where 𝑤1, 𝑤2, 𝑤3are weighting factors reflecting the importance of each metric. 

Statistical Analysis 

To determine statistical significance between groups, the following analyses were conducted: 

• Paired sample t-test to compare pre-test and post-test scores within groups  

• Independent sample t-test to compare learning gains between groups  

• Effect size calculated using Cohen’s d:  

𝑑 =
𝜇1−𝜇2

𝜎𝑝𝑜𝑜𝑙𝑒𝑑
           (5) 

 

where 𝜇1, 𝜇2are group means and 𝜎𝑝𝑜𝑜𝑙𝑒𝑑is the pooled standard deviation. 

Additionally, correlation analysis was performed to examine relationships between LLM usage patterns 

and learning outcomes. 

Qualitative Analysis 

Qualitative data from interviews and open-ended surveys were analyzed using thematic analysis. The 

process included: 

1. Data familiarization  

2. Code generation  

3. Theme identification  

4. Interpretation  

This analysis aimed to capture student perceptions, cognitive engagement, and challenges encountered 

during LLM-assisted learning. 

Implementation Environment 

The experiment was conducted within a web-based learning platform integrating LLM APIs. Students 

accessed the system via personal devices, ensuring ecological validity consistent with real-world 

learning environments. 

RESULT AND DISCUSSION 

Quantitative Results 

The experimental evaluation demonstrates a clear improvement in learning outcomes for students 

utilizing LLM-assisted learning compared to those using conventional digital tools. Table 1 summarizes 

the comparative performance metrics. 
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Table 1. Performance Comparison Between Control and Experimental Groups 

Metric Control Group LLM-Assisted Group 

Pre-test Score (Mean) 62.4 63.1 

Post-test Score (Mean) 74.8 84.6 

Learning Gain (g) 0.33 0.58 

Engagement Score (ES) 0.61 0.79 

Critical Thinking Score (CTS) 0.68 0.82 

Model Effectiveness Index (MEI) 0.54 0.73 

 

The normalized learning gain (g) indicates a moderate improvement in the control group and a high 

improvement in the experimental group. This suggests that LLM-assisted learning significantly 

enhances conceptual understanding. 

Statistical testing using independent sample t-test shows a significant difference in post-test scores 

between groups (p < 0.01), with a Cohen’s d of 0.85, indicating a large effect size. This confirms that 

the integration of ChatGPT contributes meaningfully to improved academic performance. 

Learning Performance Analysis 

 

Figure 1. Diagram of average pre-test and post-test scores 
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Figure 2. Scaterplot of student engagement vs academic performance 

 

 

Figure 3. Distribution of student engagement levels based on performance scores, illustrating low, 

moderate, and high engagement categories. The class average score is 42%, with average participation 

of 2 hours in course time, 21 logins, and 7% activity access, indicating varying degrees of interaction 

and learning engagement among students. 

The graphical comparison highlights a consistent upward trend in learning outcomes for the 

experimental group. Students exposed to LLM-based support demonstrated faster comprehension 

cycles and improved retention of complex concepts. This is attributed to real-time feedback and the 

ability to iteratively refine understanding through conversational interaction. 

Interestingly, while both groups started with similar baseline knowledge, the divergence in post-test 

scores indicates that LLMs primarily influence learning acceleration rather than initial comprehension 

levels. 

Engagement and Interaction Patterns 

Students in the experimental group showed significantly higher engagement levels (ES = 0.79) 

compared to the control group (ES = 0.61). Interaction logs revealed that: 

• Students frequently used LLMs for clarification and follow-up questions  

• Iterative questioning led to deeper exploration of topics  

• Feedback utilization was notably higher in LLM-assisted environments  

This aligns with constructivist learning theory, where active interaction enhances knowledge 

construction. However, excessive reliance on LLMs was observed in some cases, particularly when 

students preferred direct answers over problem-solving processes. 

Critical Thinking and Cognitive Impact 

The Critical Thinking Score (CTS) increased from 0.68 (control) to 0.82 (experimental), indicating that 

LLM-assisted learning can support higher-order thinking skills when used appropriately. Students 

demonstrated improved abilities in: 

• Argument analysis  
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• Concept synthesis  

• Evaluative reasoning  

However, qualitative findings suggest that the impact on critical thinking is highly dependent on how 

learners interact with the system. Students who used LLMs as a “thinking partner” showed deeper 

reasoning, whereas those who relied on it as an “answer generator” exhibited superficial understanding. 

Model Effectiveness and Holistic Evaluation 

The Model Effectiveness Index (MEI) of 0.73 for the experimental group confirms the overall 

pedagogical advantage of LLM integration. This composite metric highlights the balanced improvement 

across cognitive, behavioral, and performance dimensions. 

From a systems perspective, LLMs function effectively as: 

• Adaptive tutors providing personalized explanations  

• Feedback engines supporting formative assessment  

• Interactive agents facilitating self-regulated learning  

 

Qualitative Insights 

Thematic analysis of student feedback revealed three dominant themes: 

1. Perceived Learning Support: Students reported that LLMs helped simplify complex topics and 

provided explanations tailored to their level of understanding.  

2. Autonomy and Confidence: Learners felt more independent in exploring materials, reducing 

reliance on instructors for immediate clarification.  

3. Challenges and Risks Concerns included:  

o Occasional inaccurate or misleading responses  

o Reduced effort in independent thinking  

o Difficulty in verifying AI-generated content  

 

Discussion 

The findings confirm that LLMs, including ChatGPT, have substantial pedagogical potential in 

technology-enhanced learning environments. Their effectiveness lies not only in improving academic 

performance but also in fostering engagement and supporting personalized learning experiences. 

However, the study also highlights a critical nuance: LLMs are not inherently beneficial—they are 

pedagogically effective only when properly mediated. Without structured guidance, there is a risk of 

cognitive offloading, where learners depend excessively on AI-generated answers. 

This underscores the importance of instructional design strategies such as: 

− Prompt engineering training for students  

− Scaffolded learning activities  

− Integration with assessment frameworks that emphasize reasoning over answers  
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From a forward-looking perspective, LLMs should be positioned as co-intelligence systems rather than 

replacements for human instruction. The optimal learning environment emerges from a synergy 

between human educators and AI systems, where each complements the strengths of the other. 

CONCLUSION 

This study demonstrates that Large Language Models (LLMs), particularly ChatGPT, significantly 

enhance learning outcomes, engagement, and critical thinking within technology-enhanced learning 

environments when implemented with appropriate pedagogical strategies. The findings confirm that 

LLM-assisted learning leads to higher normalized learning gains and stronger student interaction 

compared to conventional digital tools, while also supporting more personalized and adaptive learning 

experiences. However, the effectiveness of LLMs is highly contingent upon instructional design, as 

unstructured use may result in over-reliance and reduced cognitive effort. Therefore, the integration of 

LLMs should emphasize guided interaction, critical evaluation, and human-AI collaboration to ensure 

meaningful learning. Overall, this research highlights that LLMs are not merely technological 

innovations but pedagogical instruments whose impact depends on how they are strategically embedded 

within educational ecosystems. 
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