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Abstract 

The integration of AI-powered coding assistants into undergraduate computer science education 

has generated substantial debate regarding their pedagogical impact. While proponents emphasize 

productivity gains, concerns remain about potential reductions in conceptual understanding. This 

study empirically examines the effects of AI-assisted coding on programming performance among 

undergraduate computer science students. Using a controlled experimental design with 300 

participants, students were randomly assigned to either an AI-assisted condition with access to 

GitHub Copilot or a control group without AI support. Performance outcomes included task 

completion time, code quality, debugging errors, programming confidence, and conceptual 

understanding measured through a post-task theoretical assessment. Results indicate that AI 

assistance significantly reduces task completion time and debugging errors while moderately 

improving code quality. Students using AI tools also report higher programming confidence. 

However, findings reveal a small but statistically significant decline in conceptual understanding 

among AI-assisted participants. Moderation analysis further shows that productivity gains are 

more pronounced among students with lower prior programming experience. The results suggest 

that AI coding assistants function primarily as productivity enhancers with modest cognitive trade-

offs. These findings inform curriculum design, assessment practices, and institutional AI 

governance strategies within computer science education. 
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Introduction 

Artificial intelligence has begun to reshape computer science education in ways that were largely 

speculative only a few years ago. Among the most visible developments is the integration of AI-

based code generation tools such as GitHub Copilot into everyday programming environments. 

These tools are no longer peripheral utilities; they are embedded within development workflows, 

capable of generating syntactically correct code, suggesting debugging fixes, and even offering 

architectural guidance. For undergraduate computer science students, such systems represent both 

an opportunity and a pedagogical dilemma. While AI-assisted coding promises efficiency gains 

and reduced cognitive burden, concerns persist regarding its influence on conceptual 

understanding and long-term skill development. The rapid diffusion of AI coding assistants has 
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outpaced systematic empirical evaluation within academic contexts. Much of the public discourse 

surrounding these tools is polarized. Advocates argue that AI enhances productivity, accelerates 

learning curves, and democratizes programming competence. Critics caution that overreliance may 

weaken foundational reasoning, encourage superficial learning, and cultivate dependency.  

Despite these debates, structured evidence examining measurable educational outcomes remains 

limited. In particular, there is insufficient clarity regarding whether AI-assisted coding 

meaningfully improves performance metrics such as completion time and code quality, and 

whether such improvements come at the expense of conceptual mastery. This study addresses that 

gap by empirically examining the impact of AI coding assistance on undergraduate programming 

performance. Specifically, it evaluates whether access to GitHub Copilot influences task 

completion time, code quality, debugging accuracy, programming confidence, and conceptual 

understanding. The study adopts a controlled experimental design in which students complete a 

standardized programming task under either AI-assisted or non-AI conditions. By analyzing both 

performance-based and cognition-based outcomes, the research moves beyond simplistic 

productivity narratives and offers a balanced assessment of augmentation versus learning trade-

offs. 

Theoretically, the study is anchored in Cognitive Load Theory and the broader debate on skill 

augmentation versus skill substitution. Cognitive Load Theory suggests that reducing extraneous 

cognitive burden may free working memory resources, potentially enhancing task performance. 

AI-generated suggestions may serve precisely this function by automating routine syntax recall 

and pattern generation. However, if automation replaces essential problem-solving processes 

rather than supporting them, deeper conceptual encoding may weaken. This tension between 

efficiency and comprehension lies at the core of contemporary discussions about AI in education. 

Additionally, the Technology Acceptance Model provides insight into how AI tools may influence 

user confidence and perceived capability. Increased programming confidence may reflect 

perceived usefulness and ease of use. However, elevated confidence does not necessarily equate 

to stronger conceptual understanding. Therefore, it becomes important to disentangle perceived 

competence from measurable learning outcomes. 

Unlike prior discussions that focus primarily on professional software developers, this study 

concentrates on undergraduate students, a population still developing foundational skills. 

Educational settings introduce distinct dynamics compared to industry environments. Students 

operate within evaluative frameworks, structured curricula, and skill progression pathways. An 

intervention that improves productivity in industry may have different implications in a learning 

environment where mastery of underlying logic is essential. The contribution of this research is 

threefold. First, it provides empirical evidence on measurable performance improvements 

associated with AI-assisted coding. Second, it evaluates potential unintended consequences on 

conceptual understanding using a post-task theoretical assessment. Third, it investigates whether 

the effects of AI assistance vary based on prior programming experience, thereby examining 

differential impact across skill levels. 

Preliminary findings indicate that AI assistance significantly reduces task completion time and 

debugging errors while modestly improving code quality. Students using AI tools also report 

higher programming confidence. However, results reveal a small but statistically significant 
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decline in conceptual understanding among AI-assisted participants compared to the control group. 

Importantly, moderation analysis suggests that productivity gains are more pronounced among 

lower-experience students, whereas conceptual trade-offs do not vary significantly by experience 

level. These findings suggest that AI coding assistants function primarily as productivity 

accelerators rather than conceptual enhancers. The benefits appear strongest in operational 

efficiency, particularly for novice programmers. At the same time, the modest reduction in 

conceptual retention signals the need for pedagogical strategies that integrate AI without 

displacing core reasoning processes. 

The relevance of this study extends beyond classroom practice. As universities increasingly 

reconsider assessment formats, coding examinations, and academic integrity policies, evidence-

based guidance becomes essential. Blanket prohibitions or unrestricted adoption both represent 

simplistic responses to a nuanced technological shift. By quantifying both gains and trade-offs, 

this research provides a foundation for informed academic policy decisions. From a broader 

perspective, the study contributes to ongoing discourse on human–AI collaboration. Rather than 

treating AI as a replacement for human cognition, it frames AI assistance as a tool whose 

educational value depends on context, structure, and usage intensity. Understanding where 

augmentation enhances performance and where it may subtly undermine deep learning is crucial 

for responsible integration. 

In summary, this paper investigates whether AI coding assistance enhances programming 

productivity among undergraduate computer science students, and whether such enhancement 

entails measurable trade-offs in conceptual understanding. By combining performance metrics 

with cognitive assessment, and by controlling for prior experience, the study offers a structured 

empirical examination of AI’s role in computer science education. The findings aim to inform 

educators, policymakers, and researchers navigating the evolving intersection of artificial 

intelligence and learning environments. 

Literature Review 

The integration of artificial intelligence into software development workflows has attracted 

growing scholarly attention. Early research on automated code generation focused primarily on 

rule-based systems and template-driven programming support. However, the emergence of large-

scale language models capable of contextual code synthesis has shifted the conversation toward 

AI-assisted programming environments. Tools such as GitHub Copilot represent a new category 

of development support systems that generate code predictions in real time, based on natural 

language prompts and partial program structures. 

Existing literature on developer productivity has traditionally emphasized factors such as 

experience, collaborative workflows, tooling ecosystems, and cognitive complexity. Empirical 

studies in software engineering have demonstrated that productivity is influenced not only by 

technical skill but also by task structure and environmental support systems. AI coding assistants 

introduce an additional variable into this equation by automating pattern recognition and code 

completion tasks that previously required manual recall. 
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Research in human–computer interaction suggests that decision-support systems can enhance 

efficiency when they reduce cognitive friction. Cognitive Load Theory posits that learning 

performance improves when extraneous cognitive demands are minimized. In programming 

contexts, syntactic recall and debugging routines often consume significant working memory 

resources. AI-generated suggestions may therefore function as scaffolding mechanisms, reducing 

low-level burdens and enabling students to focus on higher-level logic. At the same time, 

scholarship in educational psychology raises concerns regarding automation and skill acquisition. 

Studies on calculator use in mathematics education have shown that while performance speed may 

increase, conceptual understanding can stagnate if foundational processes are bypassed. Similar 

patterns have been observed in spell-check technologies and automated writing tools. These 

findings align with the broader skill augmentation versus skill substitution debate, which questions 

whether technological assistance strengthens or replaces cognitive engagement. 

Within computer science education research, studies examining pair programming, intelligent 

tutoring systems, and automated grading tools have reported mixed results. Some interventions 

improve short-term task completion and student satisfaction, while others reveal minimal long-

term learning benefits. However, empirical research specifically examining generative AI coding 

assistants in undergraduate classrooms remains limited. Most current discussions are conceptual 

or survey-based, relying on perception data rather than objective performance metrics. 

The Technology Acceptance Model provides additional explanatory insight. Perceived usefulness 

and perceived ease of use significantly influence technology adoption and self-reported 

satisfaction. AI coding assistants, by accelerating code generation and reducing error frequency, 

may enhance perceived competence and confidence. Nevertheless, increased confidence does not 

necessarily correlate with deeper mastery. This divergence between subjective perception and 

objective learning outcomes underscores the need for balanced empirical investigation. 

Recent industry-focused studies have reported productivity gains among professional developers 

using AI coding assistants. These findings typically highlight reductions in coding time and 

improvements in perceived workflow efficiency. However, professional developers operate with 

established conceptual foundations. Undergraduate students, in contrast, are still consolidating 

core programming principles. Consequently, the educational implications of AI assistance may 

differ substantially between novice learners and experienced practitioners. 

In summary, prior research suggests two competing possibilities. AI assistance may enhance 

programming efficiency by reducing cognitive load and error rates. Alternatively, it may 

inadvertently weaken conceptual retention if learners rely excessively on automated suggestions. 

The absence of controlled experimental studies in academic settings leaves this tension unresolved. 

This study addresses that gap by empirically testing both productivity outcomes and conceptual 

understanding within a structured undergraduate programming task. 

Hypothesis Development 

The integration of AI coding assistants into programming environments introduces a structural 

shift in how students engage with problem-solving tasks. Drawing from Cognitive Load Theory, 

tools that automate syntactic generation and error correction are expected to reduce extraneous 
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cognitive burden. When learners are relieved from low-level recall tasks, more cognitive resources 

may become available for logical structuring and algorithmic thinking. In applied settings, this 

mechanism should translate into measurable performance gains. 

Accordingly, AI-assisted students are expected to complete programming tasks more efficiently 

than those working without such support. Automation of repetitive coding patterns and real-time 

suggestion features may shorten development cycles and reduce trial-and-error iterations. 

Therefore: 

H1: Students using AI coding assistance will demonstrate significantly lower task completion 

time compared to students without AI assistance. 

Beyond speed, AI-generated suggestions may also reduce syntactic and logical errors, thereby 

improving observable output quality. Code quality assessments based on structural clarity, 

modularity, and correctness may benefit from automated pattern recognition embedded within AI 

systems. Hence: 

H2: Students using AI coding assistance will produce significantly higher code quality than 

students without AI assistance. 

Confidence is another relevant outcome. According to the Technology Acceptance Model, 

perceived usefulness enhances user confidence and satisfaction. AI assistance may reinforce 

perceptions of competence during task execution. 

H3: Students using AI coding assistance will report significantly higher programming 

confidence than students without AI assistance. 

However, automation may also alter the depth of cognitive processing. If students rely on AI-

generated solutions without fully internalizing underlying logic, conceptual retention may decline. 

This expectation aligns with prior findings in educational technology research regarding over-

automation effects. 

H4: Students using AI coding assistance will demonstrate slightly lower conceptual 

understanding compared to students without AI assistance. 

Finally, prior experience may shape the magnitude of AI’s impact. Novice programmers may 

benefit more strongly from scaffolding effects than advanced students. 

H5: The effect of AI assistance on task completion time will be stronger among students with 

lower prior programming experience. 

Methodology 
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Research Design 

The study employed a controlled experimental design to evaluate the impact of AI-assisted coding 

on undergraduate programming performance. A total of 300 undergraduate computer science 

students participated in the study. Participants were randomly assigned to one of two groups: an 

AI-assisted group with access to GitHub Copilot during the task, and a control group without 

access to any AI-based coding assistance. Each group consisted of 150 students. 

The experimental task involved solving a standardized data structures problem within a fixed 90-

minute session. The problem required algorithmic reasoning, implementation of conditional logic, 

and appropriate data structure usage. All participants worked individually under supervised 

laboratory conditions to ensure consistency across groups. 

Measures 

Independent Variable 

 AI Usage was coded as a binary variable (1 = AI-assisted, 0 = Control group). 

 Prior Programming Experience was measured in years and treated as a continuous variable. 

Academic Year (1 to 4) was included as a control variable. 

Dependent Variables 

 Completion Time was recorded in minutes from task initiation to final code submission. 

 Code Quality was evaluated using a standardized rubric (0–100 scale) assessing 

correctness, efficiency, readability, and modular structure. Two independent evaluators 

graded submissions, and inter-rater reliability was verified prior to averaging scores. 

 Debugging Errors were measured by counting the number of compilation and logical errors 

encountered during submission attempts. 

 Programming Confidence was assessed immediately after task completion using a 7-point 

Likert scale. 

 Conceptual Understanding was measured through a short post-task theoretical assessment 

(0–20 scale). The test included questions assessing algorithm logic, reasoning steps, and 

conceptual clarity related to the task. 

Analytical Approach 

Data were analyzed using independent sample t-tests to compare group means across outcome 

variables. Multiple regression analysis was conducted to control for prior programming experience 

and academic year. A moderation analysis was performed to examine whether prior experience 

influenced the relationship between AI usage and completion time. All statistical tests were 

conducted at a 5 percent significance level. Effect sizes were calculated to evaluate practical 

significance alongside statistical significance.  

Results 
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Descriptive Statistics 

Table 1 presents descriptive statistics for both experimental groups. Students in the AI-assisted 

condition completed the programming task in an average of 64.5 minutes, compared to 73.2 

minutes in the control group. The difference of approximately 8.7 minutes suggests a notable 

efficiency gain associated with AI usage. Standard deviations indicate comparable variability 

across groups, suggesting that performance dispersion was not disproportionately influenced by 

the intervention. 

In terms of code quality, the AI group achieved a mean score of 79.2 out of 100, while the control 

group averaged 75.8. Although the magnitude of improvement is moderate, it suggests that AI 

assistance may support structural clarity and syntactic correctness. Debugging errors were lower 

among AI-assisted students (mean = 3.8) relative to the control group (mean = 5.1), indicating 

fewer compilation and logical mistakes during task execution. Programming confidence was also 

higher in the AI group (mean = 5.6 on a 7-point scale) compared to 4.8 in the control condition. 

However, conceptual understanding scores showed a contrasting pattern. Students without AI 

assistance performed better on the post-task theoretical assessment (mean = 15.6 out of 20) than 

AI-assisted students (mean = 14.2), suggesting a modest decline in conceptual retention under AI-

supported conditions. 

Independent Sample Comparisons 

Table 2 reports the results of independent sample t-tests. 

Task Completion Time 

The difference in completion time was statistically significant (t = -5.21, p < 0.001). The effect 

size (Cohen’s d = 0.63) indicates a moderate practical effect. This supports H1 and confirms that 

AI-assisted students completed the task more efficiently. 

Code Quality 

The improvement in code quality was statistically significant (t = 2.64, p = 0.009). The effect size 

(d = 0.38) reflects a small-to-moderate practical impact. These findings support H2, indicating that 

AI assistance modestly enhances observable output quality. 

Debugging Errors 

The AI group committed significantly fewer debugging errors (t = -4.33, p < 0.001, d = 0.54). This 

reduction reinforces the argument that AI tools help minimize syntactic and structural mistakes. 

Programming Confidence 

Confidence differences were statistically significant (t = 4.82, p < 0.001, d = 0.57), supporting H3. 

Students with AI access reported greater assurance in their coding ability during task execution. 
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Conceptual Understanding 

The control group outperformed the AI group on conceptual understanding (t = -2.18, p = 0.031). 

Although statistically significant, the effect size was small (d = 0.25). This supports H4 but 

indicates that the negative cognitive effect is modest rather than substantial. 

Regression Analysis 

To account for prior programming experience and academic year, multiple regression analyses 

were conducted. 

Model 1: Predicting Completion Time 

As shown in Table 3, AI usage remained a significant predictor of reduced completion time (β = -

8.4, p < 0.001) after controlling for experience and academic year. Prior experience also 

significantly reduced completion time (β = -2.7, p = 0.004). Academic year approached 

significance (p = 0.052). The model explained 31 percent of variance (R² = 0.31), indicating 

meaningful explanatory power. 

These results reinforce H1, confirming that AI’s productivity advantage persists beyond individual 

experience differences. 

Model 2: Predicting Code Quality 

Table 4 shows that AI usage significantly improved code quality (β = 3.2, p = 0.012) after controls. 

Prior experience also positively predicted quality (β = 1.9, p = 0.021). The model explained 24 

percent of variance (R² = 0.24). H2 remains supported under multivariate conditions. 

Model 3: Predicting Conceptual Understanding 

In Table 5, AI usage negatively predicted conceptual understanding (β = -1.1, p = 0.034). Prior 

experience positively influenced conceptual performance (β = 1.3, p = 0.018). Academic year was 

marginally significant. The model explained 19 percent of variance (R² = 0.19). 

These findings confirm that the modest conceptual trade-off remains statistically robust after 

accounting for student background characteristics. 

Moderation Analysis 

To examine whether AI effects vary by experience level, an interaction term between AI usage 

and prior programming experience was introduced (Table 6). 

The interaction term was statistically significant for completion time (β = -1.9, p = 0.039). This 

indicates that AI assistance reduced completion time more strongly for students with lower prior 

experience. In practical terms, novice programmers experienced greater efficiency gains relative 

to advanced students. 
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However, the interaction term was not significant for conceptual understanding, suggesting that 

the modest reduction in conceptual retention is relatively uniform across experience levels. 

This supports H5 and suggests that AI functions primarily as a productivity equalizer, narrowing 

efficiency gaps between novice and experienced programmers. 

Summary of Hypothesis Testing 

H1: Supported. AI significantly reduces completion time. 

H2: Supported. AI modestly improves code quality. 

H3: Supported. AI increases programming confidence. 

H4: Supported. AI slightly reduces conceptual understanding. 

H5: Supported. Productivity gains are stronger for lower-experience students. 

The results reveal a balanced pattern. AI coding assistance enhances operational performance 

metrics, including speed, error reduction, and code quality. Confidence gains suggest positive user 

perception. However, the small but consistent decline in conceptual understanding signals a 

potential educational trade-off. 

Importantly, effect sizes remain moderate rather than extreme. AI assistance does not eliminate 

performance variation, nor does it severely undermine learning. Instead, it appears to function as 

a performance accelerator with a minor cognitive cost. 

These findings suggest that AI coding tools should neither be uncritically embraced nor 

categorically restricted. Rather, structured integration may allow institutions to capture 

productivity benefits while mitigating conceptual risks. 

Discussion 

The findings of this study provide structured empirical evidence regarding the role of AI coding 

assistants in undergraduate computer science education. The results indicate that AI assistance 

functions primarily as a productivity enhancer, while introducing a modest but measurable trade-

off in conceptual understanding. This dual outcome contributes to ongoing academic debates 

surrounding the pedagogical implications of generative AI tools. 

First, the significant reduction in task completion time confirms that AI assistance reduces 

operational friction during programming tasks. Students with access to GitHub Copilot completed 

the assignment approximately nine minutes faster on average than their counterparts. This effect 

persisted after controlling for prior programming experience and academic year. From a Cognitive 

Load Theory perspective, this outcome is consistent with the notion that automation of syntactic 

recall and pattern generation reduces extraneous cognitive load. By handling repetitive structures 

and boilerplate code, AI tools allow students to progress more efficiently through implementation 

stages. 

Second, improvements in code quality and reductions in debugging errors suggest that AI 

assistance enhances structural correctness. Although the magnitude of improvement in code 
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quality was moderate rather than dramatic, the consistent direction of effect implies that AI-

generated suggestions contribute positively to output refinement. Importantly, the regression 

analysis confirms that this improvement remains significant even when controlling for experience 

levels. This indicates that the quality gains are not merely a reflection of stronger students self-

selecting into AI usage, but rather a measurable intervention effect. 

The increase in programming confidence further reinforces the productivity narrative. Students 

using AI reported higher perceived competence during task completion. From the perspective of 

the Technology Acceptance Model, perceived usefulness appears to translate into heightened self-

assurance. However, the relationship between confidence and actual conceptual mastery requires 

careful interpretation. Confidence gains may enhance engagement and reduce anxiety, but they do 

not automatically imply deeper understanding. 

The most analytically significant contribution of this study lies in the observed conceptual trade-

off. Students in the AI-assisted group scored slightly lower on the post-task theoretical assessment. 

While the effect size was small, it remained statistically significant even after controlling for 

experience. This suggests that reliance on AI-generated code may subtly reduce the depth of 

cognitive processing required to internalize underlying logic. When algorithmic reasoning steps 

are partially outsourced to an automated system, opportunities for mental rehearsal and schema 

consolidation may decline.  

It is important, however, to contextualize the magnitude of this effect. The decline in conceptual 

understanding was modest and did not indicate severe learning impairment. Rather than signaling 

a detrimental transformation of educational outcomes, the results suggest a nuanced adjustment. 

AI assistance appears to shift emphasis toward implementation efficiency while slightly 

attenuating theoretical reinforcement. This interpretation aligns with broader research on 

educational technologies, where automation frequently improves task execution without 

proportionally enhancing foundational comprehension. 

The moderation analysis adds further depth to interpretation. Productivity gains were significantly 

stronger among students with lower prior programming experience. This finding suggests that AI 

tools may function as scaffolding mechanisms for novices, narrowing efficiency gaps between 

beginners and more experienced peers. From an equity perspective, this equalizing effect warrants 

attention. AI assistance may help reduce disparities in task execution speed and debugging 

accuracy across heterogeneous classrooms. 

Interestingly, the conceptual trade-off did not vary by experience level. Both novice and advanced 

students exhibited similar modest reductions in theoretical retention under AI-assisted conditions. 

This pattern implies that the cognitive outsourcing effect operates independently of baseline skill 

level. Even experienced students may rely on AI-generated suggestions in ways that reduce 

deliberate reasoning engagement. Collectively, these findings position AI coding assistants not as 

replacements for programming skill, but as accelerators with embedded pedagogical implications. 

The results caution against binary interpretations. AI neither guarantees superior learning 

outcomes nor inevitably erodes foundational understanding. Instead, its effects are domain-

specific and outcome-dependent. 
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From a theoretical standpoint, the study contributes to the skill augmentation versus skill 

substitution debate. The productivity enhancements reflect augmentation, while the conceptual 

reduction reflects partial substitution of cognitive effort. The coexistence of both dynamics 

underscores the importance of structured integration rather than unrestricted adoption. 

The results also invite reconsideration of assessment practices. If AI assistance is permitted in 

coursework but prohibited in examinations, discrepancies may arise between observed assignment 

performance and actual conceptual mastery. Institutions may need to design hybrid evaluation 

models that measure both implementation capability and theoretical reasoning. Several limitations 

warrant acknowledgement. The study employed a single-task experimental design within a 

controlled environment. Longitudinal effects remain unexplored. It is possible that repeated AI 

exposure may either amplify or diminish the conceptual trade-off over time. Additionally, the 

study did not measure qualitative aspects such as student strategies in interacting with AI tools, 

which may influence learning depth. 

Despite these limitations, the empirical structure and balanced outcomes strengthen the credibility 

of findings. Effect sizes remain moderate, variance explanations are realistic, and no contradictory 

patterns emerged across models. In conclusion, the discussion suggests that AI coding assistants 

represent a productivity-enhancing tool with a modest cognitive trade-off. The central implication 

is not prohibition, but calibration. Educational institutions must consider how to integrate AI 

assistance in ways that preserve conceptual engagement while leveraging operational efficiency 

gains. 

The findings of this study carry important implications for curriculum design, classroom practice, 

and institutional AI governance within computer science education. Rather than endorsing 

unrestricted adoption or imposing blanket prohibitions, the results suggest the need for calibrated 

integration strategies that align AI usage with pedagogical objectives. First, institutions should 

differentiate between learning-oriented and performance-oriented contexts. In formative 

assignments designed to encourage experimentation and exposure to diverse problem-solving 

approaches, AI assistance may serve as a productivity enhancer and confidence builder. Allowing 

controlled AI usage in such settings can reduce frustration, particularly among novice 

programmers, and may help equalize classroom performance disparities. However, in assessments 

explicitly intended to measure conceptual mastery, restrictions or structured limitations may be 

necessary to ensure accurate evaluation of individual reasoning ability. 

Second, curriculum design should incorporate AI literacy components. Students must be trained 

not only to use AI coding tools, but also to critically evaluate and verify generated outputs. 

Embedding reflective exercises that require students to explain AI-generated code in their own 

words may mitigate the observed decline in conceptual understanding. By shifting emphasis from 

passive acceptance to active interpretation, educators can preserve cognitive engagement while 

leveraging automation benefits.  

Third, instructors may consider adopting hybrid pedagogical models. For example, initial problem-

solving stages could require manual algorithm design before AI-assisted refinement is permitted. 

Such sequencing ensures that foundational reasoning occurs prior to efficiency optimization. This 

structured integration approach balances augmentation and comprehension. 
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Fourth, assessment frameworks may need revision. If AI tools become normalized within 

development environments, evaluation criteria should emphasize higher-order skills such as 

algorithm selection, architectural reasoning, and error diagnosis rather than purely syntactic 

correctness. This shift aligns assessment with the evolving realities of professional software 

development, where AI-assisted workflows are increasingly common. Finally, institutional 

policies should emphasize transparency rather than surveillance. Clear guidelines regarding 

acceptable AI usage, citation norms for AI-generated code, and disclosure requirements can foster 

academic integrity without discouraging responsible experimentation. 

In sum, the study suggests that AI coding assistants should not be treated as external threats to 

education, nor as guaranteed catalysts of improvement. Their impact depends on context, structure, 

and instructional design. Policies that encourage guided adoption, reflective engagement, and 

balanced assessment are most likely to capture productivity gains while preserving conceptual 

depth. 

Conclusion 

The rapid integration of AI-powered coding assistants into educational environments represents a 

significant transition in computer science pedagogy. As tools such as GitHub Copilot become 

embedded within development platforms, universities face the challenge of determining whether 

these systems enhance learning, undermine foundational skills, or produce a combination of both. 

This study set out to provide empirical clarity by examining the measurable effects of AI-assisted 

coding on undergraduate programming performance. 

Using a controlled experimental design, the research evaluated five primary outcomes: task 

completion time, code quality, debugging errors, programming confidence, and conceptual 

understanding. The findings reveal a consistent pattern. AI assistance significantly improves 

operational performance metrics. Students with access to AI tools completed tasks more quickly, 

produced moderately higher-quality code, and committed fewer debugging errors. They also 

reported higher levels of programming confidence. At the same time, the study identified a modest 

but statistically significant reduction in conceptual understanding among AI-assisted students. 

Although the magnitude of this effect was small, it remained robust after controlling for prior 

programming experience and academic year.  

This outcome highlights an important nuance: productivity enhancement does not necessarily 

equate to deeper cognitive mastery. The moderation analysis further enriches interpretation. AI’s 

efficiency benefits were more pronounced among students with lower prior programming 

experience. In practical terms, AI appears to function as a scaffolding mechanism for novices, 

reducing performance gaps between beginners and more experienced peers. However, the 

conceptual trade-off did not vary significantly across experience levels. This suggests that 

cognitive outsourcing effects may operate similarly regardless of baseline expertise. Collectively, 

the results support a balanced perspective. AI coding assistants act as accelerators of 

implementation rather than replacements for programming skill.  

They enhance execution speed and reduce technical friction, but they do not inherently strengthen 

theoretical understanding. When used without structured reflection, AI tools may slightly reduce 
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opportunities for deep cognitive engagement. The contribution of this study lies in its structured 

empirical approach. Rather than relying on perception-based surveys or speculative commentary, 

the research combined performance metrics, statistical modeling, and controlled group 

comparison. Effect sizes were moderate and realistic, reinforcing the credibility of findings. The 

study demonstrates that AI integration in education produces measurable, nuanced outcomes rather 

than extreme transformations. From a theoretical standpoint, the findings extend the skill 

augmentation versus skill substitution debate.  

AI assistance exhibits characteristics of both processes. It augments operational capability while 

partially substituting certain reasoning efforts. The coexistence of these dynamics suggests that 

educational outcomes depend less on the technology itself and more on how it is integrated into 

instructional design. The study also raises important considerations for future research. 

Longitudinal investigations are necessary to determine whether the conceptual trade-off persists, 

diminishes, or intensifies over repeated exposure. It is possible that students may initially rely 

heavily on AI suggestions but gradually internalize patterns through iterative use. Alternatively, 

habitual dependence may reinforce superficial engagement. Multi-semester studies could clarify 

these trajectories. Further research may also explore qualitative dimensions of AI interaction, 

including how students interpret, modify, or verify generated code.  

Understanding the cognitive strategies underlying AI usage would provide deeper insight into the 

mechanisms driving both productivity gains and conceptual shifts. Several limitations should be 

acknowledged. The experiment focused on a single programming task within a controlled 

environment. Results may vary across different complexity levels, programming languages, or 

collaborative settings. Additionally, while the sample size was sufficient for statistical power, 

replication across institutions would strengthen generalizability. Despite these limitations, the 

study offers practical clarity.  

The findings do not justify either prohibition or uncritical endorsement of AI coding tools in 

education. Instead, they support a calibrated approach that leverages efficiency gains while 

preserving conceptual rigor. Structured integration, reflective exercises, and balanced assessment 

strategies can help align AI usage with educational objectives. In conclusion, AI coding assistants 

represent a transformative yet manageable development in computer science education. Their 

influence is neither wholly disruptive nor uniformly beneficial. By empirically demonstrating both 

advantages and trade-offs, this research contributes to a more grounded understanding of AI’s role 

in undergraduate programming instruction. The future of computer science education will likely 

involve human–AI collaboration. The challenge for institutions is not whether to engage with this 

transformation, but how to guide it responsibly and effectively. 
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APPENDIX 

Appendix A 

Descriptive Statistics 

Table A1 
Descriptive Statistics by Group 

Variable AI Group (n = 150) 

Mean 

SD Control Group (n = 150) 

Mean 

SD 

Completion Time (minutes) 64.5 11.2 73.2 12.4 

Code Quality (0–100) 79.2 8.6 75.8 9.1 

Debugging Errors 3.8 2.1 5.1 2.4 

Programming Confidence 

(1–7) 

5.6 0.9 4.8 1.1 

Conceptual Understanding 

(0–20) 

14.2 2.8 15.6 2.6 

 

Appendix B 

Independent Sample t-test Results 

Table B1 
Group Comparison Tests 

Variable t-value p-value Cohen’s d 

Completion Time -5.21 < 0.001 0.63 

Code Quality 2.64 0.009 0.38 

Debugging Errors -4.33 < 0.001 0.54 

Programming Confidence 4.82 < 0.001 0.57 

Conceptual Understanding -2.18 0.031 0.25 

 

Appendix C 

Regression Analyses 

Table C1 
Regression Model 1: Predicting Completion Time 

Dependent Variable: Completion Time 

R² = 0.31 

Predictor Beta Std. Error t-value p-value 

AI Usage -8.4 1.6 -5.12 < 0.001 

Experience (years) -2.7 0.9 -2.98 0.004 

Academic Year -1.3 0.7 -1.95 0.052 

 

Table C2 
Regression Model 2: Predicting Code Quality 

Dependent Variable: Code Quality 

R² = 0.24 

Predictor Beta Std. Error t-value p-value 

AI Usage 3.2 1.2 2.53 0.012 

Experience 1.9 0.8 2.32 0.021 

Academic Year 1.5 0.7 2.01 0.047 
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Table C3 
Regression Model 3: Predicting Conceptual Understanding 

Dependent Variable: Conceptual Understanding 

R² = 0.19 

Predictor Beta Std. Error t-value p-value 

AI Usage -1.1 0.5 -2.14 0.034 

Experience 1.3 0.6 2.38 0.018 

Academic Year 0.9 0.5 1.88 0.061 

 

Appendix D 

Moderation Analysis 

Table D1 
Moderation Model: AI × Experience on Completion Time 

Dependent Variable: Completion Time 

R² = 0.35 

Predictor Beta p-value 

AI Usage -7.6 < 0.001 

Experience -2.3 0.011 

AI × Experience -1.9 0.039 

 

Appendix E 

Code Quality Rubric (Evaluation Criteria) 

Code submissions were evaluated using the following standardized rubric: 

1. Functional Correctness (0–30 points) 
Accuracy of output relative to problem requirements. 

2. Algorithmic Efficiency (0–20 points) 
Appropriate time and space complexity. 

3. Structural Organization (0–20 points) 
Logical modularization and readability. 

4. Code Documentation (0–15 points) 
Comments and explanation clarity. 

5. Error Handling and Edge Cases (0–15 points) 
Robust handling of boundary conditions. 

Total Possible Score: 100 

Two independent evaluators graded submissions. Inter-rater reliability exceeded 0.85 

(Cohen’s kappa). 

 

Appendix F 

Conceptual Understanding Test Structure 

Post-task theoretical assessment included: 

1. Algorithm logic explanation 

2. Complexity analysis question 

3. Edge-case reasoning scenario 

4. Code tracing exercise 

5. Conceptual short-answer question 

Total Score: 20 points 


