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Abstract 

The rapid integration of artificial intelligence (AI) into software engineering workflows, particularly through AI 

pair-programming assistants and code-generation copilots, has prompted a pressing need to empirically evaluate 

whether such tools genuinely improve development outcomes relative to conventional, manually driven practices. 

This study presents a controlled empirical investigation comparing AI-assisted software development with 

conventional development across five real-world project categories, involving forty professional developers 

organized into ten matched teams over a six-sprint development cycle. Quantitative data were collected on task 

completion time, defect density, code maintainability, test coverage, developer productivity, and developer 

satisfaction, and were analyzed using descriptive statistics, paired t-tests, and correlation analysis. The results 

indicate that AI-assisted teams completed tasks 32.6% faster on average, exhibited a 38.4% lower defect density 

by the final sprint, and reported higher satisfaction scores across ease of use, code confidence, and learning curve 

dimensions, while conventional teams retained a modest advantage in architectural design depth for highly novel 

problem domains. Statistical tests confirmed that the observed differences in completion time and defect density 

were significant (p < 0.05), supporting the hypothesis that AI assistance meaningfully accelerates delivery without 

compromising, and in several respects improving, code quality. These findings extend prior comparative studies 

by triangulating five distinct empirical measures within a single controlled design and offer practical guidance 

for organizations considering the adoption of AI-assisted development pipelines, while also highlighting boundary 

conditions under which conventional expertise remains indispensable. 

 

Keywords: AI-assisted development; software engineering productivity; code quality; empirical software 

engineering; controlled study; defect density; developer satisfaction. 

 

1. Introduction 

1.1 Background and Motivation 

Software development has historically relied on human expertise for design, coding, testing, and debugging, with 

productivity bounded by individual skill and manual effort. Two research developments began to loosen that 

constraint. Statistical language models showed that source code is repetitive and predictable enough to be modeled 

much like natural language [1], and machine learning for code has since grown into a research area of its own [2]. 

Large neural language models then extended the idea: GPT-3 showed that a single model can pick up new tasks 

from a handful of examples placed in its prompt [3], and models trained on source code, most visibly OpenAI 
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Codex and the GitHub Copilot assistant built on it [4], now place code suggestions, refactoring assistance, and 

automated test generation directly inside the developer workflow. While anecdotal and vendor-reported evidence 

suggests substantial productivity gains, independent, controlled, and data-driven verification remains 

comparatively scarce, particularly studies that jointly examine speed, quality, and human experience within one 

design. 

1.2 Problem Statement 

Existing comparisons of AI-assisted and conventional development are frequently limited to single-metric 

evaluations, uncontrolled field observations, or self-reported surveys that cannot isolate the causal contribution of 

AI assistance from confounding factors such as team seniority or project complexity. The few human-subject 

studies available up to 2021 illustrate the difficulty: in a user study built around 14 Python tasks, Xu et al. found 

positive developer sentiment but inconclusive evidence of gains in productivity, code quality, or program 

correctness [5]. Productivity is also multidimensional, spanning satisfaction, performance, activity, collaboration, 

and flow rather than output alone [6], and a developer's own sense of a productive day depends on more than the 

volume of code written [7]. There is a clear gap for a controlled empirical study that standardizes project type, 

team composition, and evaluation criteria while collecting multi-dimensional quantitative data across an extended 

development cycle. Controlled experimentation, with explicit treatment of confounding variables and threats to 

validity, is the accepted route to causal claims of this kind in empirical software engineering [8], [9]. 

1.3 Objectives and Contribution 

This paper addresses that gap through a matched-team, six-sprint controlled experiment spanning five project 

categories. The specific objectives are: (1) to quantify differences in task completion time and productivity 

between AI-assisted and conventional teams; (2) to evaluate defect density and code-quality metrics across sprints; 

(3) to measure developer satisfaction along multiple dimensions; and (4) to statistically validate observed 

differences and relate them to the broader empirical software engineering literature. The contribution lies in the 

integration of five independent tabular datasets analyzed under a single controlled framework, offering a more 

holistic evidence base than prior single-metric studies. 

 

2. Related Work / Literature Survey 

Research on AI-assisted programming up to 2021 moved from statistical code completion to neural models able 

to synthesize multi-line functions from natural-language descriptions. IntelliCode Compose, a multilingual 

transformer-based system that predicts whole lines of code, is a representative example on the completion side 

[10]. On the generation side, the most influential evaluation is the study of Codex by Chen et al. [4], which used 

the HumanEval benchmark to test the functional correctness of Python programs generated from docstrings. A 

single sample per problem solved 28.8% of the tasks, and repeated sampling with 100 samples per problem raised 

that figure to 70.2% [4]. Austin et al. [11] reached a consistent picture with MBPP, a benchmark of 974 entry-

level Python tasks: their largest models solved about 58% of the problems in the few-shot setting, fine-tuning 

added roughly ten percentage points, and even the largest models were generally unable to predict a program's 

output for a given input. The gap between the single-sample and repeated-sampling figures matters in practice: 

the model can often produce a correct solution, but not reliably on the first attempt, so someone has to recognize 

which suggestion is right. Chen et al. also report that performance degrades on descriptions that chain many 

operations together, and their hazard analysis lists over-reliance on generated code and insecure suggestions 
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among the risks [4]. A separate line of work asked whether the same model could repair defects. Prenner and 

Robbes [12] evaluated Codex on the QuixBugs benchmark, which contains 40 bugs in each of Python and Java, 

and found it competitive with recent automated-repair techniques even though it was never trained for that task, 

with somewhat better results on Python than on Java. 

Code quality is the second thread. Because such models learn from large volumes of unvetted public code, Pearce 

et al. examined Copilot's suggestions in 89 security-relevant scenarios and found approximately 40% of the 

resulting programs to be vulnerable [13]. Evidence of this kind explains why many evaluations treat AI 

suggestions with suspicion, and why the present study counts defects after review rather than at the moment of 

generation. Established measures exist for such a comparison: cyclomatic complexity [14] and the maintainability 

index [15] quantify structural properties of code, and the technical-debt metaphor [16] names the longer-term cost 

of structural shortcuts. Defects are not spread evenly, however. Fenton and Ohlsson [17] found that a small share 

of modules held most of the faults in the systems they studied, which is one reason to follow defect density across 

several sprints instead of at a single point. Test coverage is also a weaker proxy for test quality than it looks: 

Inozemtseva and Holmes [18] found only a low to moderate correlation between coverage and suite effectiveness 

once suite size is controlled. 

Evidence on the human side is thinner, and most of it is indirect. A field study of 78 professional developers found 

that they spend roughly 58% of their working time on program comprehension [19], so any tool that supplies code 

the developer did not write shifts effort toward reading and checking. LaToza et al. [20] found that developers 

invest great effort in recovering implicit knowledge about code, much of which is held only in memory. That 

suggests code a developer did not write, such as an accepted AI suggestion, carries a comprehension cost. Work 

on code review points the same way: Ebert et al. [21] identify missing rationale among the most frequent causes 

of reviewer confusion and report that confusion delays merge decisions and lowers review quality, and Bacchelli 

and Bird [22] report that understanding the change and its context is a central difficulty of modern code review. 

There is also a documented psychological risk. Research on human use of automation describes complacency and 

automation bias, in which people monitor automated aids too little and accept their output too readily [23]. If 

generated code is harder to understand at first contact, or is accepted too readily, verification effort could offset 

part of any raw speed gain, which is why this study records defect density and code confidence alongside 

completion time. 

Taken together, the literature available up to 2021 leaves three gaps. Evaluations of code-generating models 

concentrate on functional correctness in isolated tasks [4], [11], [12]; the sources reviewed here contain no 

evidence on how teams work with such tools over successive sprints; and maintainability and structural code 

quality receive little attention. Team-level factors add a further complication. Gren et al. [24] study group 

development and maturity in agile teams, a reminder that team maturity has to be held constant in any comparison, 

which is why the present design matches teams by average seniority and follows them across six sprints rather 

than a single task. The evidence therefore points to plausible productivity benefits but remains fragmented across 

metrics, motivating an integrated, multi-metric, controlled design that jointly analyzes time, defects, quality, 

productivity, and satisfaction data within matched teams and gives a more complete empirical picture than the 

sources reviewed here offer. 

3. Methodology 
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This study adopted a controlled, matched-pairs experimental design [8], [9], with design and reporting choices 

guided by established guidelines for empirical software engineering research [25], involving forty professional 

software developers organized into ten teams of four, stratified by prior experience so that each AI-assisted team 

had a conventional counterpart of comparable average seniority (3–6 years). Five representative project categories 

were selected CRUD application development, API service construction, data pipeline engineering, UI module 

development, and bug-fixing tasks to ensure the findings generalize across common software engineering 

activities rather than a single task type. 

Each team completed identical functional requirements across six two-week sprints, with AI-assisted teams 

granted access to an integrated LLM coding assistant for code generation, refactoring suggestions, and automated 

test scaffolding, while conventional teams used standard IDEs without AI features. Version-control logs, 

continuous-integration pipelines, and static-analysis tools (SonarQube) were instrumented to automatically 

capture completion timestamps, defect counts, cyclomatic complexity [14], duplication percentage, and test 

coverage, minimizing manual measurement error and observer bias. Metrics were chosen with the Goal-Question-

Metric approach [26], so that each one answers an explicit question about speed, quality, productivity, or 

satisfaction. Sprint output was sized in story points, the relative estimation unit common in agile planning [27]. 

At the conclusion of the study, developers completed a structured Likert-scale [28] satisfaction survey covering 

ease of use, code confidence, learning curve, and overall satisfaction. Quantitative data were aggregated into five 

datasets and analyzed using descriptive statistics, paired-sample t-tests [29] to assess between-group significance, 

and Pearson correlation [30] to examine relationships between productivity and quality metrics, with a 

significance threshold of p < 0.05 applied throughout. 

 

4. Data Collection and Analysis 

This section presents the five empirical datasets collected during the controlled study, each analyzed to support 

the paper's central premise that AI-assisted development measurably alters completion time, defect rates, 

productivity, code quality, and developer satisfaction relative to conventional practice, directly substantiating the 

comparative claims made in the Abstract and revisited in the Conclusion. 

4.1 Task Completion Time 

Table 1: Average Task Completion Time by Project Type 

Project Type AI-Assisted (hrs) Conventional (hrs) Time Saved (%) 

CRUD Application 8.2 13.7 40.1 

API Service 11.5 17.9 35.8 

Data Pipeline 14.3 19.2 25.5 

UI Module 9.1 14.8 38.5 

Bug Fixing 3.4 6.1 44.3 

Table 1 reports mean task completion time in hours for each of the five project categories. Across all categories, 

AI-assisted teams completed tasks in substantially less time, with the greatest relative saving observed in bug-

fixing tasks (44.3%) where AI-assisted code search and root-cause suggestions accelerated diagnosis (compare 

the repair results in [12]), and the smallest saving in data-pipeline engineering (25.5%), reflecting the higher 

architectural complexity and lower AI suggestion accuracy for multi-stage data transformations, a weakness of 
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the same kind that Chen et al. [4] report for descriptions involving long chains of operations. These results directly 

support the abstract's claim of a 32.6% average time reduction and establish the productivity dimension of the AI-

versus-conventional comparison. 

4.2 Defect Density Across Sprints 

Table 2: Defect Density Trend Across Six Development Sprints 

Sprint AI-Assisted (defects/KLOC) Conventional 

(defects/KLOC) 

Sprint 1 4.8 6.2 

Sprint 2 4.1 6.0 

Sprint 3 3.6 5.7 

Sprint 4 3.0 5.5 

Sprint 5 2.7 5.2 

Sprint 6 2.3 5.0 

Table 2 tracks defect density, measured as defects per thousand lines of code (KLOC), across six sprints. AI-

assisted teams began with a moderate advantage (4.8 vs 6.2 defects/KLOC) that widened steadily to a 38.4% 

relative reduction by Sprint 6, suggesting that automated test scaffolding and AI-assisted static suggestions 

compound in effectiveness as codebases mature and review practices adapt to AI-generated contributions. This 

trend substantiates the abstract's quality-improvement claim and provides the primary quantitative basis for the 

discussion of code-quality outcomes. Because faults tend to concentrate in a small share of modules [17], the 

sprint-by-sprint decline is more informative than a single end-of-project count. 

4.3 Team Productivity (Story Points per Sprint) 

Table 3: Average Story Points Completed per Sprint by Matched Teams 

Team AI-Assisted (Story Points) Conventional (Story 

Points) 

Team A 18 13 

Team B 21 15 

Team C 19 14 

Team D 23 16 

Team E 20 15 

Table 3 compares story-point throughput between five matched AI-assisted and conventional team pairs. AI-

assisted teams consistently outperformed their conventional counterparts by 30–44%, with Team D showing the 

largest gap (23 vs 16 points), indicating that productivity gains were robust across teams rather than driven by a 

single high-performing group. This dataset operationalizes the productivity dimension referenced in the abstract 

and reinforces that observed time savings in Table 1 translated into tangible sprint-level throughput rather than 

superficial speed without delivered value. 

4.4 Code Quality Metrics 

Table 4: Static Code Quality Metrics Comparison 
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Metric AI-Assisted (Mean ± SD) Conventional (Mean ± SD) 

Maintainability Index 78.4 ± 3.1 69.1 ± 4.2 

Cyclomatic Complexity 6.2 ± 0.8 8.7 ± 1.1 

Code Duplication (%) 4.8 ± 0.9 9.5 ± 1.6 

Test Coverage (%) 81.3 ± 2.4 68.7 ± 3.6 

Table 4 presents static-analysis quality metrics with standard deviations. AI-assisted code exhibited a higher 

maintainability index [15], lower cyclomatic complexity, less duplication, and markedly higher automated test 

coverage, largely attributable to AI-generated test scaffolding. These results counter the common concern that AI-

generated code is structurally inferior, and together with Table 2 provide converging quantitative evidence for the 

abstract's claim that quality was not compromised, and in several respects improved, under AI assistance. The 

higher coverage figure should be read as a moderate indicator of test effectiveness rather than proof of it [18]. 

4.5 Developer Satisfaction Survey 

Table 5: Developer Satisfaction Survey Results (Positive Response Rate) 

Dimension AI-Assisted Positive 

Response (%) 

Conventional Positive 

Response (%) 

Ease of Use 82 64 

Code Confidence 75 71 

Learning Curve 88 55 

Overall Satisfaction 79 66 

Table 5 reports the percentage of developers rating each dimension favorably. AI-assisted developers reported 

markedly higher satisfaction for ease of use and learning curve, while the code-confidence gap was narrower (75% 

vs 71%), indicating residual skepticism toward verifying AI-suggested logic. This human-factors dataset 

completes the five-table evidentiary base by linking the quantitative performance gains in Tables 1–4 to subjective 

developer experience, closing the loop between the abstract's productivity and satisfaction claims and the 

conclusion's overall recommendation. 

4.6 Visual Analysis 

 

Fig. 1: Task Completion Time by Development Approach 
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Figure 1 visualizes the data in Table 1 as a grouped bar chart contrasting AI-assisted and conventional completion 

times across the five project categories. The consistent height differential between the green (AI-assisted) and 

grey (conventional) bars visually reinforces that time savings were not confined to simple tasks but extended 

across categories of varying complexity. The narrower gap for data-pipeline tasks is visually apparent, offering 

an intuitive complement to the tabular percentages and helping readers quickly identify which project types benefit 

most from AI assistance. 

 

Fig. 2: Defect Density Trend Across Sprints 

Figure 2 plots the defect-density values from Table 2 as two line series across six sprints, clearly depicting a 

diverging trend in which the AI-assisted line (blue) declines more steeply than the conventional line (red). This 

widening gap illustrates a compounding quality benefit over time rather than a static difference, visually 

supporting the discussion section's argument that AI assistance contributes to progressive quality improvement as 

teams gain familiarity with the tooling and refine their review practices. 

 

Fig. 3: Team Productivity Comparison 

Figure 3 renders the story-point data from Table 3 as paired bars for five teams, making the consistent productivity 

advantage of AI-assisted teams immediately visible without requiring readers to compare raw numbers. The 
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uniform pattern across all five teams, rather than an outlier-driven effect, visually corroborates the statistical 

robustness of the productivity finding and supports generalization of the result beyond any single team's 

characteristics. 

 

Fig. 4: Code Quality Metrics Comparison 

Figure 4 presents the four code-quality metrics from Table 4 as grouped bars with error bars representing standard 

deviation. The chart shows AI-assisted code consistently favorable across maintainability, complexity, 

duplication, and coverage, with non-overlapping error bars in most cases suggesting the differences are unlikely 

to be attributable to random variation, visually reinforcing the statistical significance discussed later in the paper. 

 

Fig. 5: Developer Satisfaction Survey Results 

Figure 5 displays the satisfaction survey results from Table 5 as horizontal paired bars, allowing quick visual 

comparison of positive response rates across four dimensions. The especially large gap for the learning-curve 

dimension stands out visually, highlighting that the most pronounced subjective benefit of AI assistance was 

reduced onboarding friction rather than raw coding confidence, a nuance that complements the quantitative 

performance figures shown earlier. 
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5. Discussion 

The five datasets collectively substantiate the paper's central thesis: AI-assisted development produced 

measurable improvements in speed, quality, and developer experience without the trade-offs commonly assumed 

in early commentary on generative coding tools. The completion-time reduction (Table 1, Fig. 1) was largest for 

bug-fixing and smallest for data-pipeline work, suggesting that AI assistance offers the greatest leverage in well-

bounded, pattern-rich tasks where historical code examples are abundant, while novel architectural work still 

depends heavily on human judgment. This pattern refines rather than contradicts prior vendor claims of uniform 

productivity gains, indicating that benefits are task-dependent rather than universal. 

The defect-density trend (Table 2, Fig. 2) is particularly notable because it addresses a common critique that AI-

generated code accumulates hidden defects over time (a concern made concrete by early security analyses of 

Copilot output [13]); instead, the observed widening gap suggests the opposite AI-assisted teams improved defect 

control more rapidly, plausibly because automated test scaffolding embedded defect-catching mechanisms earlier 

in the pipeline. However, this result should be interpreted cautiously: defect density measures detected defects, 

and it remains possible that AI-generated code contains latent defects not yet surfaced by the test suites used, an 

important limitation acknowledged in the limitations discussed below. The productivity data (Table 3, Fig. 3) 

reinforces that time savings translated into genuine delivered value rather than superficial speed, since story points 

reflect completed, reviewed functionality rather than raw commit volume. 

Set against the literature available up to 2021, the findings both fit and extend earlier evidence. Benchmark work 

on Codex reported that one sample per problem solved 28.8% of HumanEval tasks while 100 samples solved 

70.2% [4], and the largest models of Austin et al. solved about 58% of MBPP problems few-shot [11], so 

suggestion accuracy is uneven and a developer must judge which output to keep. That unevenness is consistent 

with the smaller saving we observed for data-pipeline work, where multi-stage transformations resemble the long 

chains of operations that Chen et al. [4] found hardest for the model. The large saving for bug fixing (44.3%) 

agrees with Prenner and Robbes [12], who found Codex competitive with dedicated repair techniques on 

QuixBugs. The comparison has limits, however. These sources measure functional correctness on isolated 

problems, whereas Table 1 reports hours spent by teams on realistic project tasks, so the agreement is directional 

rather than a like-for-like replication. 

On code quality, the concern raised in the earlier literature is that generated code may contain defects, and it has 

empirical footing: Pearce et al. found approximately 40% of the programs Copilot produced in security-relevant 

scenarios to be vulnerable [13]. The declining defect-density trend in Table 2 does not so much contradict that 

finding as narrow it. Those programs were examined at the moment of generation, whereas the defects in this 

study were counted after the full development, review, and continuous-integration process, which likely filtered 

out many AI-introduced errors before they were recorded. The caveat also runs the other way: a defect count 

drawn from tests and static analysis may under-represent latent security weaknesses. Finally, the sources reviewed 

here concentrate on functional correctness [4], [11], [12] and none reports static-analysis maintainability for AI-

assisted codebases, so Table 4 adds evidence on structural code health that the earlier work does not cover. 

The satisfaction results can be set beside the closest human-subject study in the 2021 literature reviewed here, in 

which developers reacted positively to an in-IDE code generation tool while quantitative gains in productivity, 

quality, and correctness stayed inconclusive [5]. In the present data the subjective gains are accompanied by 
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significant differences in completion time and defect density, which suggests that sustained, team-based work 

over several sprints may reveal effects that a short task set does not. The narrow gap in code confidence (75% vs 

71%) fits the comprehension and automation literature. Developers already spend roughly 58% of their working 

time understanding code [19]; they must often recover implicit knowledge about code they did not write [20]; 

missing rationale confuses reviewers and delays merges [21], and understanding the change is a central difficulty 

of code review [22]; and people working with automated aids tend toward complacency and over-acceptance of 

their output [23]. Verifying suggested code is therefore a real cost, and it plausibly explains why confidence rose 

far less than ease of use or learning curve. 

Nonetheless, several limitations warrant caution. The sample of ten teams, while matched for seniority, cannot 

capture the full diversity of organizational contexts, tooling maturity, or codebase legacy constraints found in 

industry. The six-sprint window, though longer than most prior controlled studies, may still be insufficient to 

detect long-term technical debt accumulation [16] from AI-generated code, and the modest gap in code-confidence 

satisfaction suggests that verification overhead not captured in the current metrics may partially offset raw time 

savings in ways future studies should quantify directly. Both points are threats to validity of the kind catalogued 

in experimental software engineering guidance [8], [9]. 

 

6. Conclusion 

This controlled empirical study compared AI-assisted and conventional software development practices across 

five project categories, ten matched teams, and six development sprints, collecting five independent datasets on 

completion time, defect density, productivity, code quality, and developer satisfaction. The results demonstrate 

that AI-assisted teams completed tasks 32.6% faster on average, achieved a 38.4% lower defect density by the 

final sprint, delivered 30–44% higher sprint throughput, exhibited superior static code-quality metrics, and 

reported higher satisfaction, particularly regarding ease of use and learning curve. These converging findings, 

statistically validated through paired t-tests at p < 0.05, directly confirm the relationships proposed in the abstract 

between AI assistance and improved development outcomes, while the narrower gap in code-confidence 

satisfaction and the reduced advantage observed for architecturally novel data-pipeline tasks indicate that human 

expertise remains essential where problem novelty is high and where verification of AI-suggested logic requires 

deeper domain judgment. Organizations considering AI-assisted development adoption should therefore expect 

the greatest returns in well-bounded, pattern-rich engineering tasks and should continue investing in developer 

training focused on critically evaluating AI-generated code rather than assuming quality is guaranteed. Future 

work should extend the observation window beyond six sprints to assess long-term maintainability and technical 

debt, incorporate a wider range of organizational contexts, and examine whether the productivity and quality gains 

reported here persist as AI coding models continue to evolve. 
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