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I. INTRODUCTION 
 

The landscape of software engineering is currently 

undergoing its most profound shift since the 

transition from assembly language to high-level 

programming. By 2026, the integration of Artificial 

Intelligence (AI) into the Software Development Life 

Cycle (SDLC) has moved beyond the "experimental" 

frontier to become a fundamental industry standard. 

Recent data suggests that over 84% of professional 

developers now utilize AI-driven orchestration tools, 

such as GitHub Copilot and DeepSeek, to navigate 

daily workflows [1]. This evolution has followed a 

rapid trajectory: from the Assistive phase (2021–

2023), characterized by line-level autocompletion, 

through the Generative phase (2024–2025) of 

function-level synthesis, to the current era of Agentic 

AI. 

Unlike its predecessors, Agentic AI represents a shift 

toward autonomous systems capable of repository-

wide reasoning and cross-microservice 

modifications. While this transition promised a 

"productivity utopia," the empirical reality has 

revealed a complex "Productivity-Quality Paradox." 

As AI tools take on a larger share of the authoring 

process—with tech giants like Google reporting that 

25% of internal code is now AI-assisted [12]—the 

focus of engineering leadership has been forced to 

shift from "creation speed" to "system sustainability." 

 

The rapid injection of AI-generated logic has 

introduced unforeseen degradations in code health, 

including a 14.7% increase in code churn and a 4x 

surge in code duplication [2, 13]. These metrics 

suggest that while developers are completing tasks 

faster, they are inadvertently accumulating a new 

form of "Agentic Technical Debt." This debt arises 

from a violation of the "Don’t Repeat Yourself" (DRY) 

principle and a decline in proactive refactoring, as AI 
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models prioritize localized, standalone solutions 

over global architectural coherence. 

 

Furthermore, a "Verification Bottleneck" has 

emerged. Despite the perceived 20% gain in speed, 

Randomized Controlled Trials (RCTs) indicate that 

the cognitive load of auditing "hallucinated" or 

generic AI logic can actually increase total 

development time for complex tasks by 19% [16]. 

The industry is thus at a critical inflection point: the 

sheer volume of code being produced is outpacing 

the human capacity to verify its security and 

maintainability. 

 

This paper investigates the empirical correlation 

between the mass adoption of Agentic AI and the 

accelerating decay of enterprise software 

architecture. By analyzing longitudinal data from 211 

million lines of code and security audits of over 

100,000 AI-generated programs, we seek to quantify 

the "Sustainability Crisis" and propose a governance 

framework to ensure that today’s development 

velocity does not result in tomorrow’s technical 

bankruptcy. 

 

II. LITERATURE REVIEW 

 
The evolution of AI-assisted software engineering 

(AI4SE) has moved through three distinct phases: 

Assistive (2021-2023), Generative (2024-2025), and 

Agentic (2026). 

 

Productivity and the "IKEA Effect" 

Controlled experiments published in IEEE Xplore 

indicate that developers using AI complete tasks 

20% to 55% faster [3]. However, recent 2025 studies 

highlight a "perception gap." A Randomized 

Controlled Trial (RCT) by METR (2025) found that 

while developers believed AI sped them up by 20%, 

they actually took 19% longer on complex, multi-

hour tasks due to the "chaperoning" effect—

spending excessive time debugging and refining the 

AI's output [9]. 

 

Impact on Code Quality and Technical Debt 

Empirical analysis of 211 million lines of code (2020–

2025) reveals a 14.7% increase in code churn [2]. 

Research by GitClear identified that for the first time 

in history, "copy/pasted" lines of code exceeded 

"moved" or refactored lines in 2024. This suggests a 

decline in proactive refactoring and a surge in code 

duplication, which is reportedly 4x higher in AI-

assisted repositories [8]. 

 

Cybersecurity and Vulnerability Patterns 

Longitudinal security audits (2025) show that while 

AI models are increasingly syntactically correct, their 

security performance has plateaued. Studies find 

that AI generators opt for insecure coding methods 

45% of the time when given a choice [10]. 

Specifically, Java AI-generated code shows a failure 

rate of over 70% in preventing OWASP Top 10 risks 

like Log Injection and XSS [10]. 

 

Emerging "Agentic Debt" 

The Journal of Systems and Software (2025) 

introduced "Accessibility Debt," defining the hidden 

cost of integrating rapid AI suggestions without full 

contextual understanding [6]. Furthermore, the 

"Model Collapse" theory suggests that training 

future models on AI-generated code leads to a loss 

of algorithmic diversity, potentially homogenizing 

software solutions and creating systemic 

vulnerabilities [11]. 

 

Research Gap 

While existing literature documents immediate 

speed gains, there is a significant lack of data 

regarding "Agentic Technical Debt." Current 

research focuses on isolated snippets. There is a gap 

in understanding how Agentic AI—which can 

autonomously modify entire microservices—affects 

the long-term architectural decay of enterprise 

systems compared to human-led maintenance. 

 

Objectives 

 To quantify the correlation between AI code 

generation and the surge in code duplication 

and churn. 

 To identify positive and negative impact of AI in 

generating software code. 

 

Discussion 

The transition from manual to AI-assisted coding has 

fundamentally altered the composition of modern 

repositories. By early 2026, it is estimated that nearly 



 Saanvi Gupta, International Journal of Science, Engineering and Technology, 

 2026, 14:1 

 

3 

 

 

41% of new code is AI-generated, with tech giants 

like Google reporting that 25% of their internal code 

is AI-assisted [12]. However, this "code explosion" 

has introduced a specific set of measurable 

degradations in code health. 

 

Quantifying Code Duplication and "Cloning" 

A primary concern is the violation of the Don't 

Repeat Yourself (DRY) principle. Recent empirical 

studies utilizing the largest known database of 

structured code changes (211 million lines) found 

that code duplication has spiked 4x since the mass 

adoption of AI assistants [13]. 

 

 Decline in Refactoring: The percentage of code 

changes associated with refactoring (moving or 

updating existing logic) plummeted from 25% in 

2021 to less than 10% in 2024 [13]. 

 The Rise of Copy/Paste: For the first time in 

software history, "copy/pasted" (cloned) code 

lines have exceeded "moved" lines, rising from 

8.3% to 12.3% of all commits [13]. AI models 

tend to generate standalone implementations 

for every request rather than searching for and 

reusing existing utility functions within a 

repository. 

 

Analyzing Short-Term Code Churn 

Code Churn—defined as lines of code that are 

reverted or significantly updated within two weeks of 

being authored—is a high-signal indicator of 

"mistake code." 

 Churn Projection: Longitudinal data suggests 

that code churn in 2025-2026 is projected to be 

2x higher than the 2021 pre-AI baseline [13], 

[14]. 

 The "Last Mile" Problem: While AI speeds up task 

completion by 30–60%, 75% of developers 

report the need for manual review to catch 

errors [12]. A 2025 study found that AI-authored 

pull requests (PRs) contained 1.7x more issues 

than human-only PRs, specifically in the areas of 

logic and correctness [15]. This leads to a high 

frequency of "patch-on-patch" updates, which 

inflates churn metrics and complicates the 

version control history. 

 

The Verification Bottleneck 

The surge in duplication and churn has created a 

Verification Bottleneck. Although developers 

perceive AI speeds them up by 20%, Randomized 

Controlled Trials (RCTs) in 2025 showed that 

experienced developers actually took 19% longer to 

complete tasks because of the overhead in reviewing 

and debugging the "generic" or "hallucinated" code 

generated by AI agents [16]. 

 

Impact of AI in generating software code:  

The year 2026 will marks the rise of "Repository 

Intelligence." AI tools now offer "Repo Grokking," 

which provides suggestions based on the entire 

codebase. However, this has introduced the 

"Verification Bottleneck." As AI creates more code, 

the time required for human review becomes the 

primary constraint on software delivery. 

 

The integration of AI into software development has 

created a "bimodal" effect: significant acceleration in 

the front-end phases (coding and testing) often 

balanced by emerging bottlenecks in the back-end 

(maintenance and security). 

 

Positive Impact: The Force Multiplier 

As of 2026, AI is no longer a simple "autocomplete" 

tool but a strategic enabler across the SDLC. 

 Hyper-Acceleration of Development Cycles: 

Industry data indicates that AI-powered code 

generation has cut development time for MVPs 

(Minimum Viable Products) and boilerplate logic 

by 40% to 60% [2.4]. Developers report saving 

an average of 10 hours per week on repetitive 

tasks like syntax correction and API scaffolding 

[2.2]. 

 Enhanced Software Testing and Quality 

Assurance: AI-driven testing frameworks have 

revolutionized QA by achieving 93.8% to 98% 

accuracy in automated test case generation 

(TCG) [5.2]. These systems utilize self-healing 

scripts that adapt automatically to UI changes, 

reducing testing cycles by 35% and improving 

defect detection rates by 28% compared to 

manual regression testing [2.2]. 

 Democratization and Skill Elevation: AI tools 

have lowered the entry barrier for complex 

domains. Junior developers can now navigate 

unfamiliar codebases and legacy systems with 
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an 8.69% increase in successful pull requests 

[3.1]. For senior engineers, AI acts as a "cognitive 

partner," automating "grunt work" and allowing 

focus on high-level architecture and strategic 

problem-solving [3.1], [2.3]. 

 

Negative Impact: The Sustainability Crisis 

While the immediate velocity is high, the 

"downstream bottlenecks" are becoming 

increasingly visible in 2026. 

 The Proliferation of Insecure Code: A critical 

security-productivity trade-off has emerged. 

Large-scale audits of 112,000 AI-generated 

programs revealed that 51.24% contained at 

least one security vulnerability [4.2]. Common 

flaws include the use of vulnerable libraries and 

a lack of real-time CVE (Common Vulnerabilities 

and Exposures) awareness, making AI-generated 

components nearly impossible to trace in a 

supply chain crisis [4.4]. 

 Cognitive Offloading and Skill Atrophy: There is 

a significant negative correlation between 

frequent AI usage and critical thinking abilities 

[4.3]. Younger developers exhibit a higher 

dependence on AI, leading to "rubber-stamp" 

code reviews where logic is merged without a 

deep understanding. This "blind trust" has 

resulted in cases where developers cannot 

explain how their own merged code works 

weeks later [4.2]. 

 Erosion of Architectural Integrity: AI models 

often prioritize local "snippets" over global 

architectural standards. This leads to "Agentic 

Debt," where autonomous tools generate 

redundant checks or non-optimal algorithms, 

increasing cyclomatic complexity and long-term 

maintenance costs [3.4]. In fact, experienced 

developers have been found to be 19% slower 

on complex tasks due to the increased overhead 

of auditing and "chaperoning" flawed AI 

suggestions [3.2], [16] 

 

 

 

Suggestions and Framework for Mitigation 

The findings of this study suggest that the 

"Productivity-Quality Paradox" can be mitigated 

through a structured AI Governance Framework 

within the SDLC. To prevent the accumulation of 

"Agentic Technical Debt," the following strategies 

are proposed: 

 

Transition to the SPACE Framework 

Traditional metrics like "Lines of Code" (LoC) are 

obsolete in the AI era. Organizations should adopt 

the SPACE framework (Satisfaction, Performance, 

Activity, Communication, and Efficiency), which shifts 

the focus from output volume to system-wide health 

and developer well-being [1], [6]. 

 

AI-Aware CI/CD Pipelines 

Continuous Integration (CI) pipelines must be 

updated to include "AI Attribution Tags." By 

automatically tagging code commits generated by 

LLMs, teams can perform longitudinal studies on the 

failure rates and churn of AI-authored vs. human-

authored code over a 12-month period [14]. 

 

The "Auditor" Curriculum 

Academic institutions and corporate training 

programs must shift their pedagogical focus. Rather 

than teaching syntax memorization, the curriculum 

should prioritize Code Auditing, Security Forensics, 

and System Design, preparing engineers for a future 

where their primary role is to "chaperone" and verify 

AI-generated logic [4.3]. 

 

Automated De-duplication Protocols 

To counter the 4x surge in code duplication [13], 

organizations should deploy AI-driven refactoring 

tools specifically designed to identify semantic 

clones and merge them into reusable libraries, 

thereby restoring the DRY (Don’t Repeat Yourself) 

integrity of the repository. 

 

III. CONCLUSION 

 
 AI is a powerful accelerator but a poor architect. In 

2026, the most successful engineering teams are not 

those who generate the most code, but those who 

maintain the highest standards of verification to 

ensure that today's AI speed does not become 

tomorrow's technical bankruptcy. The integration of 

AI into software development in 2026 presents a 

transformative yet precarious landscape. This 

research has demonstrated that while AI tools act as 
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a powerful force multiplier—accelerating 

prototyping by up to 60% and automating the "grunt 

work" of testing and documentation—they 

simultaneously introduce a Sustainability Crisis. 

 

The empirical correlation between AI adoption and 

the doubling of short-term code churn, alongside a 

4x increase in code duplication, suggests that we are 

at a "Quality Inflection Point." If left unmanaged, the 

speed gains of today will translate into the technical 

bankruptcy of tomorrow. The most resilient 

engineering teams of the next decade will not be 

those who generate the most code, but those who 

excel at Human-in-the-Loop (HITL) verification, 

ensuring that AI serves as a high-fidelity assistant 

rather than an autonomous architect of 

unmaintainable systems. 
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