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Abstract: This study examines how the dominant industry narrative presents generative 
artificial intelligence (GenAI) as a trigger for total software automation and positive 
exponential outcomes. Empirical evidence from codebases and recent software-
engineering studies, however, suggests a paradox: rapid generation can increase review 
overhead, architectural decay, and critical edge-case failures. By analysing the ArtCraft 
case study alongside quantitative reports from GitClear, DORA, and the empirical 
software-engineering literature, this paper formulates the Ninety Percent Trap: GenAI 
can accelerate initial scaffolding from zero to one while shifting the burden of production 
dependability to human experts. The paper also presents the True Cost of AI Quality 
(TCAQ) framework, which evaluates GenAI productivity through generation time, expert 
review, edge-case resolution, and technical-debt cost rather than output volume alone. 
An illustrative calculation shows that a two-hour generation phase can become a 112-hour 
end-to-end engineering effort after review, edge-case resolution, and debt mitigation. 
The findings indicate that domain expertise remains essential for architectural reasoning, 
security verification, and dependable delivery. 

Keywords: Generative AI, software engineering, technical debt, code quality, domain 
expertise, empirical software engineering. 

 

INTRODUCTION 

In the inner working engineering system of arrangement, the generative process undergoes 

a deep wobble, piloted by Large Language Models (LLMs). Moreover, large industry narratives 

tend to promote the concept that ”software is writing itself,” alluding to developer output 

being incremented whilst toning down the dependency on senior domain expertise [1]. The 

outlook simulated whereof is that it bind initial output with end-state reliability [2]. Whilst 

LLMs works well in terms of generating syntax and scaffolding boilerplate logic in seconds, 

altering an AI-generated item into a refined, secure, and maintainable enterprise niche is 

undeniably problematic for self-directed approaches [3]. As systems abound in how they 

operate, software engineering remains an especially socio-mechanical discipline steeped in 

technicality in which architectural reasoning may not simply be disconnected from 

contextual domain knowledge [4]. 

 

EMPIRICAL GROUNDING: FROM INDIVIDUAL CASE TO INDUSTRY-WIDE TRENDS 

The ArtCraft Case Study: We start off this end by observing the annexed boundary 

practically, as well as considering ArtCraft; an open source project that initiates the 

participation in developing the respective system. This was architected by senior engineer 

Brandon Thomas [5]. The salient point concerning this section is drawn as follows: the 
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objective is to duplicate around seven core Adobe creative suite applications (e.g., 

Photoshop, Premiere) applying Claude Opus to give way to Rust and WebAssembly modules, 

which are crucial. During the first steps of system engagement, the project shows striking 

speed: i.e., full UI structures, canvas rendering, and state management pipelines all then 

begin to generate in days. However, as the software proceeds in the direction of functional 

verification, critical failure modes ensue: 

• Surface Scaffold vs. Core Engine: In this segment, AI successfully generates 

functional visual components, establishing a series of illusional completability [5]. 

• The Wall of Edge Cases: Mathematically speaking, transformations of complicate 

nature, pixel-accurate filtering, and memory boundary conditions all together give 

the structural flaws away that the LLM capability to render the system becomes 

limited, being unable to resolve on its own [5]. 

• The Long Tail of Quality: Across his investigative episodes, Mr. Thomas noticed that 

whilst GenAI would complete the initial 90% of code generation swiftly, resolving the 

remaining 10% to sate the regular basis of productivity would still entail months of 

expert engineering [5]. 

 

CROSS-INDUSTRY EMPIRICAL VALIDATION 

As we inspect the ArtCraft experience, we realise that it is not a singled out anomaly; it 

mirrors broader quantitative trends throughout empirical software engineering literature, 

accordingly: 

• Code Churn and Degradation: A long-term survey dissecting over 153 million lines of 

code sheds light upon the fact that far-flung adoption of AI coding assistants ties in 

with a tremendous rise in code churn (code rewritten within two weeks of creation) 

and a considerable decrease in structural refactoring, pushing forward accelerated 

accrual of technical debt [6]. 

• Accuracy and Subtle Hallucinations: Going over Empirical evaluation of LLM-

generated, we get the answer, which dawns upon technical software engineering 

queries, which shows that 52% incorporate true life or logical discrepancies, even 

though 35% of users prefer them on account of persuasive phrasing [7]. 

• Delivery Chokepoints: A research held in high regard pertaining to multi-purpose, 

Enterprise-level normally suggests that whilst individual task completion times lag 

behind with AI assistancy, overall organisational delivery performance fails to reach 

standardised measures owing to detrimental review overhead and verification 

chokepoints [8]. 

• Security and Vulnerability Propagation: Any well checked experiments evaluating 

AI-assisted coders display that developers implementing LLMs frequently under 

normal conditions bring about code with intricate security vulnerabilities (such as 

out-of-sync buffer handling or unhinged access controls) whilst accentuating higher 

probability-rate in their buggy outputs at the same time [9]. 

 



Vol. 14 No. 05 (2026): Transactions on Engineering and Computing Sciences 

Scholar Publishing 

 

 
 

Page | 149  

 

DECONSTRUCTING ”THE ' 90%' TRAP” AND THE SEMANTIC BOUNDARY 

A query abounds: Why do LLMs systematically stonewall at the '90%' mark? The restriction is 

constructed and organised - not just time-limited. LLMs function by means of statistical 

uniformity, matching over token distributions, yet lacking i n a stable world model of 

software behavior [10]: 

• Syntax vs. Semantics: This follow-up of LLMs illustrates how LLMs bring forth code 

that looks a lot idiomatical, when they fail to find reasonedly common ground 

in regard to runtime, implicit domain rules, or system interaction under overdrive 

[11]. 

• Subtle Logic Vulnerabilities: Sophisticated reasoning models have diminished 

prominent syntax errors, but they more often present subtle logic bugs that are way 

too difficult for any greenhorn engineers to spot right away along the process of code 

review [12]. Note on Multimodal Models: What with the improvement of initial code 

generation from optical models and user interfaces concerning modern multimodal 

LLMs, the result remains fundamentally confined by the same statistical paradigms 

[10]. Inputs, which expand, in order to operate audiovisually, do not necessarily 

resolve fundamental system-level semantics, domain-specific business rules, or 

complex concurrency management, for they may be passive in that regard. [3], [11]. 

 

TECHNICAL DEBT AND SOCIO-TECHNICAL ALIGNMENT 

By appointing AI-generated code to transpose into a state of productivity, technical debt 

accelerates; a concept originally stated by Ward Cunningham to describe the semipermanent 

cost of improvident implementation choices [13]. Throughout socio-technical enterprise 

systems, software must be compatible with suggested organisational rules, legacy protocols, 

and changing regulatory environments [4]. Additionally, the models of AI that show limitation 

in training distribution or lack thereof, cannot deduce these suggested boundaries without 

the guidance of a Homo sapiens [14]. 

 

THE EXPERT AS A FORCE MULTIPLIER 

No matter how you slice it, Generated-AI does not take the place of engineering expertise; 

it works as a force multiplier, no more. A newbie employing Generated-AI may expedite the 

generation of unverified technical debt [6]. In blunter terms, however, a hard-nosed domain 

expert may effectively employ Generated-AI to bypass repetitive execution details, 'figure1', 

retaining cognitive load for architectural oversight, edge-case resolution, and security 

verification at best [15]. 
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Figure 1: The Semantic Boundary of Generative AI in Software Engineering 

 

QUANTITATIVE EVALUATION: THE TRUE COST OF AI QUALITY (TCAQ) 

In the instance of quantifying the economic reality of the development driven by AI, we posit 

the True Cost of AI Quality (TCAQ) framework: 

TCAQ = Tgeneration+Treview +Tedge cases+Ctech debt 

Where the following is being imparted: 

• T generation: Time taken to propel and render (generate) the raw code draft (virtually 

sets as zero). 

• Treview: Cognitive time needed by veteran engineers to inspect AI output for any 

logical and security based flaws [7], [9]. 

• Tedge cases: Engineering hours depleted, analytically resolving substandard runtime 

failures [5]. 

• Ctech debt: Maintenance exacting lengthy cost, which is gotten by less-than-optimal AI 

architecture choices [6], [13]. 

 

ILLUSTRATIVE EMPIRICAL APPLICATION OF TCAQ: 

In order to establish the practical use of the TCAQ framework, you must bear in mind the 

ArtCraft empirical case [5]. Furthermore, whilst initial LLM code generation (Tgeneration) can 

shorten the scaffolding phase for complex applications (e.g., raster/vector graphics 

engines) to virtually reach zero, the post-generation engineering footprint thus expands 

exponentially yet steadily: 

 Treview & Tedge cases: In the heat of adjudicating substandard run-time failures, 

such as memory boundary conditions in Rust/WebAssembly modules, pixel-accurate 

canvas filtering, and concurrency logic, the operation demands several months of 

expert engineering unlike the days of initial prompt generation, which are 

demanded, reciprocally [5]. 

 Ctech debt: Unchecked architectural choices usually result in high code churn [6] and 

require structural refactoring to keep its long-term maintenance stable. Quantified 

Scenario: In the event of a standard feature requiring 100 engineering hours orthodoxly, a 
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newbie developer reinforcing LLMs may attain initial scaffolding in 2 hours (Tgeneration). 

However, expert review (Treview ≈ 30 hrs), edge-case resolution (Tedge cases ≈ 50 hrs), and 

accompanying technical debt mitigation (Ctech debt ≈ 30 hrs) total 112 hours (TCAQ = 

2+30+50+30 = 112 hrs) vary. Therefore, without the continuation of a domain-expert, an 

unintentional omission from inception and automated generation betokens a net negative 

ROI (112 hrs > 100 hrs). 

 Key Insight: When so ever Treview + Tedge cases + Ctech debt outstrips the time needed 

for a domain expert to input totally refreshed code from the beginning, AI automation then 

grants negative ROI. Exaggerated qualitative productivity is made true only when an expert 

directs the generation process off of inception. 

 

STRATEGIC RECOMMENDATIONS FOR ENGINEERING LEADERSHIP 

• Shift Metrics from Output Volume to Code Stability: It is noteworthy to stop and 

reason at the state of affairs that organisations must refrain from evaluating AI tools 

by lines of code generated or commit frequency. Instead, they have to track Code 

Churn Rate [6], MTTR (Mean Time to Repair), and Defect Density. 

• Institute Rigorous Code Review Protocols for AI Artifacts: The salient point here is 

that we treat AI-generated code with the same checkup as third-party untrusted 

libraries [9]. 

• Elevate Senior Domain Expertise: It is affirmative to invest only in domain experts 

who fathom the socio-technical constraints of the system [4]. Actuating skill is short-

lived, and from this, we harvest the following: ' profound architectural knowledge is 

i mpossible to replace' [15]. 

 

CONCLUSION 

As fascinating as can be, generative AI transcends by the day, signifying an abnormally 

revolutionising milestone in scaffolding software systems. What is more, as empirical data 

continue to progressively demonstrate, automated generation cannot replace critical human 

reasoning. It is easy to enact Volume; difficult to enact reliability. In this day and age of AI, 

true engineering productivity remains determined by the sensible judgment of human 

experts who fill the chasm between initial drafts and production dependability not by how 

fast code is produced. AI is not a human carrying on; AI assists a human to carry on. 
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