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1. Executive Summary 

AI coding assistants are now near-ubiquitous, and they are well-measured at the keystroke 

level: completion-acceptance rates, percentage of code authored by AI, and self-reported task 

speed-ups are all easy to quote and mostly favourable. The more important question for an 

engineering organization is what happens to the whole software lifecycle once AI moves 

upstream and downstream of code generation — into review, testing, CI/CD, incident response, 

and maintenance. There, the 2025–2026 evidence is both richer and more contested. Large 

productivity claims sit alongside rising code churn, a growing “verification tax,” measurable 

security exposure, and a labour-market shift that is already visible in entry-level hiring. The 

central management question is no longer whether AI writes code faster, but where the 

engineering bottleneck migrates as it does — and which organizations actually convert 

individual speed-ups into delivered value. 
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The thesis in one paragraph 

AI has compressed the cost of producing code, but it has not compressed — and may 

have increased — the cost of trusting, integrating, and operating that code. Adoption 

among professional developers is now around 90% while trust in accuracy sits near a 

third. The 2025 DORA study captured the tension precisely: AI lifts individual output 

sharply (about 21% more tasks and 98% more pull requests merged per developer) yet 

organizational delivery metrics stay flat. Independent measurement has effectively broken 

down — by early 2026 so many developers refuse to work without AI that controlled trials 

can no longer cleanly isolate the effect. Our analysis is that the binding constraint of the 

AI-era SDLC is shifting from writing code to verifying and integrating it, and that the gap 

between individual and organizational gains widens with organization size. The 

organizations that win treat review, testing, and operational trust — not generation — as 

the scarce resource. 

 

What the evidence says (sourced) 

• Adoption is saturating, trust is not. 84% of developers use or plan to use AI tools 

(Stack Overflow, 2025) and DORA puts professional adoption at roughly 90%, with 

practitioners spending a median of two hours a day working with AI (DORA, 2025). Yet 

only about a third trust the accuracy of AI output, and 66% are frustrated by answers that 

are “almost right, but not quite” (Stack Overflow, 2025). 

• The productivity paradox is now quantified. DORA’s 2025 research found AI raised 

individual output by about 21% more tasks and 98% more merged pull requests, while 

organizational software-delivery metrics stayed flat (DORA, 2025). A controlled trial had 

earlier measured a 19% slowdown for experienced developers (METR, 2025); by 2026 

METR concluded it can no longer reliably measure the effect because developers will not 

work without AI (METR, 2026). 

• Quality signals are moving the wrong way. Copy/pasted code rose from 8.3% to 12.3% 

of lines and code revised within two weeks (“churn”) rose to 7.9% from 5.5%, while 

refactoring more than halved (GitClear, 2025). 45% of AI-generated code samples 

contained an OWASP Top-10 vulnerability and AI code carried 2.74x more flaws than 

human code (Veracode, 2025). 

• The bottleneck is moving to review. AI-assisted pull requests carry about 1.7x more 

issues than human ones (CodeRabbit, 2025); DORA frames AI as an “amplifier” and a 

“mirror” — it magnifies the throughput of teams with strong platforms and review discipline 

and degrades delivery for those without (DORA, 2025). 
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• Autonomy is real but supervised. Frontier models approach saturation on SWE-bench 

Verified (from 4.4% of issues resolved in 2023 to near the human baseline by 2026), and 

agentic task-success on the AI Index’s harder agent benchmark jumped from 12% to 66% 

in a year (Stanford HAI, 2026). Autonomous agents such as Devin report PR-merge rates 

rising from 34% to 67% year-over-year — but a human still reviews and merges 

(Cognition, 2025). 

• The labour-market shift has started at the bottom. U.S. software-developer 

employment for ages 22–25 has fallen roughly 20% since 2022, even as demand for 

experienced engineers holds; AI raises senior productivity while eroding entry-level 

demand (Stanford HAI, 2026). Around 70% of managers now believe AI can do typical 

intern-level work — raising a “missing-generation” risk for future mid-level talent. 

 

Headline predictions (2026–2028) 

1. Professional-developer AI adoption exceeds 95% by end-2027 (from ~90% in 2025), but 

trust in accuracy stays below 45% — the trust gap is structural, not transitional. 

2. Review and verification becomes the #1 self-reported engineering bottleneck for AI-

forward teams by 2027, overtaking “writing code.” 

3. Code churn keeps climbing past 10% of lines revised within two weeks, and change-

failure rates stay elevated where AI usage is highest. 

4. Autonomously merged pull requests exceed 15% at AI-forward orgs but remain under 

5% at the median enterprise through 2027. 

5. The individual-vs-organizational productivity gap persists: large enterprises keep 

reporting high per-developer gains and flat delivery metrics through 2027. 

6. Entry-level developer hiring stays depressed (junior postings well below 2022 levels) 

through 2027, and the resulting mid-level talent gap becomes an openly discussed risk. 

7. Fully unattended agent-to-production pipelines stay rare (<10% of orgs) through 2028; 

the verification tax, not model capability, is the binding constraint. 
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2. Where We Are: Adoption, Acceptance, and Spend 

By mid-2026 AI assistance is the default condition of professional software development, not an 

experiment. GitHub Copilot passed 20 million all-time users in July 2025 and is used across 

roughly 90% of the Fortune 100; nearly 80% of new developers on GitHub adopt Copilot within 

their first week (GitHub Octoverse, 2024–2025). The Stack Overflow Developer Survey — the 

largest independent census of developers — reports 84% of respondents using or planning to 

use AI tools in 2025, up from 76% in 2024, and DORA’s 2025 study puts professional adoption 

at around 90%, with practitioners spending a median of two hours a day working with AI (Stack 

Overflow, 2025; DORA, 2025). 

Acceptance and authorship metrics are equally striking. GitHub reports that Copilot now 

contributes an average of 46% of the code written by active users, up from 27% at launch. 

Microsoft and Google executives have each stated publicly that around 30% or more of new 

code at their companies is AI-generated (Nadella, April 2025; Pichai, 2025). Enterprise 

penetration has moved fast: an estimated 78% of Fortune 500 companies now have some form 

of AI-assisted development in production, up from 42% in 2024. These are the figures that 

dominate the discourse — and they are real — but they measure generation and reach, not 

delivered value. 

The counter-signal is trust. In the same 2025 survey in which adoption rose, the share of 

developers who trust the accuracy of AI output fell to about a third (favourability dropped from 

72% to 60% year-over-year), 46% actively distrust accuracy, and 75% said they would still ask a 

human “when I don’t trust AI’s answers” (Stack Overflow, 2025). Adoption and confidence are 

diverging, not converging. 
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Figure 1. Developer AI adoption is rising while the favourable view of AI accuracy falls. Source: Stack Overflow 

Developer Survey, 2023–2025 (use-or-plan adoption; favourable view of accuracy); DORA (2025) corroborates ~90% 

professional adoption. 

Metric Latest figure Source (year) 

Professional developers using AI ~90% (2 hrs/day median use) DORA (2025) 

Developers using or planning to use 
AI tools 

84% (was 76% in 2024) Stack Overflow (2025) 

Trust AI output is accurate 
~33% (favourability 60%, was 
72%) 

Stack Overflow (2025) 

Frustrated by “almost right, but not 
quite” code 

66% Stack Overflow (2025) 

Copilot share of code (active users) ~46% (was 27% at launch) GitHub Octoverse (2025) 

Fortune 500 with AI-assisted dev in 
production 

78% (was 42% in 2024) Industry survey (2026) 

AI-generated share of new code at 
Microsoft / Google 

~30%+ Nadella / Pichai (2025) 

Table 1. Adoption and acceptance snapshot, mid-2026. Authorship and reach metrics are high and rising; trust 
metrics are low and falling. 
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Spend trajectory 

Direct, audited spend on AI coding tools is one of the thinnest data points in this field, and we 

flag it as such. Paid seats are a reasonable proxy: GitHub reported approximately 4.7 million 

paid Copilot subscribers by January 2026, up roughly 75% year-over-year, alongside a fast-

growing field of paid assistants and agent platforms (Cursor, Devin, and others). The more 

durable signal is that AI assistance has moved from discretionary tooling to a budgeted line item 

with executive sponsorship. We caution against quoting a single market-size number: published 

estimates vary widely, conflate model-inference spend with tooling subscriptions, and are 

frequently vendor-sourced. The defensible statement is directional — seats, usage, and 

inference spend are all rising steeply — not a precise dollar figure. 

 

3. Measured Effects on the Lifecycle 

Once AI output enters a real delivery pipeline, the relevant unit of analysis is not the individual 

keystroke but the flow of change through review, integration, test, and release. Here the 

measurements diverge sharply by source and method, and the disagreement is itself the 

finding. 

3.1 Throughput, velocity, and the productivity paradox 

Vendor and consultancy studies report large speed-ups: an early GitHub controlled task 

reported 55% faster completion, and McKinsey (2023) found some tasks completed up to twice 

as fast — but the same work found gains shrank to under 10% on high-complexity tasks. The 

Stanford AI Index’s 2026 synthesis places typical software-development productivity gains in a 

14–26% range (Stanford HAI, 2026). DORA’s 2025 study sharpened the picture into what it 

calls a productivity paradox: AI raised individual output substantially — about 21% more tasks 

completed and 98% more pull requests merged per developer — while organizational software-

delivery metrics stayed essentially flat (DORA, 2025). The most rigorous independent test had 

earlier pointed the other way: 16 experienced developers completing 246 tasks on mature 

repositories took 19% longer with AI while believing they were about 20% faster (METR, 2025). 

By 2026 even that independent measurement had broken down. METR reported that it could no 

longer run the same controlled design as a clean effect-size estimate, because a growing share 

of participants were unwilling to complete tasks without AI assistance — a selection bias that 

makes a fair counterfactual hard to construct; its qualitative read is that developers are probably 

more sped up in early 2026 than in early 2025, but it can no longer say by how much (METR, 

2026). The dependence itself is a finding: AI is now woven so deeply into workflow that the 

counterfactual of working without it barely exists. 
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Figure 2. Reported change in developer speed or output varies from +55% to −19% depending on source and 
method; all values are explicitly cited in the text. Sources: GitHub (2022); Stanford HAI (2026); DORA (2025); 

McKinsey (2023); METR (2025). 

The honest synthesis is that AI reliably accelerates well-scoped, low-complexity, greenfield work 

and unfamiliar-API exploration, and can slow experienced engineers on complex, high-context 

tasks in code they already know well — and, crucially, that individual speed-ups do not 

automatically become organizational delivery gains. Averaging these into a single “X% faster” 

number destroys the most useful information. 

3.2 Churn, duplication, and rework 

GitClear’s analysis of 211 million changed lines (2020–2024) found that the share of 

copy/pasted lines rose from 8.3% to 12.3% (a 48% relative increase), the frequency of 

duplicated blocks rose roughly eightfold, and code revised within two weeks of being committed 

— a proxy for churn and rework — climbed to 7.9% from 5.5%. Over the same period, “moved” 

(refactored) lines fell from 24.1% to 9.5%; 2024 was the first year on record in which 

copy/pasted lines exceeded refactored lines (GitClear, 2025). DORA’s 2025 report 

independently treats rework as a stability dimension and continues to find that AI adoption 

correlates with instability where the surrounding platform and review discipline are weak 

(DORA, 2025). 
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3.3 Review burden and time-to-merge 

The load is shifting onto review. An analysis of AI-assisted pull requests found they carried 

about 1.7x more issues than human-authored ones (10.83 versus 6.45 findings on average, and 

26 versus roughly 12 at the 90th percentile), with readability problems appearing about three 

times as often and security findings about 1.5x more often (CodeRabbit, 2025). At Salesforce, 

engineering reported code volume up roughly 30%, pull requests routinely exceeding 20 files 

and 1,000 lines, and review latency rising quarter over quarter (Salesforce Engineering, 2025). 

CircleCI’s 2026 data showed feature-branch throughput up 59% year-over-year while median 

main-branch throughput actually fell — a precise picture of generation outrunning integration. 
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4. The Verification Tax 

We use “verification tax” to mean the additional human effort required to read, test, debug, and 

gain confidence in AI-produced changes before they can be safely merged and operated. The 

keystroke-level speed-up is a gross figure; the verification tax is what must be subtracted to 

reach a net figure — and it is rising. 

The clearest direct evidence is developers’ own reported friction. In the 2025 Stack Overflow 

survey, the single largest frustration, cited by 66% of developers, was AI solutions that are 

“almost right, but not quite,” and the second-largest (45%) was that debugging AI-generated 

code is more time-consuming than expected (Stack Overflow, 2025). The METR trial gave the 

mechanism a number — enough review-and-correction effort to convert an expected 20–24% 

speed-up into a measured 19% slowdown (METR, 2025) — and the 2026 collapse of that 

experiment shows the tax is now structural: developers will not return to an un-assisted baseline 

even to be measured (METR, 2026). The perception gap, feeling faster while being slower, is 

itself a management risk, because it means self-reported productivity cannot be trusted as a 

control. 

Our analysis: why the tax compounds 

Verification effort does not scale linearly with generation. A reviewer must build a mental 

model of code they did not write, and AI-generated changes are larger, more duplicated, 

and less consistently structured (GitClear, 2025), so each unit of generated code costs 

more to verify than an equivalent unit of hand-written code. When generation speeds up 

but verification effort per unit also rises, net throughput can fall even as gross output 

climbs — and the DORA 2025 paradox (individual output up, organizational delivery flat) is 

exactly this effect observed at the level of the whole organization. This is the formal 

content of Figure 6. 

For engineering leaders, the practical implication is that the metrics most worth watching are no 

longer lines added or acceptance rate, but change-failure rate, time-in-review, rework/churn, 

and the ratio of review capacity to generation volume. An organization that doubles generation 

without expanding verification capacity has not doubled its delivery capability — it has moved its 

queue. 
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5. Security and Quality Risks 

Security is where the verification tax becomes a liability rather than a productivity footnote. 

Veracode’s 2025 GenAI Code Security Report tested more than 100 large language models 

across 80 coding tasks in four languages and found that 45% of AI-generated code samples 

contained an OWASP Top-10 vulnerability — and that AI-generated code carried 2.74x more 

vulnerabilities than human-written code on the same tasks. Failure rates were highly uneven: 

Java code failed security checks 72% of the time, cross-site-scripting tasks 86%, and log-

injection tasks 88% (Veracode, 2025). 

The aggregate exposure is growing with volume. Apiiro reported that by June 2025, AI-

generated code was introducing more than 10,000 new security findings per month across the 

organizations it tracked — a roughly tenfold increase from December 2024 — including 322% 

more privilege-escalation paths, 153% more design flaws, and a 40% increase in exposed 

secrets, in a sample of large enterprises (Apiiro, 2025). These compound the maintainability 

concerns implied by rising duplication and falling refactoring. 

 
Figure 3. Quality and security signals, 2020 baseline versus 2024–25. Churn and duplication are rising and 

refactoring is falling (GitClear, 2025); the rightmost bar is the share of AI-generated samples failing a security check 
(Veracode, 2025) — a test-set rate, not a churn time series. 
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Two caveats keep this honest. First, vulnerability-injection rates measured on benchmark tasks 

are not the same as the rate of vulnerabilities reaching production, where review and scanning 

intercept many. Second, these studies measure AI output in isolation; a disciplined pipeline with 

mandatory security review and SAST/DAST gating can absorb much of the risk — at the cost of, 

once again, more verification. The risk is real and the mitigation is more review, which is 

precisely the tax. 
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6. Upstream and Downstream Agents 

The frontier of the field is no longer autocomplete inside the editor but agents that act across the 

lifecycle: generating and running tests, opening and reviewing pull requests, triaging incidents, 

and in the most ambitious cases attempting end-to-end changes with limited supervision. 

Separating what is real from what is piloted matters for planning. 

Raw capability has advanced extraordinarily fast. On SWE-bench Verified — a benchmark of 

real GitHub issues — AI systems resolved just 4.4% of problems in 2023, 71.7% in 2024 

(Stanford HAI, 2025), and are approaching the human baseline by 2026; on the AI Index’s 

harder agentic benchmark, task-success leapt from 12% to 66% in a single year (Stanford HAI, 

2026). But benchmark capability is not end-to-end autonomy. Open-source autonomous agent 

systems have historically scored well below the underlying models on the same benchmark 

(around 53% in 2025), because stitching together planning, tool use, and self-correction loses 

ground that a model scores in a single well-framed attempt. 

 
Figure 4. Benchmark capability (SWE-bench Verified, frontier model) versus end-to-end autonomy (Devin 

autonomous-PR merge rate). Sources: Stanford HAI AI Index (2025–2026); Cognition (2025). 
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Production telemetry tells a consistent story. Cognition’s 2025 review of its Devin agent reported 

it had merged hundreds of thousands of pull requests across thousands of companies, with its 

PR-merge rate improving from 34% to 67% year-over-year (Cognition, 2025). That is genuine 

downstream automation — and a human still reviews and merges. Capability is also uneven by 

context: agents excel on greenfield, single-repository tasks but still struggle to trace 

dependencies across large interdependent and legacy codebases, where raw context capacity 

does not equal architectural understanding (MIT CSAIL, 2026). Targeted downstream uses are 

nonetheless maturing — for example, Anthropic published a COBOL-modernization playbook in 

February 2026 showing agents compressing the discovery and documentation phases of legacy 

migration. 

What is real today: AI code review and PR-summarization tools, AI-generated unit tests, 

agent-assisted refactoring on well-tested codebases, legacy-modernization discovery, and 

parallel agent execution on independent, well-specified tickets with human merge. 

What is still piloted: autonomous incident remediation in production, unattended merge-to-

deploy, and multi-step agent changes to large unfamiliar or legacy codebases without a human 

in the loop. 
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7. Original Analysis: The Bottleneck-Migration Model 

This section is our own analysis rather than sourced fact. An earlier version of this model used a 

single ad-hoc curve with one free “verification-tax” parameter, and treated that parameter as 

independent of how fast code was generated. That was its central weakness: in reality, 

generating more code is precisely what creates the verification load, so the two cannot be 

independent. We have rebuilt the analysis on three standard, individually citable models — an 

empirical time-allocation baseline, Amdahl’s Law, and elementary queueing theory — that 

reinforce one another. Figures 5–7 are illustrative, but each rests on an established result rather 

than on assumed numbers. 

7.1 The starting point: developers already spend most of their time not writing 

Any model of where AI helps must start from where the time actually goes. Decades of 

software-engineering research find that developers spend the majority of their effort 

understanding code, not producing it: studies converge on 52–70% of time spent on program 

comprehension, and industry data shows developers spend a minority of the week actually 

authoring new code, with roughly 5–6.4 hours per week (about 12–16%) on code review alone 

(program-comprehension literature; Google / industry reviews, 2024). This is the foundation the 

whole argument rests on: if writing new code is already a minority slice of the cycle, then 

accelerating it — however dramatically — can only move a minority of the total. 

 
Figure 5 (original). Illustrative reallocation of engineering effort across SDLC phases as AI moves from assistance to 

agents, anchored to comprehension-time research (52–70% comprehension; ~12–16% review). Directional, not a 

measured time-use survey. 
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As AI assistance enters, the authoring block shrinks while comprehension/review and 

test/debug/rework grow — consistent with rising churn (GitClear, 2025), heavier review loads 

(CodeRabbit, 2025), and the verification friction developers self-report (Stack Overflow, 2025). 

The bottleneck migrates from the keyboard to the reviewer’s queue. 

7.2 The Amdahl ceiling on AI speed-up 

Amdahl’s Law (1967) states that if you accelerate only a fraction p of a process, the maximum 

overall speed-up is bounded by 1 ÷ (1 − p), no matter how fast that fraction becomes. Treat p as 

the share of the delivery cycle that is automatable code generation. From the time-allocation 

data, p is plausibly 0.20–0.35. Then even an infinite generation speed-up caps total delivery 

speed-up at roughly 1.25× (p = 0.20) to 1.54× (p = 0.35). This is the same arithmetic now 

appearing across the 2026 commentary as the “2× ceiling,” and it explains the central paradox 

cleanly: per-keystroke or per-task speed-ups can be huge while organization-level delivery 

barely moves, because generation was never the majority of the work. 

7.3 Why over-generation is worse than Amdahl predicts 

Classic Amdahl is generous here, because it assumes the non-accelerated part stays the same 

size. It does not. AI inflates the serial remainder: more generated code means more to 

comprehend, review, test, and operate, and that code is more duplicated and more defect-prone 

(GitClear, 2025; CodeRabbit, 2025; Veracode, 2025). We therefore couple the verification load 

to generated volume — the coupling the first version of this model wrongly omitted. The result, 

shown in Figure 6, is that net delivery speed-up rises, peaks, and then declines: past a certain 

generation rate, producing code faster actively lowers net throughput because it floods the 

verification stage. This is the precise, formal content of the “verification tax” described in Section 

no. 4. 
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Figure 6 (original). Amdahl ceilings on total delivery speed-up for three automatable fractions p (dotted asymptotes), 
plus a volume-coupled verification-tax curve (red) that peaks near 1.16× and then falls below break-even — the over-

generation regime. Based on Amdahl’s Law (1967); parameters illustrative. 

The lever that raises the ceiling is not a larger g. It is a larger automatable fraction p — pushing 

AI into review, testing, and operations so that more of the cycle is accelerated — combined with 

anything that lowers the per-unit verification cost. Faster generation alone runs into the ceiling, 

and beyond the peak it goes backwards. 

7.4 The review queue: the bottleneck made literal 

The migration of the bottleneck is, finally, a queueing problem. By Little’s Law, the average lead 

time through a stage rises with how heavily that stage is loaded; for a simple single-server 

queue, lead time W ≈ 1 ÷ (μ − λ), where λ is the rate at which pull requests arrive for review and 

μ is the rate at which reviewers can clear them. AI raises λ sharply — DORA’s 2025 finding of 

about 98% more pull requests per developer is, in these terms, an arrival-rate multiplier of 

roughly a ≈ 2 — while μ is human-bound and roughly fixed. As utilization λ ÷ μ approaches 1, 

lead time does not rise gently; it diverges (Figure 7). A team already running review at 70–80% 

utilization saturates well before a doubling of arrivals. 
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Figure 7 (original). Single-server-queue lead time relative to baseline as AI multiplies the pull-request arrival rate, for 

three baseline review-utilization levels. DORA’s ~98% more PRs per developer corresponds to a ≈ 2. Based on 
Little’s Law / M/M/1 queueing; illustrative. 

This is the mechanism behind DORA’s productivity paradox: individual output rises, but the 

organization’s delivery rate is set by the review-and-integration stage, whose capacity did not 

change, so the gain is absorbed as queue and lead time rather than delivered as throughput 

(DORA, 2025; DORA, 2023, found teams with faster reviews achieve about 50% higher delivery 

performance). The only durable escape is to raise μ — AI-assisted review, automated testing, 

strong CI/CD gating, and smaller batches — not to raise λ further. 

7.5 What this model is, and what it is not 

These are stylized models, and their parameters (p, the verification-cost coupling, and baseline 

utilization) vary widely by organization and are illustrative. They are deterministic mean-field 

sketches that ignore variance, skill differences, and task mix. They also assume review is 

human-bound; the moment AI meaningfully raises review and test throughput (μ), the ceilings lift 

and the queue drains — which is exactly why we argue verification capacity is the investment 

that matters. The value of the three models is not their exact numbers but that they are 

standard, independent, and mutually reinforcing: Amdahl bounds the upside, volume-coupling 

can turn the upside negative, and queueing shows where the loss physically accumulates. All 

three predict modest organization-level gains from large per-developer speed-ups — which is 

what the DORA evidence actually shows. 
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The one-line takeaway of the model 

Three standard models converge on the same conclusion: the binding constraint of the AI-

era SDLC is verification throughput (μ and the automatable fraction p), not generation 

speed (g). Investment should raise verification capacity — AI-assisted review, test 

automation, CI/CD gating, and smaller batches. Raising raw generation speed past the 

verification queue’s capacity does not just hit a ceiling; beyond the peak it makes delivery 

worse. 
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8. Impact by Organization Size 

AI’s net effect on the SDLC is not uniform. After task type, the strongest moderator we observe 

is organization size together with codebase maturity. The pattern is consistent across the 2025–

2026 evidence: smaller organizations working on newer code convert AI speed-ups into 

delivered value far more completely than large enterprises working on big, interdependent, 

governed estates — even though the large enterprises adopt more aggressively and report 

higher per-developer output. 

8.1 Startups and small teams 

Small teams capture the largest realized gains. Their code is disproportionately greenfield, 

where AI is strongest; a single repository usually fits within a model’s context window, so the 

“architectural understanding” problem barely bites; and there are few governance gates 

between a generated change and production. The practical result, widely reported through 

2026, is that small teams can ship meaningfully more product with the same or fewer engineers. 

The risk is the mirror image of the advantage: minimal review and security discipline means the 

rising vulnerability and churn rates land directly in production. 

8.2 Mid-size organizations 

Mid-size organizations sit in the most uneven position. They typically run a mixed estate — 

some greenfield services where AI shines and some maturing systems where it does not — and 

their governance is partially built, so verification capacity lags generation volume. Gains are real 

but inconsistent across teams, and this is where the review bottleneck tends to appear first and 

most visibly. 

8.3 Large enterprises 

Large enterprises show the sharpest version of the productivity paradox. Adoption and reach 

are highest — around 90% of the Fortune 100 have deployed Copilot and an estimated 78% of 

the Fortune 500 have AI-assisted development in production, up from 42% in 2024 — yet 

realized organizational delivery gains are smallest. Three forces converge: AI underperforms on 

large, interdependent, and legacy codebases, where context capacity does not translate into 

architectural understanding (MIT CSAIL, 2026); governance is heaviest, with access controls, 

approved-model policies, logging, and CI/security gates inserted between generation and 

merge; and the verification tax scales with blast radius, regulatory exposure, and the number of 

downstream consumers of every change. The same AI that lets a startup ship faster mostly lets 

an enterprise generate more code for an already-saturated review and compliance pipeline. 

This does not mean large enterprises see no benefit: self-reported individual productivity gains 

there are still substantial (in line with the 14–40% range reported in surveys), and AI delivers 

real value in documentation, onboarding, test scaffolding, and toil reduction. The point of the 

paradox is narrower — those gains are only partly converted into faster end-to-end delivery, 

because the review, integration, and governance stages do not speed up at the same rate. 
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Figure 8 (original). Illustrative individual developer output gains versus realized organizational delivery throughput by 
organization size. The lower bar is delivered throughput — which DORA finds roughly flat at scale — not the larger 
self-reported individual productivity gains (commonly 14–40% in surveys); the two measure different layers and are 

not contradictory. Calibrated to DORA’s 2025 paradox and the greenfield-versus-legacy capability gap; not a 
measured cross-org study. 

The mirror effect (DORA, 2025) 

DORA frames AI as an amplifier and a mirror: it magnifies whatever capability an organization 

already has. Teams with strong platforms, small batch sizes, and a genuine user focus see AI 

improve delivery; teams without them can see delivery degrade. Organization size correlates with 

realized value mainly because it correlates with codebase complexity and governance weight — the 

underlying driver is platform and process maturity. The leadership implication is that the highest-

return AI investment for a large enterprise is usually not more seats or better models, but rebuilding 

the platforms, tests, and review systems AI depends on. 

Organization size Where AI helps most Biggest risk Highest-leverage move 

Startup / small team 
Greenfield build speed; 
shipping with a smaller 
team 

Unreviewed 
vulnerabilities and churn 
reaching production 

Add lightweight 
automated review and 
security gating early 

Mid-size 
Service-level velocity on 
newer systems 

Generation outrunning 
review capacity; uneven 
teams 

Scale review/test 
automation to match 
generation volume 

Large enterprise 
Documentation, test 
scaffolding, legacy-
discovery 

Paradox: high output, flat 
delivery; 
compliance/security 
exposure 

Invest in platforms, 
CI/CD gating, and 
verification capacity, not 
just seats 

Table 2. An organization-size playbook for the AI-era SDLC. The leverage point moves from “adopt” at small scale to 
“build the verification platform” at large scale. 
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9. Predictions, 2026–2028 

These are concrete, testable calls, each tied to a public data source that will confirm or refute it. 

They are our judgement, not sourced fact, and they carry the uncertainty described in the 

appendix. 

# Prediction (2026–2028) What would prove it wrong 

1 
Professional-developer AI adoption exceeds 95% by end-2027, 
while trust in accuracy stays below 45%. 

Stack Overflow / DORA annual 
surveys 

2 
Review and verification becomes the #1 self-reported 
engineering bottleneck for AI-forward teams by 2027. 

DX / DORA / developer-experience 
surveys 

3 
Code churn (lines revised <2 weeks) crosses 10%; change-
failure rates stay elevated where AI use is highest. 

GitClear / DORA 

4 
Autonomously merged PRs exceed 15% at AI-forward orgs but 
stay under 5% at the median enterprise. 

Vendor disclosures (Cognition et 
al.) / DORA 

5 
The individual-vs-organizational gap persists: large enterprises 
keep reporting high per-dev gains and flat delivery. 

DORA / internal delivery metrics 

6 
Entry-level developer hiring stays well below 2022 levels 
through 2027; a mid-level talent gap becomes an openly 
discussed risk. 

Stanford HAI / BLS / labour-market 
data 

7 
Unattended agent-to-production pipelines remain rare (<10% of 
orgs) through 2028. 

DORA / industry adoption surveys 

Table 3. Seven testable predictions and the evidence that would confirm or refute them. Calls 5–7 are the load-
bearing ones for workforce, org-design, and risk planning. 

The through-line of all seven is that capability is not the constraint that matters most over this 

horizon. Models will keep getting better at generation and at benchmarks. What stalls — and 

what we predict will continue to stall — is unsupervised trust: the willingness to let AI changes 

reach production without a human verifying them, and the organizational capacity to absorb a 

flood of generated code. Those are functions of the verification tax, security exposure, 

governance, and accountability, none of which scale down as fast as model capability scales 

up. 
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10. Appendix: Methodology, Sources, and Caveats 

10.1 Methodology 

This briefing synthesizes publicly available research, vendor disclosures, and independent 

surveys published through mid-2026, prioritizing the most recent figures and original sources 

over aggregators. Where sources disagree, we report the disagreement rather than averaging it, 

and we distinguish vendor-sponsored claims from independent research throughout the text. 

Figures 1–4 visualize cited data; Figures 5–8 are our own illustrative models, labelled as such 

(Figures 6–7 are built on the standard Amdahl and queueing results). All charts use a consistent 

scale and are sourced in their captions. 

10.2 Cross-referencing and conflicts (a feature, not a bug) 

• Productivity: vendor/survey speed-ups of roughly 14–55% (Stanford HAI 2026; GitHub 

2022), with McKinsey (2023) reporting up to ~2x on isolated low-complexity tasks, versus 

a 19% measured slowdown in a controlled trial (METR 2025), versus DORA’s 2025 finding 

of large individual gains but flat organizational delivery. We treat these as measuring 

different things — not a range to be averaged. 

• Measurability: by 2026 the cleanest independent experiment could no longer isolate the 

effect because developers refuse to work without AI (METR 2026); self-reported 

productivity remains unreliable (the METR perception gap). 

• Authorship vs. trust vs. delivery: high AI-authorship and adoption figures (GitHub; 

Microsoft; Google; DORA) coexist with falling trust and rising churn and vulnerability rates 

(Stack Overflow 2025; GitClear 2025; Veracode 2025), and with flat organizational delivery 

(DORA 2025). 

10.3 Caveats and limitations 

Self-reported productivity is unreliable. Benchmark scores (SWE-bench, agentic benchmarks) 

overstate end-to-end autonomy. Vulnerability rates measured on benchmark tasks overstate 

production exposure after review and scanning. Vendor metrics (acceptance rate, % of code 

authored) measure generation, not delivered value, and are favourably framed. Direct spend 

figures on AI coding tools are thin and inconsistently defined; we deliberately avoid a single 

market-size number. Labour-market figures (e.g., entry-level employment changes) reflect 

multiple overlapping causes, not AI alone. Our Figures 5–8 are illustrative models calibrated to 

directional evidence, not measured studies, and should not be quoted as data. 

10.4 Source list 

• Stack Overflow. 2025 Developer Survey (AI adoption, trust, frustrations). 

survey.stackoverflow.co/2025, 2025. 

• GitHub. Octoverse 2024 and 2025; Copilot adoption and usage disclosures. github.blog, 

2024–2025. 
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• DORA / Google Cloud. State of AI-assisted Software Development 2025 (productivity 

paradox; amplifier/mirror; ~5,000 responses). dora.dev, 2025. 

• METR. Measuring the Impact of Early-2025 AI on Experienced Open-Source Developer 

Productivity (arXiv:2507.09089), 2025; experiment-design update, metr.org, 2026. 

• GitClear. AI Copilot Code Quality 2025 (211M changed lines, 2020–2024). gitclear.com, 

2025. 

• Veracode. 2025 GenAI Code Security Report (100+ LLMs, OWASP Top-10). 

veracode.com, 2025. 

• Apiiro. Research on AI-generated code security findings, large-enterprise sample. 

apiiro.com, 2025. 

• Stanford HAI. The 2025 and 2026 AI Index Reports (SWE-bench, agentic benchmarks, 

productivity, labour market). hai.stanford.edu, 2025–2026. 

• McKinsey & Company. Unleashing developer productivity with generative AI. 

mckinsey.com, 2023. 

• Amdahl, G. M. Validity of the single processor approach to achieving large-scale 

computing capabilities. AFIPS, 1967 (speed-up ceiling); 2026 applications to AI coding. 

• Little, J. D. C. A proof for the queuing formula L = λW, 1961; queueing-theory treatments 

of code-review lead time, 2024–2026. 

• Program-comprehension research (developers spend 52–70% of time understanding 

code) and code-review time studies (~5–6.4 hrs/week). 2018–2024. 

• CodeRabbit. Analysis of AI-assisted pull requests and review load. 2025. 

• Salesforce Engineering. Scaling Code Reviews: Adapting to a Surge in AI-Generated 

Code. engineering.salesforce.com, 2025. 

• Cognition. Devin 2025 Performance Review (autonomous-PR merge rate). cognition.ai, 

2025. 

• MIT CSAIL / industry analyses. Context capacity versus architectural understanding in 

large/legacy codebases. 2026. 

• Microsoft / Google. Public CEO statements on AI-generated code share (Nadella; Pichai). 

2025. 
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11. Disclaimer and Notices 

This briefing is published for public distribution (including via LinkedIn and similar platforms). 

The following notices apply to all readers. 

11.1 Author and nature of this document 

This briefing reflects the personal professional analysis of Piotr Jurowiec and is published by 

StratoFactory.com. Views expressed are those of the author and do not necessarily represent 

the views, positions, or official forecasts of any employer, client, partner, or affiliated 

organization. This document is independent market research prepared for general informational 

and educational purposes. It is not investment, legal, tax, accounting, procurement, or 

engineering-management advice; it is not a recommendation to purchase from, contract with, or 

invest in any specific vendor, model, platform, or technology; and it does not constitute an offer 

or solicitation of any kind. Readers should not rely on this document as the sole basis for any 

financial, procurement, hiring, or strategic decision. 

11.2 Forward-looking statements and uncertainty 

All forecasts, predictions, scenarios, models, illustrative figures, and recommendations 

contained herein are estimates based on publicly available information and analyst judgment as 

of the publication date. The economics and capabilities of AI software tooling have historically 

moved several multiples faster than any 12-month-old plan, and architectural, regulatory, or 

macroeconomic shocks could shift the trajectory materially. Actual outcomes may differ — in 

either direction — from any prediction presented. The original models in Section 7 and the 

organization-size estimates in Section 8 are illustrative and must not be quoted as measured 

data. 

11.3 Third-party sources, trademarks, and non-endorsement 

This briefing cites publicly available research, press releases, vendor disclosures, regulatory or 

corporate statements, and analyst commentary from a range of organizations including (but not 

limited to) GitHub and its products GitHub Copilot and Octoverse, Microsoft, Google and Google 

Cloud / DORA, Stack Overflow, METR, GitClear, Veracode, Apiiro, Anthropic, Cursor, CircleCI, 

CodeRabbit, Cognition and its product Devin, Salesforce, Stanford University (HAI / the AI 

Index), the Massachusetts Institute of Technology (CSAIL), McKinsey & Company, and the 

OWASP Foundation. All company names, product names, logos, and trademarks are the 

property of their respective owners and are used here solely for identification, reference, 

comparison, commentary, and analysis (nominative fair use) under the fair-use doctrine (US) 

and fair-dealing principles (UK / EU / other applicable jurisdictions). No association, 

sponsorship, affiliation, partnership, or endorsement by any trademark owner is intended or 

implied, and no trademark owner has reviewed, approved, or contributed to this briefing. Use of 

any company or product name should not be construed as a recommendation of, or comment 

on the quality of, that company’s products or services. 
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The statistics, survey results, benchmark scores, and other figures attributed to third parties in 

this briefing are individual facts and data points reported by those sources; facts and data are 

not themselves protected by copyright, and they are reproduced here in limited quantity, with 

attribution, for the purposes of commentary, criticism, scholarship, and independent research. 

This briefing does not reproduce any third party’s charts, tables, diagrams, photographs, or 

substantial verbatim text. Every figure and table in this document is the author’s own original 

work: the charts are independent re-renderings of the underlying numerical values (which are 

cited to their original sources in each caption), and Figures 5–8 are the author’s own illustrative 

models. Where a source is paraphrased, only short, attributed passages are used. Readers who 

wish to rely on, or reproduce in full, any third-party dataset or chart should obtain it from, and 

observe the licensing terms of, the original publisher. 

11.4 Data currency and verification 

Statistics cited reflect figures published as of mid-2026 and drawn from the sources listed in 

Section 10.4 on the dates indicated therein. Survey results, benchmark scores, vendor metrics, 

and security findings change frequently and vary by methodology, sample, and definition, and 

may differ materially from the simplified figures used here. Readers must verify current figures 

directly with the original sources before using any number for budgeting, procurement, hiring, or 

policy. No representation is made that cited figures remain accurate after publication. 

11.5 No warranty; no liability 

This document is provided strictly “as is” without warranty of any kind, express or implied, 

including without limitation any warranty of merchantability, fitness for a particular purpose, 

accuracy, completeness, timeliness, or non-infringement. The author, StratoFactory.com, its 

affiliates, employees, agents, contributors, and any party involved in the creation, production, or 

distribution of this briefing expressly disclaim, to the maximum extent permitted by applicable 

law, all liability for any direct, indirect, incidental, consequential, special, exemplary, or punitive 

loss or damage arising from any use of, or reliance on, the contents of this briefing — including 

but not limited to lost profits, missed opportunities, contract losses, security incidents, or 

damage to reputation. 

11.6 Currency of information 

The information, predictions, and recommendations in this briefing reflect publicly available data 

and analyst judgment as of June 2026. This document is not updated automatically and may 

become stale rapidly given the pace of the field. Its figures and predictions should be re-

baselined against current data at least annually. Readers consulting this briefing more than 6–9 

months after publication should treat all specific figures as historical context rather than current 

guidance, and should seek updated analysis. 
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11.7 Sharing, attribution, and corrections 

Readers are welcome to share this briefing, quote brief portions with attribution, and reference 

the analysis in their own commentary, research, presentations, and engineering-strategy 

discussions. We request that any quotation: (a) clearly attribute the source as “AI in the SDLC: 

The Productivity Paradox — Market Research Briefing, StratoFactory.com, June 2026,” (b) link 

to the original publication where practical, (c) not reproduce charts, tables, or images without 

prior written consent, and (d) not modify quoted numbers or recommendations in a way that 

changes their meaning or removes qualifying caveats. If you identify a factual error, an outdated 

figure, or have a substantive critique, please contact the publisher at info@stratofactory.com. 

Corrections will be issued where warranted. 

11.8 Conflicts of interest and independence 

The author and StratoFactory.com received no compensation from any vendor, advisory firm, or 

other organization in connection with the preparation or publication of this briefing. The analysis 

represents an independent view and is not the product of a paid engagement. Readers should 

weigh independence accordingly and form their own view of the analysis on its merits. 
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