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Abstract

Generative artificial intelligence (Al) coding assistants are now embedded in
professional  software-development workflows, yet evidence about their
engineering value remains fragmented across productivity experiments, code-
quality trials, security studies, and repository mining. This article integrates
recent empirical evidence to evaluate three connected outcomes: developer
productivity, software quality, and technical debt. The evidence base includes
controlled and field experiments involving professional developers, code-quality
studies using automated tests and blinded review, security analyses of Al-
generated code, and a 2026 largescale study of approximately 302,600
verified Al-authored commits from 6,299 GitHub repositories. Productivity
effects are heterogeneous: a controlled experiment reported 55.8% faster task
completion with GitHub Copilot [1], three field experiments covering 4,867
developers reported a 26.08% increase in completed tasks [2], and an
enterprise randomized trial estimated approximately 21% less time on task
[3], whereas a randomized study of experienced open-source developers found
that allowing frontier Al tools increased completion time by 19% [4]. Quality
evidence is similarly multidimensional. A 2024 randomized study of 202
valid submissions found higher functional success and small but statistically
significant improvements in readability, reliability, maintainability, and
conciseness with Copilot [5], while security studies continue to identify
important weaknesses in Al-generated code [6-8]. At repository scale, Al-
authored commits can introduce persistent maintenance liabilities: 89.3% of
identified Alintroduced issues were code smells and 22.7% of tracked issues
remained at the latest revision [9]. The synthesis shows that generative Al
does not produce a uniform productivity-quality trade-off. Its effects depend
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on task context, developer expertise, evaluation horizon, and wverification

practices. Lifecycle-adjusted productivity provides a broader organizational

measure by incorporating review, rework, security remediation, and technical-

debt costs.

INTRODUCTION

Generative Al coding assistants have shifted from
experimental autocomplete systems to interactive
development tools capable of generating
functions, tests, documentation, refactorings,
explanations, and multi-file changes. Their rapid
adoption has created a measurement problem for
software engineering. An assistant may reduce the
time required to produce an initial
implementation while simultaneously changing
review effort, defect risk, security exposure, code
ownership, and future maintenance cost.
Consequently, lines of code, suggestion
acceptance, or elapsed implementation time alone
cannot establish whether Al improves engineering
performance.

Early causal evidence emphasized speed. Peng et
al. reported that developers with GitHub Copilot
completed a JavaScript HTTP-server task 55.8%
faster than the control group [1]. More recent field
evidence has broadened this result: Cui et al.
combined randomized trials at Microsoft,
Accenture, and another Fortune 100 company
and estimated a 26.08% increase in completed
tasks across 4,867 developers [2]. An enterprise
randomized controlled trial with Google engineers
estimated approximately 21% less time on a
complex task [3]. However, the direction is not
universal. Becker et al. randomized 246 tasks
completed by experienced open-source developers
working in mature repositories and found that
allowing early-2025 Al tools increased completion
time by 19% [4]. These results imply that the
relevant question is not whether Al is inherently
productive, but under which development
conditions it changes total engineering effort.
Quality and maintainability evidence is equally
nuanced. GitHub’s randomized code-quality study
recruited experienced Python developers and
retained 202 valid submissions. Copilot access

increased the likelihood of passing all ten unit
tests and produced small statistically significant
improvements in blinded ratings of readability,
reliability, maintainability, and conciseness [5]. At
the same time, empirical security studies have
identified insecure Al-generated snippets and
broad Common  Weakness Enumeration
categories [6-8]. A 2026 study of downstream
maintainability found no significant difference in
later evolution time or code quality when new
developers modified code initially produced with
or without Al assistance [10].

Technical debt is therefore central to evaluating
Al-assisted development. Technical debt captures
technical choices that accelerate present delivery
while creating future remediation or maintenance
costs [11-14]. Al can reduce debt by generating
tests, documentation, standard patterns, and
refactorings; it can increase debt when rapid code
generation produces duplicated logic, code smells,
weak abstractions, insecure patterns, or code that
developers do not fully understand. A 2026
repository-scale study provides direct evidence of
this risk, identifying 484,366 distinct issues
introduced by verified Al-authored commits and
showing that a meaningful share persisted over
time [9].

Taken together, these evidence streams frame Al
coding-assistant performance as a lifecycle
problem. The analysis makes three related
contributions: it connects productivity, quality,
and technical debt rather than treating them as
separate outcomes; it distinguishes shorttask
experimental effects from enterprise and
repository-scale evidence; and it develops a
lifecycle-adjusted interpretation in which review,
rework, remediation, and maintainability costs are
part of productivity rather than external
considerations.
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2. Literature Review and Hypotheses

2.1 Al-Assisted Developer Productivity
Developer productivity is multidimensional. The
SPACE framework cautions against reducing
productivity to a single activity metric and
emphasizes satisfaction, performance, activity,
communication, and efficiency [15]. This warning
is especially relevant to generative Al because
assistance can increase output while changing
cognitive load, review behavior, or understanding
of the resulting code. Controlled and field
experiments now provide stronger causal evidence
than early perception surveys, but effect sizes differ
substantially across contexts [1-4]. Less-
experienced developers have shown larger gains in
some field settings [2], while experienced
maintainers working in  familiar mature
repositories may face verification and interaction
overheads that offset generation speed [4].

H1: Generative Al coding assistance is associated
with higher shortrun developer productivity on
bounded implementation tasks, but the
magnitude and direction of the effect are
moderated by task context and developer
experience.

2.2 Software Quality, Correctness, and Security
Software quality cannot be represented by
functional correctness alone. ISO/IEC 25010
treats quality as a family of characteristics that
includes functional suitability, reliability, security,
maintainability, performance efficiency,
compatibility, usability, flexibility, and safety [16].
For source-code research, automated tests, static-
analysis findings, complexity, duplication, review
outcomes, and security weaknesses provide
practical operational measures. Comparative code-
generation studies have found substantial
variation in correctness and technical-debt
estimates across assistants [8,17,23], while studies

of Copilot suggestions show accuracy differences
across languages and problem types [18].

Security deserves separate treatment because code
may pass functional tests while remaining
exploitable. Pearce et al. demonstrated security
weaknesses in Copilot-generated solutions [6]. Fu
et al. subsequently analyzed Al-generated snippets
in GitHub projects and found security weaknesses
affecting 29.5% of Python and 24.2% of
JavaScript snippets in their sample, spanning 43
CWE categories [7]. These findings show why
quality evaluation must combine functional and
security-oriented measures.

H2: Al-assisted code quality is heterogeneous
across functional, readability, maintainability, and
security dimensions rather than uniformly better
or worse than conventionally produced code.

2.3 Technical Debt and Code Ownership

The technical-debt metaphor originated with
Cunningham and has developed into a broad
research area covering code, design, architecture,
tests, documentation, infrastructure, and other
maintainability liabilities [11-14]. Static-analysis
proxies such as code smells, duplication,
complexity, reliability findings, and estimated
remediation effort are imperfect but reproducible
indicators of code-level debt. Al adds a further
human factor: developers may accept generated
code without developing the same degree of code
ownership. A 2026 experiment found more
complete task solutions with Al but a 12.5%
reduction in participants’ ability to answer
technical questions about code they had
implemented [19].

H3: The estimated engineering benefit of Al
assistance differs when downstream quality-
assurance, rework,
comprehension, and persistent technical-debt

remediation, code-

costs are incorporated into the evaluation rather
than measuring initial development effort alone.
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2.4 Conceptual Framework

Developer
Productivity

Software

Lifecycle-Adjusted
Productivity
(review + rework + remediation)

s

Generative Al _— Quality
Coding Assistance
Technical
Debt

Moderators: developer experience » task complexity = programming language -« task type

Figure 1. Integrated conceptual framework linking generative Al assistance to productivity, software
quality, technical debt, and lifecycle-adjusted productivity.

Figure 1 formalizes the central argument. Al
assistance can affect productivity, quality, and debt
directly, while quality defects and technical debt
generate downstream review, rework, and
remediation.  Developer  experience, task
complexity, language, and task type moderate
these relationships. This structure avoids assuming
that a faster first implementation is necessarily a
lower-cost software outcome.

3. Methodology

3.1 Study Design and Evidence Base

The article uses an structured empirical evidence-
synthesis  design. The synthesizes
published quantitative evidence from studies that
identify Al-assisted and non-assisted development
through randomized assignment or verified Al
authorship. The core evidence was selected to
represent three levels of analysis: developer/task
experiments, code/submission quality studies,
and  repository/commitlevel  technical-debt
studies. Because outcome definitions differ,
results are not mechanically pooled into a single
meta-analytic effect. Instead, effect estimates are

analysis

compared within their original measurement scale
and interpreted according to design and
population.

3.2 Evidence Identification and Eligibility
Evidence was identified through a structured
targeted search completed on 26 September 2026.
Searches combined terms for generative Al coding
assistants (for example, GitHub Copilot, Al
coding assistant, generative Al and software
development) with outcome terms covering
developer productivity, completion time, software
quality, correctness, maintainability, security, code
ownership, code smells, and technical debt.
Publisher and scholarly sources were prioritized,
including ACM Digital Library, IEEE Xplore,
SpringerLink, journal publisher pages, and arXiv
for recent studies not yet available in a final
journal version. Vendor research was retained
only when it reported a clearly described empirical
design and was treated as source-sensitive evidence
rather than as equivalent to independent peer-
reviewed evidence.

Studies were eligible when they (1) empirically
compared  Al-assisted  with  non-assisted
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development, evaluated Al-generated code using
reproducible quality or security measures, or
identified Al-authored repository changes; (2)
reported quantitative outcomes relevant to
productivity, software quality, maintainability,
security, code ownership, or technical debt; and
(3) provided sufficient methodological detail to
interpret the reported result. Purely conceptual
articles, opinion pieces, marketing claims without
an empirical design, and studies lacking a relevant
engineering outcome were excluded from the core
evidence table. Foundational software-engineering

sources were retained to define productivity,
quality, technical debt, complexity, and repository-
mining limitations.

This procedure is a structured evidence synthesis
rather than a claim of exhaustive systematic-review
coverage. No pooled meta-analysis was attempted
because the included studies use materially
different populations, tasks, treatments, and
outcome scales. The synthesis therefore
emphasizes design-aware triangulation, direction
of effect, reported uncertainty, and consistency
across evidence types.

3.3 Outcome Operationalization
Table 1. Core empirical evidence used in the integrated analysis.

Liu et al. [9]

repository study

authored commits;
6,299 repositories

Study Design Sample Primary outcome Exposure
Controlled 95 professional Task completion time | GitHub Copilot
Peng et al. [1] .
experiment developers / success vs control
Cui et al. [2] Three random1zed 4,867 developers Completed tasks Al ,COdmg
field experiments assistant access
Google . 3 .
) Randomized 96 full-time Time on complex Al features vs
enterprise RCT ) 3
3] controlled trial engineers task control
) 16 experienced
Becker et al. [4] Randonzed task- OSS developers; Completion time A,I allowed vs
level trial disallowed
246 tasks
GitHub quality | Randomized trial fl?lfr;/?slslin& 1293 Tests and quality Conilot vs control
RCT [5] + blind review . . ratings P
reviews
Fu et al. [7] Rep(.)s.uory 73.3 Algenerated Security weaknesses Static analysis
empirical study snippets
approximately
Large-scale 302,600 Al- Introduced/persistent | Verified Al-

issues

authored commits

D t

Echoes of Al Preregistered two- | 151 participants; ev(())vl‘:;isofam Prior code with vs

[10] phase experiment | 95% professionals | . , without Al
time/quality

More Code, Less

. Crossover . Completeness and
Understanding ) 69 participants i Al vs no Al
(19] experiment code ownership

As summarized in Table 1, the evidence base spans
controlled experiments, randomized field trials,
blinded code-quality review, security analysis,
repository mining, and downstream-

maintainability experiments. This breadth allows
the synthesis to compare immediate developer
outcomes with later quality and maintenance
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consequences while preserving the design and
population of each source study.

Table 2. Measurement framework for productivity, quality, and technical debt.

Domain

Operational indicators

Interpretation

Developer productivity

Completion time; completed
tasks; task completeness

Higher output or lower time,
interpreted in study-specific units

Functional quality

Unit-test success; correctness

Automated behavioral validation

Readability; reliability;

Review quality maintainability; conciseness; Blind or structured review
approval
Securi CWE/static-analysis findings Security weaknesses by
° Y 8 language/type
Technical debt Code smells; bugs; security [ssues introduced and surviving

issues; persistence

over repository history

Code ownership uthored code

Technical comprehension of

Ability to explain/answer
questions about implementation

Lifecycle-adjusted productivity

Initial effort plus review, rework
and remediation

Conceptual organizational
outcome

Table 2 shows how the three principal outcome
domains are operationalized across the included
studies. It also distinguishes immediate
productivity and functional quality from security,
technical debt, code ownership, and the broader
lifecycle-adjusted productivity construct used in
the synthesis.

3.4 Statistical Interpretation

Where the underlying studies report randomized
estimates, this article preserves the reported
treatment contrast, confidence information, and
p-values rather than recalculating participantlevel
models without raw data. Heterogeneity is assessed
descriptively across populations and task settings.
Quality outcomes from the GitHub randomized
study are presented as reported mean differences.
Repository debt is summarized using issue
composition and persistence. Because these
outcomes are measured on different scales, they
are interpreted separately rather than combined
into a common effect estimate. Interpretation of
controlled evidence follows standard empirical
software-engineering  principles  concerning
treatment contrasts, validity, and uncertainty [40].

A mixed-effects specification with developer and
task random intercepts provides an appropriate
basis for subsequent replication studies,
particularly when treatment effects are allowed to
vary by experience and task complexity.
Confidence intervals, multiplicity adjustment for
secondary outcomes, and intention-to-treat and
per-protocol sensitivity analyses would further
strengthen inference. Technical debt should be
operationalized using reproducible static-analysis
rules such as code smells, duplicated code,
cyclomatic or cognitive complexity,
reliability/security ~ findings, and estimated
remediation effort.

4. Results

4.1 Developer Productivity

The productivity evidence supports substantial
heterogeneity rather than a single universal effect.
Peng et al. found 55.8% faster completion in a
bounded JavaScript task [1]. Cui et al. reported a
26.08% increase in completed tasks when pooling
three field experiments involving 4,867
developers, with larger gains among less-
experienced developers [2]. The Google enterprise
randomized trial estimated approximately 21%
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less time on task [3]. In contrast, Becker et al.
found that experienced open-source developers
working on mature repositories took 19% longer

when Al tools were allowed [4]. Figure 2 displays
these effects without pooling them because the
outcome definitions differ.

Published experimental evidence on developer productivity

Becker et al. (2025) | -19.0%
time on task

Google RCT (2025) |

o
time on task +21.0%

Cui et al. (2026) |

+ . 0
completed tasks 26.1%

Peng et al. (2023) |

N +55.8%
completion speed

-20 0 20 40 60
Reported effect (%) — outcome definitions differ across studies
Figure 2. Reported experimental productivity effects. Positive values indicate reported improvement; the

studies use different productivity metrics and are therefore not pooled [1-4].

Table 3. Productivity findings across controlled and field settings.

Evidence Population Reported effect Statistical note
. o p =.0017; reported
Peng et al. [1] (915 pfofessmnal 55’8/(1) iz'lster 95% CI for speed gain
evelopers completion 3 1%-89%
o ,
Cui et al. [2] 4,867 developers 26.08% increase in SE = 10.3%

completed tasks

Confidence interval
reported as wide

~21% reduction in
time on task

Google RCT [3]

96 engineers

246 tasks; 16
experienced OSS
developers

19% increase in Al slowed work in this
completion time context

Becker et al. [4]

Table 3 places the four productivity estimates
alongside their study populations and statistical
notes. Read together with Figure 2, it shows that
favorable effects dominate several bounded and
enterprise settings, while the experienced open-
source-maintainer study reports a slowdown.

The evidence is consistent with H1, although the
effect is strongly conditional on context. Al
assistance  frequently  improves  shortrun
productivity, but expertise and task ecology
materially change the effect. The negative result
among experienced maintainers is particularly
important because it shows that generation speed
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can be outweighed by prompting, verification, and
integration costs in familiar, complex codebases.

4.2 Software Quality

The strongest randomized quality evidence is
favorable but modest. In the GitHub study,
Copilot users had a 53.2% greater likelihood of

passing all ten unit tests. Blind reviews also
reported mean improvements of 3.62% in
readability, 2.94% in reliability, 2.47% in
maintainability, and 4.16% in conciseness;
reported p-values were .003, .01, .041, and .002,
respectively [5]. Reviewers were also 5% more
likely to approve Copilot-authored code [5].

GitHub randomized study: blinded code-quality differences

4.16%

3.62%

2.94%

2.47%

Reported mean difference (%)

0

Readability Reliability Maintainability Conciseness

Figure 3. Reported mean quality differences in GitHub’s randomized code-quality study [5].

Figure 3 visualizes the four blinded review
dimensions for which the GitHub randomized
study reported

mean percentage improvements with Copilot:
readability, reliability, maintainability, and

conciseness.

Table 4. Randomized evidence on functional and review-based code quality [5].

Quality outcome Reported Copilot difference Reported significance
Functional success 53’2.% greater hk.ethOd of p<.01
passing all 10 unit tests

Readability +3.62% p =.003

Reliability +2.94% p=.010
Maintainability +2.47% p=.041

Conciseness +4.16% p =.002

Approval 5% more likely to approve p=.014

As detailed in Table 4, the randomized quality
evidence combines functional test success with
reviewer-assessed dimensions and approval. The
table also makes clear that the reported

improvements are modest in magnitude even
where statistical significance was reached.

These findings do not eliminate quality risk.
Security analyses show that functional code may
remain vulnerable. Fu et al. found security
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weaknesses in 29.5% of Python and 22.7% of
JavaScript  Al-generated snippets in their
repository sample, spanning 43 CWE categories
[7]. Earlier controlled security work likewise
showed that Copilot can produce vulnerable code
[6]. These findings are consistent with H2: quality
effects are multidimensional, and improvements
in readability or test success should not be
generalized automatically to security.

maintenance liabilities. Liu et al. analyzed
approximately 302,600 verified Al-authored
commits from 6,299 repositories and identified
484,366 distinct issues introduced by those
commits [9]. Code smells represented 89.3% of
the identified issues, and more than 15% of
commits from every studied Al assistant
introduced at least one issue. Of the tracked Al-
introduced issues, 22.7% remained at the latest

repository revision [9].
4.3 Technical Debt and Downstream
Maintainability
Repository-scale evidence indicates that Al
generated changes can create  persistent

Large-scale 2026 repository evidence on Al-introduced technical debt
100

89.3%

80 1

60 4

Percent

40

22.7%

201

T
Code smells among

T
Tracked issues surviving
Al-introduced issues i

to latest revision

Figure 4. Technical-debt indicators reported in the 2026 large-scale study of verified Al-authored
commits [9].

issues, while 22.7% of tracked issues remain at the
latest repository revision.

Figure 4 highlights two repository-level indicators
from the 2026 technical-debt study: code smells
account for 89.3% of identified Al-introduced

Table 5. Large-scale evidence on Al-introduced issues and persistence [9].
Repository evidence Reported value
Verified Al-authored commits 302,600

GitHub repositories 6,299

Distinct introduced issues 484,366

Code smells among issues 89.3%

Commits introducing >1 issue >15% for every studied assistant
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| Tracked issues surviving to latest revision

[22.0% |

Table 5 provides the scale and persistence context
behind Figure 4, including the number of verified
Al-authored commits, repositories, distinct
introduced issues, and the share of commits
associated with at least one identified issue.

The downstream-maintainability — experiment
provides an important counterpoint. In a
preregistered two-phase study involving 151
participants, later developers who evolved code
initially produced with Al did not show significant
differences in completion time or code quality,

and Bayesian analysis suggested that any
downstream speed or quality benefits were at most
small and uncertain [10]. Thus, Alintroduced
static-analysis debt does not necessarily translate
into a measurable maintenance penalty in every
bounded evolution task. The evidence is
consistent with H3 as a measurement proposition
rather than a wuniversal directional effect;
downstream costs vary across settings and
therefore require direct measurement.

4.4 Integrated Robustness and Heterogeneity Assessment
Table 6. Cross-study robustness and heterogeneity assessment.

Robustness dimension

Evidence variation

Implication

Population

Professional developers,
enterprise engineers, experienced | Effects are not confined to
OSS maintainers, mixed-
experience participants

student samples.

Task setting

Bounded greenfield tasks vs
mature repository work

Productivity direction changes
across settings.

Outcome definition
persistence

Time, completed tasks, tests,
review quality, security, debt

No single metric captures
engineering value.

Experience

Larger gains for less-experienced
developers in field experiments;
slower result among highly
experienced OSS maintainers

Experience is a plausible
moderator.

Evaluation horizon
persistence

Immediate completion vs later
code evolution vs repository

Shortrun speed can diverge from
lifecycle outcomes.

Evidence source

RCT

Academic experiments, enterprise
trials, repository studies, vendor

Triangulation strengthens
inference but vendor evidence
requires source-aware
interpretation.

Table 6 synthesizes the principal sources of
heterogeneity across the evidence base. In
particular, differences in population, task
ecology, outcome definition, developer
experience, evaluation horizon, and evidence
source help explain why the reported effects
should not be treated as a single universal Al
effect.

5. Discussion

Across the included studies, two simple
interpretations are not sustained: that Al coding
assistants automatically make developers faster,
and that faster Al-assisted coding necessarily
lowers software quality. The observed effects are
conditional on development context. Al assistance
can produce large speed gains in bounded tasks
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and meaningful throughput gains in enterprise
settings [1-3], but those gains can disappear or
reverse when experienced developers work on
complex repositories they already know well [4].
This heterogeneity is theoretically plausible
because Al changes both production and
verification costs.

The quality results are similarly conditional.
Randomized evidence demonstrates that Al-
assisted code can perform better on tests and
receive slightly higher blinded quality ratings [5].
Yet security studies show that generated code can
contain important weaknesses [6-8]. Accordingly,
software quality is better evaluated as a set of
distinct dimensions rather than as a single
undifferentiated outcome. Functional correctness,
readability, maintainability, and security can move
in different directions.

Technical debt provides the missing temporal
dimension. The large-scale repository evidence
shows that Al-authored commits can introduce
code smells, bugs, and security issues that persist
[9]. However, the preregistered maintainability
experiment found no significant downstream
penalty in a bounded evolution task [10].
Together, these findings suggest that static debt
indicators and realized maintenance cost are
related but not interchangeable. Both static debt
indicators and realized maintenance costs
therefore warrant measurement in organizational
evaluations.

A further concern is code ownership. The 2026
experiment reporting lower technical
comprehension after Al-assisted coding suggests
that higher task completeness can coexist with
weaker understanding of the implementation [19].
This matters because comprehension affects
debugging, review, incident response, and long-
term maintenance even when the initial code is
correct. The result strengthens the case for
lifecycle-adjusted productivity: engineering value
should include the effort required to understand,
verify, repair, and evolve code.

5.1 Theoretical Implications

The findings extend productivity theory in
software engineering by positioning generative Al
as a context-dependent complement rather than a
uniform labor-saving technology. The SPACE
framework [15] is useful because it separates
activity from performance and efficiency. Al may
increase  activity or throughput without
proportionally improving performance, and it may
improve immediate efficiency while creating later
verification costs. Technical-debt theory adds the
intertemporal mechanism: short-term acceleration
can create liabilities whose costs are realized later

(11-14].

5.2 Practical Implications

Organizations evaluating coding assistants should
avoid using suggestion acceptance, generated lines,
or self-reported time savings as standalone success
metrics. A defensible dashboard should combine
cycle time or completed work with test outcomes,
review effort, escaped defects, security findings,
duplication, code smells, remediation effort, and
rework. Teams should stratify results by developer
experience and task type because aggregate
averages can conceal groups for whom Al creates
additional overhead. Security-sensitive code
should retain independent static analysis and
human review even when functional tests pass.

6. Limitations and Future Research

This article integrates heterogeneous studies
rather than reanalyzing one common participant-
level dataset. The structured search was designed
to identify the most relevant empirical evidence
streams, but it was not an exhaustive systematic
review and therefore remains vulnerable to search
and publication-selection effects. The included
studies differ in tools, model generations,
languages, tasks, populations, and outcome
definitions;  consequently,  the  reported
percentages should not be interpreted as directly
comparable effect sizes or pooled into a single
estimate. Several prominent quality results come
from vendor-sponsored research, which increases
the importance of independent replication.
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Repository studies also depend on the validity of
Al-authorship identification and static-analysis
rules. Finally, Al systems evolve rapidly, so results
are partly version- and time-specific.

Future research should preregister multi-site
experiments that measure productivity, functional
quality, security, code ownership, and technical
debt in the same participants and repositories.
Longitudinal designs should track Al-assisted
changes for months rather than hours, while
causal mediation models can test whether quality
and debt explain differences between immediate
and lifecycle productivity. Replication packages
should preserve prompts, model versions, IDE
settings, task specifications, test suites, static-
analysis  configurations, and  anonymized
interaction logs.

7. Conclusion

Generative Al coding assistants can improve
software-development productivity, but the effect
is neither universal nor sufficient to establish
engineering value. Across controlled and field
experiments, reported productivity effects range
from substantial acceleration to measurable
slowdown depending on developer expertise and
task context. Randomized evidence shows modest
improvements in several code-quality dimensions,
while security and repository studies demonstrate
that Algenerated code can also introduce
weaknesses and persistent technical debt. Taken
together, the findings emphasize a methodological
point: organizations and researchers should
measure Al-assisted development across the full
lifecycle. Productivity should be adjusted for
review, rework, remediation, comprehension, and
maintenance rather than inferred from initial
coding speed alone. From this lifecycle
perspective, generative Al functions as a context-
sensitive engineering intervention whose benefits
depend on how effectively teams verify and
maintain the code it helps produce.
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