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Generative artificial intelligence and individual worker
productivity: a systematic review of experimental evidence

Inteligencia artificial generativa y productividad individual del trabajador:
una revision sistematica de la evidencia experimental

German Martinez Prats'“~

1 Universidad Juarez Auténoma de Tabasco. Tabasco, México

ABSTRACT

Introduction: The experimental literature on generative artificial intelligence and worker productivity has grown rapidly, but its results
have not been synthesized by productivity dimension. Methods: A systematic review was conducted following PRISMA 2020, searching
Scopus, OpenAlex and Crossref for experimental studies, supplemented by manual records, with inclusion of studies that estimated the
effect of generative artificial intelligence on individual worker productivity. Results: Fourteen experimental studies were included. In the
speed dimension, the included studies estimated productivity gains ranging from 12 to 56 percent across writing, customer support and
programming tasks. In the quality dimension, several studies reported improvements alongside one study of reduced collective novelty.
The effects were heterogeneous across worker skill and task location relative to the technological frontier. Conclusions: Generative
artificial intelligence raised individual productivity in the included experiments, with the largest gains among less-skilled workers and
the most consistent gains on speed, while effects on quality and collective creativity were mixed.
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RESUMEN

Introduccién: La literatura experimental sobre inteligencia artificial generativa y productividad del trabajador ha crecido rapidamente,
pero sus resultados no se han sintetizado por dimensién de productividad. Métodos: Se realizé una revisidon sistematica siguiendo
PRISMA 2020, buscando en Scopus, OpenAlex y Crossref estudios experimentales, complementada con registros manuales, e
incluyendo estudios que estimaran el efecto de la inteligencia artificial generativa sobre la productividad individual. Resultados: Se
incluyeron catorce estudios experimentales. En la dimensién de velocidad, los estudios estimaron ganancias de productividad del 12 al
56 por ciento en tareas de escritura, atencioén al cliente y programacion. En la dimensién de calidad, varios estudios informaron mejoras
junto con un estudio de menor novedad colectiva. Los efectos fueron heterogéneos segun la habilidad del trabajador y la ubicacion
de la tarea respecto a la frontera tecnoldgica. Conclusiones: La inteligencia artificial generativa elevd la productividad individual en
los experimentos incluidos, con las mayores ganancias entre los trabajadores menos cualificados y las ganancias mas consistentes en
velocidad, mientras que los efectos sobre la calidad y la creatividad colectiva fueron mixtos.
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INTRODUCTION

Individual worker productivity is a multi-dimensional construct whose components, speed,
quantity, quality and creativity, do not necessarily move together when a new tool is introduced,
and the first task of any serious assessment is to keep them apart. A worker can complete more
tasks in less time while producing worse output, or produce better output while slowing down,
and the net effect of a technology on productivity depends on which component dominates.
The distinction is not academic: a firm that adopts a tool on the strength of a speed gain may be
buying a quality loss, and a policy that anticipates a broad productivity dividend may be wrong
if the dividend is confined to one dimension. Productivity measurement therefore needs to be
dimension-disaggregated before any aggregate claim is made, and it is this disaggregation that
the present review performs for generative artificial intelligence.

Generative artificial intelligence is the first widely diffused technology that operates directly
on the cognitive core of many work tasks, writing, coding, analysis and ideation, which makes its
effect on the components of productivity a question of first-order importance for firms, workers
and policy. Unlike earlier software, which automated the clerical periphery of work, generative
models produce the very text, code and analysis that constitutes the output of knowledge work,
so their effect is felt at the centre of the task rather than at its margin. This is why the experimental
estimates matter: they measure, for the first time, what happens to the quantity and quality
of work when the cognitive core of the task is partly delegated to a machine. The stakes are
heightened by the speed of diffusion, which has outpaced the ability of firms and regulators to
form an evidence-based view of the technology'’s effect, so a synthesis of the experimental record
is needed now rather than after the diffusion has run its course.

The experimental literature on this question has grown rapidly since 2023, but it has
grown faster than it has been synthesized. Individual experiments estimate effects in specific
settings, writing tasks,” customer support,? software development,® and consulting,”” and their
estimates range widely, from roughly 12 percent to over 50 percent, without a shared framework
that explains the range. The rapidity of the growth is itself a challenge for synthesis, because
the studies span venues, economics, science, software engineering and management, that do
not cite one another as a single literature, and a researcher in any one of these fields sees only
a fragment of the evidence. A systematic review that draws the fragments together is therefore
not a luxury but a precondition for the field to learn from its own experiments. The range is the
puzzle: a naively pooled estimate would be a number without a meaning, because the studies
differ in task, measure and population in ways that the estimate itself cannot reveal. A synthesis
that respects those differences, by disaggregating the evidence into the dimensions of the
productivity construct, is what would turn the range from a puzzle into a pattern. Prior reviews
of generative artificial intelligence in the workplace have been narrative or scoping in nature,
and they do not organize the experimental evidence by the dimensions of productivity that the
construct itself requires, which is why a systematic review is the appropriate instrument here
rather than a further narrative summary.

The theoretical case for disaggregation is stronger than a stylistic preference, and it is
rooted in the structure of the task-based account of technological change. The task-based
framework of technological change predicts that a technology’s effect depends on whether it
substitutes for or complements the worker’s tasks,®® and the exposure literature predicts that
the effect will be concentrated in the cognitive tasks where generative models are most capable.
78 These predictions operate dimension by dimension: substitution predicts a speed gain,
complementarity predicts a quality gain, and the two need not coincide in any given task. A single
pooled estimate would therefore obscure the very heterogeneity that is the substantive finding,
and it would do so precisely where the theory makes its sharpest predictions. The objective of this
review is to synthesize experimental evidence on the effect of generative artificial intelligence on
individual worker productivity, disaggregated by the dimensions of speed, quality, creativity and
their moderators, using the PICOS question: in individual workers performing work tasks, does
access to generative artificial intelligence, compared with no access or conventional tools, change
productivity in any of its dimensions. The review is systematic rather than narrative because the
question is causal and the evidence is scattered across venues, and a systematic search with
explicit eligibility criteria is the only design that can assemble the scattered experiments into a
single, dimension-disaggregated body of evidence on which a conclusion can be based.

https://doi.org/10.62486/978-9915-9966-3-9.Ch07
72



German Martinez Prats Superintelligence Series Volume 4: One Person Company: Artificial Intelligence,
Autonomous Entrepreneurship and the Future of Business

METHODS

PROTOCOL AND REGISTRATION

The review was conducted following the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA 2020) statement, and the reporting below follows its item structure.

ELIGIBILITY CRITERIA

Studies were eligible if they estimated the effect of generative artificial intelligence on
the productivity of individual workers performing a work task, using an experimental or quasi-
experimental design with a comparison condition. The population was individual workers; the
intervention was access to a generative artificial intelligence tool; the comparison was no access
or conventional tools; and the outcome was any dimension of productivity, speed, quantity, quality
or creativity. Observational studies without a comparison condition, and studies of organizational
rather than individual productivity, were excluded. The restriction to experimental and quasi-
experimental designs was deliberate, because the review's question is causal, and only a design
with a comparison condition canisolate the effect of the tool from the many other determinants of
worker productivity. The search window was 2022 to 2026, which spans the entire public diffusion
of the technology, and no language restriction was imposed at the search stage, although the
retrieved records were predominantly in English.

INFORMATION SOURCES AND SEARCH

Scopus, OpenAlex and Crossref were searched, with Scopus as the first source. The search
strings combined terms for generative artificial intelligence, large language models and ChatGPT
with terms for productivity, performance, experiment and worker, and the full strings are reported
in the supplementary material. Manual records were added for four experimental studies that the
searches did not retrieve because they were published in economics or preprint venues outside
the indexed search space; these four studies are among the most cited in the field, and their
absence from the database results is itself a finding about the coverage of the indexed search
space for this literature.

STUDY SELECTION

Records were screened by title and abstract, and those that passed were sought for full-text
retrieval. The full text was retrieved for records with open access; records without open access
were excluded at the full-text stage and are reported in the flow diagram. The included studies
were those that met the eligibility criteria after full-text assessment.

DATA EXTRACTION AND RISK OF BIAS

For each included study, the design, country, sample, task, outcome and the main result
with its estimate were extracted into a structured table. Risk of bias was assessed using the
Cochrane risk-of-bias tool for randomized trials where applicable, and the ROBINS-I tool for
non-randomized studies; no study was assigned a low risk of bias in the absence of information.
The synthesis was narrative, disaggregated by productivity dimension, because the outcome
measures were not sufficiently homogeneous for a meta-analysis: the studies measure speed as
time-to-completion in writing, issues-per-hour in support and task-time in programming, and
these are not combinable into a single effect size without a strong and unjustified assumption
of common scale. The dimension-by-dimension narrative synthesis is therefore the appropriate
method, and it is the method that the review’s disaggregated structure is designed to serve.
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RESULTS

STUDY SELECTION

The searches identified 210 records, of which 13 were duplicates, leaving 197 records
screened. Of these, 183 were excluded at the title and abstract stage, most commonly because
the record concerned a different outcome or a different design, and 14 full texts were sought. All
14 were assessed and included, with no exclusions at the full-text stage (Figure 1). The 14 included
studies comprised ten records retrieved by the database searches and four manual records added
from economics and preprint venues. The absence of exclusions at the full-text stage reflects the
strictness of the title-and-abstract screen, which was deliberately conservative in passing only
records whose abstract described an experimental estimate of a productivity outcome.

STUDY CHARACTERISTICS

Theincluded studies covered four task families: writing, programming, customer supportand
consulting or professional analysis. The designs were predominantly randomized controlled trials
and field experiments, with two quasi-experiments, and the field experiments were conducted
in real workplaces, which gives the evidence an external validity that a purely laboratory design
would lack. The samples ranged from 95 developers® to 5179 customer-support agents,? and
the median sample was in the low hundreds. The outcome measures spanned speed, quantity,
guality and creativity, and the reported effect sizes ranged from small to large (Table 1). The studies
were concentrated in the years 2023 and 2024, which reflects the recency of the technology
itself, and they were conducted almost entirely in developed-economy, English-language work
settings, a concentration that bounds the generalisability of the synthesis and that a future wave
of experiments in other settings would need to relax.

RISK OF BIAS

Therisk of biaswas moderate in most studies. The primary source of bias was the impossibility
of blinding participants to the intervention, because a worker knows whether they are using a
generative tool, and this knowledge can produce expectation effects in either direction, inflating
or deflating the measured gain in ways that no within-study control can fully remove. The studies
mitigated this where they could, by using objective output measures for speed and by grading
quality with blinded raters, but the residual risk of expectation bias is inherent to the design
and is reported rather than minimized, because no experimental design can conceal from a
participant the fact that they are using a tool that produces text. No included study was assigned
a low risk of bias in the absence of information, and the quasi-experimental studies carried the
additional risk of unobserved selection into tool use, because workers who adopt a tool voluntarily
may differ from those who do not in ways that a comparison condition cannot fully absorb. The
synthesis therefore treats the speed estimates, which are objective and hard to game, as the most
trustworthy, and the quality and creativity estimates, which depend on human grading, as more
fragile, and this weighting is reflected in the relative confidence of the conclusions drawn from
each dimension.

SPEED AND QUANTITY

In the speed dimension, the included studies consistently estimated positive effects.
A randomized trial of writing tasks estimated that access to ChatGPT reduced task time by
about 40 percent and raised output quality by 0.45 standard deviations, with the time saving
appearing immediately and persisting across the graded writing subtasks.(1) A field experiment
with customer-support agents estimated a 14 percent increase in issues resolved per hour.(2)
Two experiments on software development estimated reductions in task completion time of
55.8 percent® and approximately 26 percent.(9) A field experiment with consultants estimated
that participants completed 12.2 percent more tasks and did so 25.1 percent faster.(4) A quasi-
experiment on coding tasks reported a positive effect on labour productivity.(10) The magnitudes
are not directly comparable across tasks, because a percentage reduction in writing time and a
percentage reduction in coding time have different denominators, but the direction is uniform:
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no included study estimated a negative effect on speed, and the smallest point estimate was a
12 percent gain. In relation to the quality dimension, the speed gains were the most consistent
and the largest in magnitude across the included studies, and they are the finding on which the
review's main conclusion most securely rests.

QUALITY

In the quality dimension, the evidence was positive but more heterogeneous. The writing
experiment reported that output quality improved by 0.45 standard deviations alongside the
speed gain, a substantial effect that persisted across the graded dimensions of the task, and
the gain was larger for the less-skilled writers in the sample.(1) The consulting field experiment
reported that output quality rose by about 40 percent on a graded scale, with the largest gains
on the subtasks inside the model's capability.(4) A study of student achievement reported that
generative artificial intelligence improved performance on writing tasks, with the gain depending
on the level of the student.(11) A study of persuasive content found no systematic penalty against
content produced with generative assistance, which suggests that the quality gains do not come
at the cost of perceived credibility.(12) In relation to the speed dimension, the quality gains were
smaller and less consistently reported than the speed gains, and the quality measures were
graded rather than objective in most studies, which is a measurement weakness the Discussion
returns to. One study of collective content reported that the diversity of novel output declined
even as individual quality rose,™ which is the first sign that the individual and the collective
quality effects can diverge.

CREATIVITY AND NOVELTY

In the creativity dimension, the evidence was the most mixed. One experiment estimated
that generative artificial intelligence enhanced individual creativity while reducing the collective
diversity of novel content, a divergence that the authors attributed to the tendency of the tool
to steer outputs toward a common centre.(13) A study of creative problem-solving reported that
assisted participants produced more ideas but with lower variety across participants, the same
individual-collective split in a different task.(14) A brainstorming experiment estimated an effect
of exposure to artificial-intelligence ideas on brainstorming performance and cognitive load, with
the exposure effect depending on how the ideas were framed.(15) A design-ideation experiment
reported that generative assistance supported cognition in early-stage ideation, where the tool
acted as a cognitive support rather than a substitute.(16) A study of persuasive content found that
human evaluators did not systematically penalize content produced with generative assistance,
which bears on the perceived rather than the objective dimension of quality.(12) In relation to
the speed dimension, the creativity effects were the least consistent and, in the collective case,
opposite in sign to the individual productivity gains, which is the review's clearest instance of a
dimension where the technology’s effect is not unambiguously beneficial.

COLLABORATIVE AND RELATIONAL DIMENSIONS

Twoincluded studiesaddressed productivity in collaborative or relational settingsratherthan
solo tasks. A quasi-experimental study of collaborative decision-making reported that generative
assistance improved the quality of human decisions, with the effect depending on how the
human and the machine were paired.(17) A randomized field experiment in a healthcare context
estimated that generative artificial intelligence supported value co-creation and productivity
in an intervention-based design.(18) Within this component, the evidence is thinner than in the
speed dimension, with only two studies, but it is consistent with the general pattern that the
technology augments performance in tasks with a cognitive core, whether performed alone or
in interaction with others. The thinness of this dimension is itself a gap: the included studies are
almost all solo-task designs, and the collaborative productivity effects that a firm would actually
experience are the least measured part of the construct.
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MODERATORS AND HETEROGENEITY

Table 1. Characteristics of the fourteen included experimental studies.

Study Design Task Sample Main result
Noy and Zhang 2023 RCT Writing 44{* ~40% faster; quality +0.45 SD
professionals
Brynjolfsson et al. 2023 Field experiment Customer support 5179 agents +14% productivity; +34% novices
Peng et al. 2023 RCT Programming 95 developers 55.8% faster
Dell’Acqua et al. 2023 Field experiment Consulting 758 consultants +12.2% tasks; +25.1% speed; +40% quality
Cui et al. 2024 Field experiment Programming Developers ~26% faster
Doshi and Hauser 2024 Experiment Creativity Participants Individual up; collective diversity down
Boussioux et al. 2024 Experiment Creatgﬁvpi\rr]c;blem— Participants More ideas; lower variety
Hausman 2026 Experiment Writing Students Improved achievement
Zhang et al. 2023 Experiment Persuasive content Participants No penalty against Al
Memmert 2025 Experiment Brainstorming Participants Effect on performance
Hao 2024 Quasi-experiment Decision-making Participants Improved quality
Gambacorta 2026 Quasi-experiment Coding Programmers Positive effect
Song 2026 Random!zed field Healthcare hicaltheare Improved productivity
experiment context
Lin 2026 Experiment Design ideation Designers Cognitive support

Note: RCT = randomized controlled trial. Estimates are the main productivity effect reported by each study.

Figure 1. PRISMA 2020 flow diagram of study selection.

The effect was systematically heterogeneous across worker skill and task location. The
customer-support experiment estimated that the productivity gain was largest among novice
workers, at about 34 percent, and smallest among experienced workers, for whom the gain was
close to zero, a contrast that the authors attributed to the tool encoding the tacit knowledge of
the experienced workers.(2) The consulting experiment reported that the gain was concentrated
on tasks inside the frontier of the model's capability and that performance fell on tasks outside
it, the jagged frontier.(4) The writing experiment reported that the gain was larger for lower-skill
writers, which is the same compression pattern in a different task.(1) Across the included studies,
the moderator pattern was consistent: generative artificial intelligence compressed the skill
distribution by raising the floor more than the ceiling, and it helped less where the task exceeded
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the model's competence. This pattern is the most actionable finding of the review, because it tells
a firm not only that the tool raises productivity, but which workers and which tasks will benefit
most.

DISCUSSION

The objective of this review was to synthesize experimental evidence on the effect of
generative artificial intelligence on individual worker productivity by dimension. The synthesis
yields a clear main finding: the effect is positive and large on speed, positive but smaller on quality,
and mixed, sometimes negative, on collective creativity, with the gains concentrated among less-
skilled workers. This dimension-by-dimension pattern is the review's contribution, because it
explains the wide range of single-study estimates that a pooled figure would have flattened into
a single number.

In the speed dimension, the evidence is consistent with the task-based prediction that
a technology which automates cognitive subtasks raises the rate of task completion, and the
direction of the effect is not in question across any of the included designs.®® The speed gains,
from 12 to 56 percent, are larger than the typical effect of earlier software tools and comparable
to the gains predicted by the exposure literature for the most exposed occupations.”® The
consistency of the speed effect across writing, support and programming tasks is the strongest
single result of the review, and it supports the claim that generative artificial intelligence is, in
the included experiments, a general accelerator of individual task completion rather than a task-
specific one. The comparison with the automation framework is instructive here: the speed gain
is the substitution margin, the margin on which the technology does the task faster than the
worker, and the fact that it is uniformly positive is what one would expect from a tool that is
genuinely competent at the subtasks it automates.(19)

In the quality dimension, the evidence is positive but more fragile, because the quality
measures differ across studies and are often graded rather than objective. The quality gain in
writing and consulting is substantial, but the collective diversity result of Doshi and Hauser®™
cautions that individual quality can rise while the diversity of the pool falls, a distinction that a
purely individual measure would miss. The comparison with the creativity dimension shows the
same tension: individual creativity improves while collective novelty contracts.(14) The review
therefore reaches a more qualified conclusion on quality and creativity than on speed, and it flags
the individual-versus-collective distinction as the dimension where the experimental evidence is
least settled. The measurement weakness is itself a finding: quality is graded by humans in most
studies, and human grading of machine-assisted output may be lenient or harsh in ways that
the studies do not fully control, which means the quality estimates should be read with wider
uncertainty than their reported precision suggests.

The moderator findings are best understood through the distinction between automation
and the creation of new tasks, a distinction that the experimental record makes empirically visible
in a way that the aggregate literature cannot. The framework in which a technology displaces
some tasks while reinstating others™ predicts exactly the skill-compression and jagged-frontier
patterns that the included experiments find, because a technology that automates the easy
subtasks of a job raises the productivity of the workers who perform them while leaving the hard
subtasks, and the workers who perform them, untouched. The business-dynamism literature adds
the longer-run context: a technology that raises the productivity of individual workers may still
change the distribution of firm entry and growth in ways that a within-task experiment cannot
see.(20) The experimental evidence is therefore a precise but partial view of the technology’s
effect, precise on the individual margin and partial on the market-wide margin that the dynamism
literature studies.

The moderator findings have the clearest practical import. The skill-compression result,
that novices gain most, is replicated across writing and customer support,? and it aligns with
the broader labour-market finding that artificial intelligence reduces within-firm polarization
by lifting the lower tail.(21) The jagged-frontier result® adds the crucial boundary condition that
the gain reverses outside the model's competence, which means the productivity effect is not
unconditional but task-dependent. These moderators are the dimensions along which a firm
should reason when deciding where to deploy the technology, and they are more actionable than
the pooled average. A firm that deploys the tool to its least-skilled workers on tasks inside the
model’s frontier will capture most of the measured gain, while a firm that deploys it uniformly,
or on tasks the model does poorly, will capture far less, and the difference between the two
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deployments is exactly what the moderator evidence quantifies. The skill-compression pattern
also has an equity implication that a pooled estimate would hide: the technology narrows the gap
between skilled and unskilled workers, which is a distributional consequence of real policy interest,
and it is the opposite of the skill-biased pattern that earlier waves of automation produced.(5)

The review's finding also speaks to the question of whether generative artificial intelligence
is a general-purpose technology or a narrow tool, and the answer the evidence supports is that it
is general on the speed margin and narrow on the creative margin. A general-purpose technology
raises productivity across many tasks and settings, and the consistency of the speed gain across
writing, support, programming and consulting is the signature of generality; a narrow tool raises
productivity in one setting and nowhere else. The evidence here is closer to the general-purpose
reading on the speed dimension and closer to the narrow reading on the creativity dimension,
which is a more precise characterisation than either label alone. The business-dynamism
and productivity literature that studies such technologies at the aggregate level provides the
vocabulary for this distinction,? and the experimental evidence here supplies the task-level
detail that the aggregate literature cannot see.

The comparison with the wider labour-market and firm-level literature confirms and bounds
the finding. The meta-analytic evidence on artificial intelligence and labour-market outcomes
reports positive but heterogeneous effects,?? and the firm-level evidence reports that artificial
intelligence raises total factor productivity and labour investment efficiency while polarizing
employment within firms.23?4 The country-level evidence adds that artificial intelligence raises
national productivity with distributional heterogeneity,? and the linked-advertisement evidence
documents that the technology shifts the demand for skills in the directions the experimental
moderators would predict.(26) The country-level evidence adds that artificial intelligence raises
national productivity with distributional heterogeneity,? and the linked-advertisement evidence
documents that the technology shifts the demand for skills.(26) The earlier robotics evidence
found displacement rather than augmentation,?” which suggests that generative artificial
intelligence, by operating on cognitive rather than manual tasks, may be the first wave of the
technology whose individual productivity effect is unambiguously positive. The alternative-
work-arrangements literature® is relevant because the productivity gains documented here
may be mediated by the contingent and platform arrangements in which many of the tasks
are performed. The team-science literature bears on the collective-creativity result, because the
decline in collective diversity is a form of homogenization that echoes the finding that large
teams develop while small teams disrupt.(29-32) The review's dimension-by-dimension structure
is what makes these comparisons possible, and it is the structure that a pooled estimate would
have foreclosed.

The comparison with the broader artificial-intelligence economics and governance
literature situates the finding in its societal context. The technology is governed by an evolving
set of norms and institutions,®® and its adoption in construction and other sectors produces
both positive and destructive effects that a single productivity estimate cannot capture.(34) The
academic sector reports a trade-off between productivity benefits and integrity concerns,® and
the bibliometric record shows that the technology's diffusion into research is itself rapid and
uneven.(36) These contextual findings do not change the experimental estimates, but they bound
their interpretation: the individual productivity gain measured in a controlled task is the upper
bound of what a firm or a society can expect once the technology is embedded in real institutions
with their own frictions. The socioeconomic literature frames the same point as a path between
transformation and disruption.(37) The meta-analytic evidence on artificial intelligence and
labour-market outcomes reports positive but heterogeneous effects,? and the earlier robotics
evidence found displacement rather than augmentation,?” which suggests that generative
artificial intelligence, by operating on cognitive rather than manual tasks, may be the first wave of
the technology whose individual productivity effect is unambiguously positive. The team-science
literature is relevant to the collective-creativity result, because the decline in collective diversity
is a form of homogenization that echoes the finding that large teams develop while small teams
disrupt.?*29 The review’s dimension-by-dimension structure is what makes these comparisons
possible.

The strengths of the review are the same three choices viewed from the favourable side,
and they should be named before the limitations. The restriction to experimental and quasi-
experimental designs is a strength, because it is the restriction that licenses the causal language
the review uses, and a review that admitted observational estimates would have a larger evidence
base but a weaker claim. The dimension-by-dimension structure is a strength, because it is the
structure that surfaces the individual-versus-collective and the speed-versus-quality tensions that
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a pooled synthesis would bury. The inclusion of the four manual records is a strength, because it
recovers the most-cited experiments that the indexed databases miss, and a review that relied
only on the databases would have excluded the very studies that define the field. These strengths
are the basis for the review's confidence in its main finding, and they are what allow the conclusion
to be stated without the hedging that a weaker design would require.

The limitations of the evidence and of the review should be stated together, because they
are the same choices viewed from two sides. The included studies are concentrated in a few
task families and in developed-economy settings, which limits generalisation to manual or lower-
income contexts, and the recommendation is to replicate the experiments in settings outside the
writing-programming-support cluster. The risk of bias is moderate because blinding is infeasible,
a limitation inherent to any tool whose use is visible, and the recommendation is to report and
control the expectation effects that blinding would otherwise remove. The outcome measures
are heterogeneous, which precluded a meta-analysis, and the recommmendation is to converge
on a common productivity instrument across studies. The review itself is limited by its restriction
to experimental designs, which excludes observational estimates that might capture longer-run
effects, and by the exclusion of records without open access, which may have omitted eligible
studies; the recommendations are, respectively, to complement the experimental base with
observational designs that follow workers over time and to re-run the search with full-text access
to the excluded records. Each of these limitations is a boundary on the confidence of the synthesis
rather than a threat to its central finding, because the speed gain is too consistent across tasks
and designs to be an artefact of any single one.

The heterogeneity across studies also has a methodological reading that is worth separating
from the substantive one. The included studies differ not only in task and population but in the
intensity of the intervention, from a bare tool with no guidance to a structured integration with
prompts and workflow, and this intensity difference is a plausible source of the wide range of
speed estimates. A study that gives a worker a raw model and a study that gives a worker a
tuned, task-specific assistant are measuring different interventions, and the review's synthesis
treats them as one only because the literature has not yet standardized the intervention. The
recommendation that follows is that future experiments report the intervention intensity, the
model version and the prompting or workflow support, so that the range of estimates can be
decomposed into a task effect and an intensity effect rather than left as unexplained variance.

The review also contributes a methodological point about the state of the experimental
literature itself, which future work should take as a starting condition rather than a criticism. The
field has produced, in three years, a set of experiments that are individually well designed but not
yet mutually standardized: they differ in intervention intensity, in outcome instruments and in
the reporting of the dimensions of productivity, and these differences are what prevent a meta-
analysis and force the narrative synthesis used here. The convergence on a common reporting
standard, a speed measure, a graded quality rubric and a creativity or diversity measure, would
turn the next wave of experiments into a combinable evidence base and would unlock the meta-
analysis that the present review could not perform. This is a constructive recommendation for the
field, and it is the natural next step now that the existence and the rough magnitude of the effect
are established.

The contextual and methodological perimeter of the finding is completed by three further
bodies of work, each of which marks a boundary of the experimental estimate rather than a
challenge to it. The economic-growth literature reports that artificial intelligence raises growth
only where governance is adequate, which places an institutional condition on the productivity
gains measured here.®® The workforce literature documents that perceptions of and anxiety
about artificial intelligence vary across worker groups, which may moderate how readily the
gains documented in the experiments are realized in practice.® The methods literature reminds
that the interpretability and reliability of artificial-intelligence tools themselves remain open
problems, which bounds the confidence with which any single productivity estimate should be
generalized.“? These are perimeter observations rather than core findings, but they mark the
boundary between a controlled experimental effect and a realized economic one.

The generalisability of the synthesis is bounded by the setting in which the experiments
were conducted, and the bound is worth stating precisely. The included studies measure short-
run, task-level productivity in controlled or semi-controlled settings, and they do not measure the
longer-run reorganization of work that a firm adopting the technology would undergo, nor the
equilibrium wage and employment effects that a society would experience once the technology
diffuses. The experimental estimates are therefore best read as the direct, partial effect of the tool
on the task, which is the quantity that a firm can act on immediately, rather than as a forecast
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of aggregate productivity. The distinction between the partial experimental effect and the
general-equilibrium effect is the standard one in this literature,’ and it is the reason the review's
conclusions are framed at the level of the individual task rather than the economy.

The review closes with a note on the direction of future evidence, because a synthesis of a
young field is as much a map of what is unknown as a record of what is known. The experiments
included here measure the effect of a tool that is still improving, and a synthesis is a snapshot of
a moving target; the next generation of experiments, run with more capable models, may find
larger quality effects or smaller skill gaps, and the review's dimension-by-dimension structure
is designed to absorb those changes without being invalidated by them. What the review
establishes, and what a moving target does not change, is the pattern that speed is the reliable
margin, quality is the conditional margin and creativity is the contested margin, and that pattern
is the durable contribution on which future work can build.

For practice, the implication is that the deployment decision should be made dimension by
dimension. A firm that cares about speed will find the strongest evidence in support; a firm that
cares about the diversity of creative output will find a caution; and a firm deciding who should
use the tool will find that the least-skilled workers benefit most. For research, the implication is
that future experiments should report effects separately for speed, quality and creativity rather
than a single productivity score, because the three move differently and a pooled score conceals
the very information that a deployment decision needs. For policy, the implication is that the
skill-compression result should inform the design of training and transition support, because the
technology’s main measured effect is to raise the floor of the less-skilled, and a policy that ignores
that distributional fact would misread the technology’s promise.

CONCLUSIONS

Generative artificial intelligence raised the speed of individual task completion by 12 to
56 percent across the fourteen included experiments, with the largest gains among less-skilled
workers and on tasks inside the model's capability, and this speed effect was the most consistent
finding of the review. The effect on output quality was positive but smaller and less consistently
measured, and the effect on collective creativity was mixed and partly negative,so the technology’s
productivity benefit is dimension-dependent rather than uniform, and the answer to the review's
guestion isthat generative artificial intelligence reliably accelerates individual work while its effect
on the quality and diversity of that work remains conditional on the task and the measurement.
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