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1. Introduction

Artificial intelligence (AI) has shifted from a specialized computational technology to an
increasingly general-purpose input into production, decision making and innovation. Machine
learning, natural-language processing, computer vision and, more recently, generative Al can
perform or support tasks that previously required substantial human judgment. This expansion
has raised a central economic question: Will AI mostly increase productivity and facilitate the
emergence of new activities or will the gains from AI be offset by displacement, concentration
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and unequal access to it? The question is important because productivity growth is the source
of long-run growth in living standards, and the distribution of productivity growth will decide if
technological progress is a source for broadly distributed welfare.

The economics of Al is based on various older literatures. According to general purpose
technology theory, large-scale technologies have widespread spillover effects, but the impact
of a given technology takes time to occur as a result of complementary innovation (Bresnahan
& Trajtenberg, 1995). Information technology research also demonstrates that organizational
changes and intangible investments play a decisive role in the realization of productivity
(Brynjolfsson & Hitt, 2000, 2003). Task-based models include a labor-market mechanism:
technology can reduce the demand for labor in some tasks, increase it in others, and create
new tasks that return labor demand (Acemoglu & Restrepo, 2018, 2019; Autor et al., 2003).
From these perspectives comes the idea that the economic impact of Al is not solely dependent
on technical capabilities.

This complexity is demonstrated in the light of recent empirical evidence. Firm-level
studies report positive association between using Al and productivity (Czarnitzki & Rammer,
2023), and between investing in Al and product innovation, sales growth, employment growth,
and market valuation (Babina, Fedyk, He & Hodson, 2024). The literature on generative Al, as
well as the experimental and quasi-experimental evidence, indicates that tasks can be
completed faster, and the quality of the output higher, and that the gains are larger for less-
experienced workers (Brynjolfsson et al., 2023; Noy & Zhang, 2023). But macroeconomic
evidence from across the country is more conservative. Parteka and Kordalska (2023) find that
the measurable contribution of Al innovation to aggregate productivity remains limited, and
2024 OECD work stresses that macro gains depend heavily on adoption, sectoral diffusion and
complementary capital.

The labor-market literature also is mixed. The exposure data shows that Al gets to
many cognitive and non-routine tasks, but exposure is not equal to automation. Acemoglu,
Autor, Acemoglu et al. (2022) reveal that Al impacts vacancy and skill demand, while OECD
and ILO studies differentiate between task substitution and task augmentation. Generative Al
will be especially significant, given the way it will increase technology exposure in writing,
analysis, coding, and professional services. Consequently, traditional classifications of routine
and nonroutine tasks have proven to be less adequate to describe technological change.

There are therefore three reasons for the need for a systematic review. First, the
literature is spread throughout economics, management, innovation, labour studies, and labour
policy research. Second, research is conducted at various levels of analysis and various
conceptions of Al are used, which makes apparently opposing results hard to interpret. Thirdly,
generative Al is an emerging technology that has produced significant new evidence stream
with short-run productivity impacts that need to be separated from long-term macroeconomic
impacts. This review seeks to tackle these issues with a cutoff date set to 2024.

The study asks four research questions: What does literature show about AI and
productivity? What impact does Al have on jobs, work, skills, and pay? How does Al impact
innovation and economic growth? What are the organizational, institutional and developmental
conditions that influence these outcomes? The contribution is an integrated economic
framework which connects adoption to task change, complementary investment, innovation,
labor reallocation and aggregate growth and defines a targeted research agenda for the future.

2. Theoretical and Conceptual Background

The review is structured in three lenses, all of them theoretical. The first is that general-
purpose-technology theory recognizes that Al could impact many sectors, and complementary
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innovations will be required. Second, task-based technological-change theory breaks up jobs
into tasks and then deploys technology to automate, augment or create tasks. Third,
organizational complementarity: The same Al can have varying productivity impacts based on
data quality, skills, workflows and managerial practices.

The integrated framework starts with Al capability and adoption. Adoption modifies the
way tasks are done in terms of automation and augmentation, but it is mediated by
complementary capital and organization redesign. These changes have an impact on process
efficiency and product innovation, thus on firm productivity, labor demand and wages and
market structure. Economy-wide growth comes after diffusion and reallocation from one firm to
another and one sector to another. Each link is moderated by the institutions, competition,
infrastructure and human capital.

This framework helps to explain an important difference between possibility and reality
- technological possibility and economic realization. Adoption costs, incentives, demand and
complementary investment are factors that determine realized productivity and employment
effects, while exposure measures identify the tasks Al might impact. Hence, high levels of
occupational exposure do not necessarily lead to job displacement, and positive findings on
task productivity do not necessarily translate to aggregate productivity growth.

3. Review Methodology

The review is organized according to the logic of PRISMA 2020 and the structure
adopted in international systematic reviews in economics, business and sustainability research.
The goal is not to give an impressionistic story, but rather to make it reproducible. Evidence
will be considered until 2024. Since the live Web of Science and Scopus subscription exports
have not been provided with the manuscript, no attempt is made to create database specific
identification counts. The final submission should be the search strategy documented in those
databases with the PRISMA counts. Here the analytical corpus consists of 50 influential and
traceable texts that are directly relevant to the research questions.

3.1. Search Strategy

The retained contributions were evaluated for relevance, clarity of data and
methodology, appropriateness of identification or modelling approach, clarity of measures of
outcome, and usefulness for the review questions. A numerical quality score was not applied
since the corpus contains experiments, econometric studies, theoretical models and systematic
reviews/institutional syntheses, all of which cannot be fairly ranked by one single metric.
Rather, stronger causal designs receive more interpretive weight when causal claims are being
discussed, and descriptive and modelling studies receive more interpretive weight when
mechanisms are being discussed, as well as scenarios and context.

The coding framework documented publication year, setting, unit of analysis, exposure,
outcome, method and principal finding and thematic contribution for each study. Thematic
synthesis was selected in preference to meta-analysis as the effect measures, units, exposures
and research designs are too diverse to combine in a single pooled coefficient without
significant loss of meaning.

3.2. PRISMA Reporting and Reproducibility

The actual number of records identified in Web of Science and Scopus, records excluded
due to duplication, records screened, full text evaluated and studies included should be
reported in a submission-ready PRISMA flow diagram. These counts should be based on real
database exports. This manuscript therefore offers the complete reporting structure and
analytical synthesis but doesn't require database counts to be populated from the final
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reproducible search. This method is the correct way to prevent the common and severe
mistake of creating screening numbers.

3.3. Analytical Boundaries and Evidence Hierarchy

The review distinguishes between outcomes that have been observed and outcomes
that are projections using models. Experimental studies of specific work tasks provide evidence
of performance in the short run under controlled conditions, rather than the aggregate
employment or aggregate GDP effects. Observational studies at the firm-level report on
realized adoption and economic performance, but the selection into AI adoption could lead to
biased estimates. Occupational exposure indices are a measure of technical feasibility and not
observed displacement. Task exposure and adoption and substitution are assumed at the
macroeconomic level and results of such simulations are regarded as conditional scenarios.
This hierarchy stops the synthesis from considering exposure, adoption, productivity and long-
run growth to be interchangeable outcomes.

4, Descriptive Profile of the Evidence

The evidence inventory should not be identified as the product of a complete database-
wide screening exercise but is instead derived from 50 academic and institutional sources.
Literature is interdisciplinary but economically coherent, from macroeconomics, labor
economics, development economics to innovation and environmental economics/policy. There
is an important rise in empirical studies and contributions in the 2020-2024 period, preceded
by earlier works in theory and measurement. The corpus also highlights the geographical
misbalance on the one hand, with advanced economies being more well represented in Al
research, and on the other hand, with more developing countries and cross-country evidence in
climate-growth research, but still significant gaps in low-income and fragile states.

4.1. Distribution of evidence by analytical scale

The collected studies cover four analytical scales: Worker and task studies explore time
savings, output quality and individual capabilities. Firm-level studies analyze Al investment,
innovation, employment and value added. Occupational and regional analyses look at the
distribution of exposure and the evolving demand for skills in occupations. Macroeconomics
research models economy-wide productivity, reallocation and distribution. The descriptive
synthesis structures evidence in terms of the unit of observation, rather than a false average
effect for two very different designs.

5. Thematic Findings
5.1. Productivity at Worker and Firm Levels

The one element of the literature that is consistently positive is micro evidence.
According to Czarnitzki and Rammer (2023), German companies that use Al generate more
sales and value added productivity. Damioli and Vertesy (2021) link Al-related technological
capabilities to labor productivity and Babina et al. (2024) demonstrate that AI investment
leads to future firm growth. Specific tasks can be strengthened from experiments with causal
interpretation, such as reduced completion time and higher quality of professional writing by
generative AI Noy and Zhang (2023), and higher productivity in customer support
(Brynjolfsson et al., 2023). Notably, these improvements are heterogeneous and frequently
smaller for more experienced workers, indicating that AI has the potential to spread good
practices and somewhat narrow the performance gap between workers on a task.

In this theme, the differences in results can best be understood in terms of
heterogeneity in exposure, adoption and complementarity. Technical exposure studies
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generally measure potential exposure rather than realized use, while firm- and worker-level
studies measure realized adoption, but typically over shorter time periods. The synthesis gives
more weight to evidence that explicitly references adoption or task use and considers overall
evidence indexes as evidence of potential effects.

5.2. Innovation, Intangible Capital and Firm Growth

Al is not only a process technology, Cockburn et al. (2019) define Al as a means of
invention, implying that its greatest potential long-term impact could be the ability to speed up
the process of discovery and product development. Babina et al. (2024) present evidence of
how product innovation is a significant channel between Al investment and firm growth. This
view can account for the fact that the short-term cost savings may be less than the economic
value of the technology. Meanwhile, Al needs data, computing power, proficient human
resources and organisational restructuring. The productivity J-curve Brynjolfsson et al. (2021)
suggests that such complementary investment can be measured as a cost rather than a gain
when it occurs, which slows the measurement of the aggregate productivity effect.

In this theme, variations in outcomes are most likely understood as variations in
exposure, adoption and complementarity. Studies measuring technical exposure capture
potential exposure; firm- and worker-level studies capture realized exposure, but typically at
faster time horizons. This means that the synthesis is more heavily weighted towards evidence
that specifies adoption or task use and uses broad exposure indices as a proxy for where
effects might occur.

5.3. Employment, Task Displacement and Augmentation

A direct link between exposure to Al and job loss is not accepted in the literature. Task-
based theory makes predictions about simultaneous displacement and reinstatement. Al can
automate part of the work and increase productivity for other parts of the work, or create new
activities or increase demand for existing activities. Acemoglu et al. (2022) identify the
associated changes in vacancy and skill demand with AI exposure. Felten et al. (2021) and
Webb (2020) demonstrate significant variation in exposures by occupation and industry.
Studies by ILO and OECD also highlight that generative AI can be used to augment jobs more
than to fully automate them. The employment effect is then linked to the elasticity of demand,
firm growth, the composition of tasks within occupations and the rate at which new tasks are
added.

In this theme, variations in outcomes should be understood in terms of the
heterogeneity of exposure, adoption and complementarity. Studies reporting technical
exposure measure potential adoption, while firm- and worker-level studies measure realized
adoption but tend to cover shorter timeframes. The synthesis thus emphasizes evidence which
mentions adoption or use of the task and evidence that implies exposure to extensive indices
as evidence of possible exposures.

5.4. Skills, Wages and Inequality

AI changes the number and nature of skills needed. Technical capabilities of AI can give
rewards in the labor market, but complementary managerial, social and domain knowledge
also matter. According to Drydakis (2024), Al capital is correlated with better employment
prospects. Green (2024) demonstrates the link between Al exposure and shifting demand for
cognitive, digital, business and management skills. The distributional effects are unclear: If Al
benefits disproportionately highly skilled workers, inequality could increase; if it passes on
skills to less-experienced workers, gaps within occupations could decrease. Tools, training,
data and organizational support are therefore key components of distribution.
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In this theme, the differences in results are best understood in terms of heterogeneity
in exposure and adoption and complementarity. Studies measuring potential exposure, rather
than realized use, do not differ from firm/writer level studies, but the time frame may be
shorter. The synthesis therefore gives greater weight to evidence that specifically identifies
effects of adoption or task use and uses exposure indices that are broad in scope as indicators
where effects may occur.

5.5. Aggregate Productivity and Growth

The evidence on the macro aspects is still less developed. Parteka and Kordalska (2023)
report only minor aggregate productivity benefits from AI innovation, but the Oecd (2024)
indicate that gains may be significant in more intense adoption and diffusion. The
macroeconomic impact depends on the proportion of economically useful tasks impacted and
the extent of the productivity gain, according to (Acemoglu, 2024). The findings are consistent
with the general purpose-technology theory as aggregate gains are likely to be delayed due to
the time lag required for adoption, complementary investment, reallocation. It is also
important to note that there is a huge difference between impressive task-level effects and
modest macro statistics; this gap is thus a key research problem and not just a contradiction.

In this theme, the differences in the results are best explained by the heterogeneity in
exposure, adoption, and complementarity. Studies measuring potential exposure rather than
use are studies of technical exposure; firm- and worker-level studies measure realized
adoption but may have shorter exposure horizons. The evidence synthesis therefore places
more importance on evidence which explicitly names adoption and/or task use and considers
broad exposure indices as evidence of the potential for effects to occur.

5.6. Developing economies and institutional conditions

The evidence from the developing economies is considerably less dense than the
evidence from the United States, Europe and other advanced economies. Korinek and Stiglitz
(2021) highlight the impact of AI on comparative advantage and development strategies and
Saba and Ngepah (2024) demonstrate how governance can shape relationships between Al
and employment growth in BRICS economies. Leapfrogging and “low-cost” knowledge service
are possibilities for developing countries, but also present some infrastructure, skill, financing
and data challenges. International distribution of capabilities for AI may therefore affect
convergences, offshoring’s, and high-value activities.

The differences between results in this theme should be interpreted from the point of
view of heterogeneity in exposure, adoption and complementarity. Technical exposure studies
measure potential exposure, while firm- and worker-level studies measure realized exposure,
but over shorter timeframes. The synthesis gives greater weight to evidence that specifically
references adoption or task use and takes the exposure indices as evidence of where effects
may occur.

5.7. Reconciling seemingly contradictory findings

The finding of positive employment relationships at the firm level does not contradict
the possibility of displacement of workers in specific tasks. A company that automates some
things may lower the cost per unit, bring new products to market and ultimately hire more
people. However, it could be that a firm who is implementing productivity growth sees a
decrease in jobs relative to other firms in the same industry or its suppliers. Likewise, an
occupation that is heavily exposed to AI could see both a rise and fall in wage rates depending
on whether Al fills in the gaps for a scarce skill or replaces a standardized one. The sign of the
reported coefficient is as important as the unit of analysis or the counterfactual.
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5.8. Implications of study designh and measurement

There are multiple measurement problems that reappear in the evidence. Inventive
activity can be determined by patent counts but does not imply commercial deployment.
Employer intentions are more evident on job announcements than in actual hiring. The
perception of AI may differ by respondents, leading to different self-reported adoption. Task
experiments tend to have short time horizons and narrow work environments, and aggregate
productivity data are sluggish in reacting to organizational changes. A more robust future
literature would connect software-use logs, with employer/employee records, with product
innovation and value added, and would explicitly differentiate between predictive and
generative Al

6. Discussion

The review comes with four broad conclusions. First, the impact of Al on productivity is
already measurable in certain firms and tasks but is not yet proportionate at the economy-wide
level to the most impressive results on the micro-level. This micro/macro gap is in line with
diffusion lags and complementary investment, and not with the illusion of micro gains.
Secondly, employment impacts are essentially task related. By replacing task content, Al can
also boost output, generate complementary tasks, and boost demand for complementary
workers.

Third, innovation is likely to be an important, long-term channel. When AI mainly
reduces the cost of performing current tasks, its impact could be like traditional automation.
The dynamic growth effect can be greater if it helps to speed up product discovery, scientific
research, software development and organizational experimentation. Last, Distribution is
endogenous to Institutions and Access. Those that have more complementary skills between
firms and workers are likely to realise more of the gains, potentially increasing concentration
unless it is diffused in the broad sense.

The conclusions also help explain the apparently conflicting results found in the
literature. There are various studies that report on various phases of the same adjustment
process. Exposure studies look for potential changes in tasks, experiments measure immediate
productivity impacts, firm studies measure adoption and organizational impacts, and macro
studies measure diffusion and general-equilibrium impacts. These levels need to be connected
rather than chosen as the definitive level of interpretation.

6.1. An integrated explanation of heterogeneous economic outcomes

An integrated reading of the literature indicates a series of ‘conditional’ mechanisms.
First, Al changes the task production functions, decreasing the cost of performing certain
cognitive or operational tasks. These are then chosen by the organizations which redesign the
work, retrain the employees, introduce new products, or reduce labour inputs. Those decisions
have an impact on the productivity of the firms and the proportion of the market that they
occupy. This leads to sectoral diffusion and consequently to a change in relative prices, entry,
competition and demand for factors. Finally, the percentage of activity affected and the extent
to which productivity gains results in investments and new demand affect aggregate growth.
Each phase is different, each with its own level of complexity, and a gain at the task level
cannot be multiplied across an economy.

6.2. Interpretation for lower-income economies

In developing economies, the evidence is even more fragile to informal work, inequality
on electricity and connectivity, high costs of imported technologies, lack of computing
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infrastructure and uneven distribution of language resources. While Al can enhance access to
knowledge and reduce the expenses of certain exchangeable services, companies lacking the
resources to invest in complementary skills and data could be left out. There is also a
difference between the gains of domestic Al users and the gains of foreign technology
providers. Future research should consider the domestic value added as well as worker
outcomes and productivity, not just adoption as an indicator of development.

7. Conclusion

To date (at the end of 2024), the economic literature shows evidence of the benefits of
Al for productivity and innovation, and further evidence of the potential aggregate and
distributional implications of Al adoption. In addition to firm-level gains, which are becoming
more apparent, particularly where Al is used to complement human abilities, macroeconomic
impacts are less certain, as diffusion and complementary investment takes time. Task is the
more appropriate unit than occupation for the description of employment outcomes, because
they are heterogeneous. The key policy challenge is thus not only to speed up Al adoption, but
to develop the skills, infrastructure, organizational capacities, competition, and governance
needed to ensure that the productivity benefits spread widely. Future research should focus on
causal evidence in developing economies, long-run impacts of generative-Al, distribution and
explicit connections between micro productivity and macro growth.

7.1. Theoretical Contributions

Conceptually, the general purpose-technology and task-based approaches are combined
in the review, adding value. GPT theory is used to explain diffusion lags and complementary
investments, task theory is used to explain the effects of heterogeneous labor, and
organizational complementarity is used to explain the variation among firms. They integrate
into a multilevel account, and the first thing they change is how tasks are done and how
organizations are organized, then innovation and productivity, and then their contribution to
the number’s overall growth.

7.2. Policy Implications

The focus of productivity policy should be on complementary skills, rather than numbers
of adoptions. The effectiveness of AI tools as valuable instruments hinges on a range of
factors, including digital infrastructure, data management, employee training, and
management competence and organizational restructuring.

Labour market policy should be job specific. Training systems must adapt to new task
packages and to facilitate transitioning without taking it for granted that entire occupations will
cease to exist. In algorithmic management, worker consultation and monitoring of job quality
are especially pertinent forms of use.

Competition policy is important because AI benefits can be added to those with better
data, computing power, talent and financial resources. The distribution of productivity gains
may be influenced by interoperability, contestability, and diffusion to smaller firms.

In the case of developing economies, the focus should be the digital foundations and
human capital that foster innovation as well as public policy that is not uncritical transplants of
advanced economy estimates. Local data on firms, occupations and informal employment are
needed.

7.3. Limitations
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There are limitations to this review. The methods and outcomes of the evidence base
are diverse, and a defensible, pooled effect cannot be obtained without more stringent
eligibility requirements. The review also incorporates important institutional and working-paper
documents that are relevant to the rapidly evolving economics issues; future versions may
limit the volume of documents to peer-reviewed articles, depending on the requirements of the
target journal. Finally, PRISMA identification and exclusion counts need to be done via final
Web of Science and Scopus exports. The cutoff date of 2024 is purposefully not followed by
later evidence.
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