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This study evaluates the economic value of Agentic AI by examining its impact on firm-level productivity, financial performance, and macroeconomic growth across developed and emerging economies using a quantitative panel data approach. Data were sourced from the World Bank (World Development Indicators and Enterprise Surveys) and OECD AI indicators, covering 2015–2024. An AI Adoption Index was constructed using min–max normalization, while fixed effects regression, mediation analysis, and quantile regression were employed to estimate relationships and distributional effects. The results show that AI adoption significantly improves firm-level productivity (β=0.18, p<0.01) and influences economic growth primarily through productivity (β=0.35, p<0.01), with a weaker direct effect (β=0.09). Furthermore, the growth impact is substantially higher in developed economies (total effect ≈0.33) compared to emerging economies (≈0.15), indicating uneven value distribution. These findings suggest that without supportive structural conditions, AI may reinforce existing inequalities. It is therefore recommended that emerging economies invest in digital infrastructure and skills development, firms align AI adoption with organisational restructuring, policymakers promote inclusive diffusion strategies, and international institutions facilitate technology transfer.
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1. Introduction
Is Agentic AI reshaping the global economic order, or is it reinforcing the core–periphery dynamics identified in World-Systems Theory? This question reflects a persistent concern in development economics that successive waves of technological innovation and advancement tend to reinforce structural inequalities between nations. Dependency theorists argue that economic progress in advanced economies is often sustained by systemic advantages that limit the capacity of developing economies to achieve similar gains (Zandieh, 2026). Historically, major economic transformations, from industrialisation to digitalisation, have tended to concentrate value in economies with stronger institutional capacity, advanced infrastructure, and greater access to capital (Xiao et al., 2024). Contemporary advancements in artificial intelligence appear to follow a similar trajectory, as global investment and innovation remain heavily concentrated in a small group of technologically advanced nations.
The rapid evolution of artificial intelligence has positioned it as a central driver of economic transformation, with increasing evidence pointing to its capacity to enhance productivity and stimulate growth. Recent estimates suggest that artificial intelligence could contribute significantly to global output, with projections indicating substantial increases in productivity across multiple sectors (Chui et al., 2023). Firms are increasingly integrating artificial intelligence systems into their operations to improve efficiency, reduce costs, and optimise decision-making processes, as evidence shows that AI adoption streamlines operations, enhances efficiency, and improves decision accuracy (Hossain et al., 2025; Kassa & Worku, 2025; OECD et al., 2025). This growing reliance on AI technologies reflects a broader shift in the structure of modern economies, where data driven systems are becoming essential to value creation and competitive advantage.
Building on these developments, the emergence of Agentic AI introduces a more advanced form of technological capability characterised by autonomous decision making and task execution. Unlike earlier forms of automation, these systems are capable of independently analysing complex environments, making decisions, and executing tasks with minimal human intervention (Acharya et al., 2025). Empirical studies have demonstrated that the adoption of advanced AI tools can significantly enhance workplace productivity. For instance, experimental evidence shows that generative AI reduced task completion time by approximately 40 percent while improving output quality by 18 percent (Noy & Zhang, 2023), while field studies report productivity gains of around 14 to 15 percent on average, with higher gains among less experienced workers (Brynjolfsson et al., 2023). In addition, case studies from sectors such as finance and software development indicate that AI driven systems can reduce operational time while improving output quality, thereby reinforcing their potential to transform organisational performance (Singh, 2025).
At the macroeconomic level, these developments are expected to translate into improvements in aggregate productivity and economic growth (Chaar et al., 2025). However, emerging evidence suggests that the relationship between AI adoption and economic performance is neither uniform nor immediate. While firm level gains are increasingly documented, their translation into broader economic outcomes appears to be influenced by a range of structural factors, including institutional quality, labour market dynamics, and the pace of technological diffusion (Georgieva, 2024). This divergence between micro level improvements and macroeconomic performance raises important questions regarding the mechanisms through which technological innovation contributes to economic growth. It also suggests that the benefits of Agentic AI may not be evenly distributed across different economic contexts.
Furthermore, disparities in the adoption and impact of artificial intelligence across countries highlight the uneven nature of technological progress. Developed economies, supported by advanced digital infrastructure and highly skilled workforces, appear to capture a disproportionate share of the benefits associated with AI adoption (Alderete, 2026; Cerutti et al., 2025). In contrast, emerging economies often face constraints that limit their ability to fully leverage these technologies, resulting in slower adoption rates and reduced productivity gains (World Bank Group, 2023). This uneven distribution of benefits raises concerns about the potential for Agentic AI to reinforce existing global inequalities, rather than promote convergence between economies.
In addition to these structural disparities, uncertainty persists regarding the financial returns associated with investments in advanced AI systems. Although firms continue to allocate substantial resources to AI technologies, the extent to which these investments generate sustainable financial value remains unclear (Babina et al., 2024). Some organisations report significant improvements in operational efficiency and profitability following AI adoption, while others experience delayed or inconsistent returns, suggesting that the relationship between technological investment and financial performance is complex and context dependent (Misch et al., 2025). This variability underscores the need for a more nuanced understanding of how Agentic AI contributes to economic value creation at both firm and macroeconomic levels.
These observations point to an underlying problem characterised by uncertainty and uneven outcomes in the economic value generated by Agentic AI. Despite widespread adoption and increasing investment, there is limited clarity regarding how these technologies influence productivity, financial performance, and economic growth across different economies. The persistence of productivity disparities, the inconsistent translation of firm level gains into macroeconomic outcomes, and the variability in financial returns suggest that the mechanisms linking Agentic AI to economic value are not fully understood. This lack of clarity is further compounded by the absence of integrated analyses that combine firm level and macroeconomic perspectives within a comparative framework.
In response to these challenges, this study seeks to provide a comprehensive examination of the economic value generated by Agentic AI. The aim of this study is to evaluate the economic value generated by Agentic AI by analysing its impact on firm level productivity, financial performance, and macroeconomic growth, and to compare the magnitude and distribution of these effects across developed and emerging economies. To achieve this aim, the study is guided by the following objectives:
1. To measure the level of Agentic AI adoption across selected developed and emerging economies.
2. To examine the effect of Agentic AI adoption on productivity and economic performance.
3. To assess the extent to which productivity gains associated with Agentic AI contribute to macroeconomic growth.
4. To compare the magnitude and distribution of economic value generated by Agentic AI across developed and emerging economies.
2. Literature Review
The evolution of artificial intelligence has increasingly moved beyond task-specific automation toward systems capable of autonomous reasoning, planning, and execution, thereby marking a significant shift in its economic role. Recent literature emphasises that Agentic AI represents a new phase in this evolution, characterised by systems that integrate long-term memory, multi-step planning, and environmental interaction to achieve defined objectives with minimal human intervention (Prokopowicz, 2025). According to Korinek (2025), this transition reflects a progression from reactive models to autonomous agents capable of independently executing complex workflows, including data analysis and decision making. However, despite this conceptual advancement, a critical limitation is that much of the existing economic literature continues to treat artificial intelligence as a productivity-enhancing tool rather than an autonomous economic actor. This suggests that prevailing analytical frameworks may inadequately capture the broader implications of Agentic AI for value creation and economic organisation.
Building on this distinction, emerging studies increasingly conceptualise Agentic AI as participating directly in economic processes rather than merely supporting them. For instance, Immorlica et al. (2024) contend that generative AI systems can be modelled as economic agents that influence decision outcomes by interacting with human actors and altering information structures within markets. In agreement, Yang and Zhai (2025) argues that autonomous AI agents are evolving into dynamic participants within economic systems, capable of shaping interactions, decisions, and outcomes across industries. However, in contrast to these perspectives, concerns have been raised regarding the premature attribution of agency to AI systems, particularly given their dependence on predefined goals and human-designed architectures. As noted by Stocker and Lehr (2025), AI agents operate within constraints defined by human principals, which limits their independence and raises questions about the extent to which they can be considered true economic actors. This tension highlights a fundamental conceptual ambiguity within the literature regarding the nature of agency in AI-driven systems.
Moreover, the emergence of Agentic AI has important implications for how value is generated within firms, particularly by shifting the focus from efficiency gains to decision augmentation and strategic optimisation. Traditional models of technological impact emphasise cost reduction through automation, where machines substitute for human labour in repetitive tasks. However, recent evidence suggests that autonomous AI systems enable firms to reconfigure workflows and enhance decision quality, thereby contributing to higher-order value creation (Burnstine, 2025; Abba, et al., 2026; Ogunmolu, et al., 2026). According to Kumar et al. (2026), agentic systems have the capacity to transform organisational processes by enabling adaptive and context-aware decision making across complex environments. Despite this evidence, a critical limitation is that empirical studies often rely on short-term performance indicators, which may not adequately capture the long-term strategic benefits of such systems. This suggests that the economic contribution of Agentic AI may be systematically underestimated in current research.
In addition, the rise of Agentic AI challenges established assumptions regarding the relationship between technology and labour within economic systems. While earlier waves of automation were primarily associated with labour substitution, recent studies indicate that autonomous systems can both complement and reshape human roles by redistributing cognitive tasks between humans and machines. According to Macías (2025), the emergence of agentic approaches in economics shifts analytical focus toward individual-level decision processes, thereby redefining how behaviour and productivity are understood within economic models. However, despite this shift, there remains considerable uncertainty regarding the net impact of these changes on productivity and economic outcomes (Abba, et al., 2026; Lawal et al., 2026; Ogunmolu, et al., 2026). In contrast, some scholars argue that the benefits of Agentic AI are contingent on complementary investments in skills, organisational restructuring, and institutional adaptation, suggesting that technological capability alone is insufficient to drive value creation (Ejiofor et al., 2026; Ejoh, et al., 2026; Henry et al., 2026). This reinforces the argument that the economic impact of Agentic AI is mediated by broader structural conditions.
Furthermore, the classification of Agentic AI as a transformative or general-purpose technology has gained increasing attention in recent literature, particularly in relation to its potential to generate widespread economic spillovers. According to Prokopowicz (2025), agentic systems are becoming central to digital ecosystems, influencing sectors ranging from public administration to industrial production. In agreement, Xu (2026) proposes the concept of an “agent economy,” in which autonomous AI systems interact as economic participants capable of executing transactions and coordinating activities within decentralised networks. However, despite these theoretical advances, empirical validation of such claims remains limited. A critical limitation is that the diffusion of Agentic AI technologies is uneven across firms and economies, with adoption largely concentrated in technologically advanced environments (Ejoh & Henry, 2026). This uneven diffusion raises important questions about the scalability and inclusiveness of Agentic AI-driven economic transformation.
Another important dimension of the Agentic AI paradigm lies in its implications for market structures and coordination mechanisms. Autonomous agents have the potential to alter how information is processed and decisions are made within markets, thereby influencing efficiency and competition. According to McDavid et al. (2026) , the integration of AI agents into market systems raises fundamental questions regarding knowledge aggregation and trust, as these systems mediate interactions between economic actors. However, in contrast to the view that AI enhances market efficiency, concerns have been raised regarding the potential for algorithmic coordination, reduced transparency, and new forms of market power (Ejoh, et al., 2026). This suggests that while Agentic AI may improve decision-making efficiency, it may also introduce new risks that challenge existing economic assumptions.
Finally, the conceptualisation of Agentic AI as an economic paradigm shift necessitates a reconsideration of existing theoretical frameworks used to analyse technological change. Much of the current literature remains grounded in models that assume incremental improvements in productivity, which may not adequately capture the discontinuities introduced by autonomous systems. According to Korinek (2025), the ability of AI agents to independently conduct complex tasks such as research, data analysis, and decision making represents a fundamental shift in the role of technology within economic systems. However, despite these insights, there remains limited integration of such capabilities into broader models of economic growth and value distribution. This gap suggests that existing theories may need to be extended to account for the unique characteristics of Agentic AI, particularly its capacity for autonomy, adaptability, and participation in economic processes.
Agentic AI, Productivity, and Economic Performance
Recent empirical research provides growing evidence that advanced artificial intelligence systems, particularly generative and agent-like models, can significantly enhance productivity at the task and operational levels. According to Noy and Zhang (2023), the use of AI tools in professional writing tasks reduced completion time by approximately 40 percent while improving output quality by about 18 percent, indicating substantial efficiency gains in cognitive work. In agreement, related studies demonstrate that AI-assisted environments enable faster task execution and improved consistency in output across routine knowledge-based activities. However, despite this strong micro-level evidence, a critical limitation is that such productivity gains are often context-specific and may not generalise across broader organisational or sectoral settings (Nduka et al., 2026). This suggests that while Agentic AI enhances individual performance, its aggregate productivity implications depend on the extent of diffusion and integration across economic systems.
Building on these findings, more recent studies provide evidence that AI adoption contributes to improvements in organisational and sectoral productivity, thereby offering insights into its potential macroeconomic relevance. For instance, Fang et al. (2025) show that AI integration in online retail environments can increase sales by up to 16.3 percent, reflecting measurable improvements in efficiency and output. Similarly, Bono et al. (2024) find that AI deployment reduces task resolution time by over 30 percent in operational settings, indicating enhanced responsiveness and workflow optimisation. However, in contrast to the assumption of uniform benefits, these gains are not evenly distributed. Evidence suggests that organisations with lower initial productivity or technological maturity often experience greater relative improvements, while highly optimised environments exhibit diminishing marginal returns (Fang et al., 2025). This heterogeneity highlights an important limitation, suggesting that the productivity effects of Agentic AI are contingent on pre-existing capabilities and may lead to uneven aggregate outcomes across sectors and economies.
Moreover, the relationship between AI-driven productivity gains and economic performance remains complex and, in some cases, ambiguous. While improvements in efficiency are expected to translate into higher economic value, recent studies suggest that this linkage is neither automatic nor immediate. According to Calvino et al. (2025), productivity gains associated with AI adoption do not always result in proportional improvements in economic performance due to factors such as implementation costs, organisational restructuring, and adjustment frictions. In agreement, Dorta-González et al. (2024) contend that the economic impact of AI depends significantly on how productivity improvements are leveraged within broader strategic and operational frameworks. This suggests that productivity gains alone are insufficient indicators of economic value, reinforcing the need to examine the mechanisms through which these gains translate into measurable performance outcomes at both organisational and aggregate levels.
Furthermore, the literature increasingly emphasises the role of complementary capabilities in determining the extent to which AI-driven productivity gains translate into economic value. According to Naqbi et al. (2024), the effective deployment of AI requires investments in data infrastructure, human capital, and organisational processes, which collectively enable firms to realise sustained performance improvements. In contrast, organisations that adopt AI without aligning it with broader strategic and structural adjustments often experience limited or inconsistent benefits (Ejoh, 2026). This aligns with broader evidence suggesting that technological adoption alone does not guarantee productivity growth, particularly in the absence of complementary assets and institutional support. A critical limitation in existing studies, however, is the insufficient integration of these factors into empirical models, which contributes to inconsistent findings regarding the economic impact of AI.
In addition, the productivity effects of Agentic AI raise important questions regarding the nature and distribution of value creation within economic systems. Autonomous AI systems enhance decision-making processes by enabling real-time data analysis and predictive capabilities, thereby improving resource allocation and strategic planning (Henry, 2026). However, despite these advantages, empirical evidence indicates that the benefits of AI are unevenly distributed across tasks, workers, and organisations. Nakavachara et al. (2024) show that lower-skilled workers often experience greater productivity gains, while higher-skilled workers may face limited or even negative effects in certain contexts. This suggests that the productivity impact of Agentic AI is not only heterogeneous but also shaped by the interaction between human capabilities and technological systems, with implications for aggregate productivity and income distribution.
Agentic AI has the potential to enhance productivity and economic performance, its effects are mediated by a range of organisational, structural, and contextual factors. Importantly, much of the existing evidence is derived from firm-level and task-based studies, which provide valuable insights into the mechanisms through which AI influences productivity (Ogunmolu, et al., 2026). However, the extent to which these micro-level gains translate into broader economic outcomes remains contingent on diffusion, complementary investments, and institutional conditions, thereby underscoring the need for macro-level analysis.
From Firm-Level Productivity to Economic Growth
The relationship between artificial intelligence-driven productivity gains at the firm level and broader macroeconomic growth has become a central issue in recent economic literature. While micro-level evidence consistently demonstrates improvements in efficiency and output, the extent to which these gains aggregate into sustained economic growth remains contested. According to recent analysis by the OECD, artificial intelligence has the potential to revive stagnant productivity growth in advanced economies, particularly by enhancing efficiency across multiple sectors (Filippucci et al., 2024). In agreement, projections suggest that AI could contribute between 0.25 and 0.6 percentage points to annual productivity growth over the next decade, indicating a meaningful but not transformative macroeconomic effect (Filippucci, Gal, & Schief, 2024). However, despite this evidence, a critical limitation is that these estimates rely heavily on extrapolating firm-level gains, which may not fully capture the complexities of economic aggregation.
Building on this, recent studies have emphasised the importance of transmission mechanisms that link firm-level productivity improvements to aggregate economic performance. According to Filippucci et al. (2024), the macroeconomic impact of AI depends on factors such as sectoral exposure, adoption rates, and inter-industry linkages, which collectively determine how productivity gains diffuse across the economy  . In contrast, simplified models that assume uniform diffusion often overestimate the growth effects of AI. This suggests that the translation of productivity gains into economic growth is mediated by structural characteristics of the economy, including the composition of industries and the degree of technological integration. Therefore, although firm-level efficiency improvements are necessary, they are not sufficient conditions for sustained macroeconomic growth.
Moreover, empirical evidence indicates that the aggregate impact of AI on economic growth is highly sensitive to the pace and breadth of adoption. According to IMF estimates, AI-driven productivity gains could increase output growth by up to 1.3 percentage points annually in some economies, particularly those with high levels of technological readiness (Misch et al., 2025). However, in contrast, under conditions of partial or uneven diffusion, global GDP is projected to increase by only about 1.3 percent over a ten-year period, compared to significantly higher gains under widespread adoption, thus suggesting that firm-level productivity improvements do not automatically translate into substantial macroeconomic growth, particularly when adoption is fragmented across sectors and economies (Cerutti et al., 2025). This divergence highlights a critical limitation in the literature, suggesting that the economic benefits of AI are contingent on widespread and coordinated adoption rather than isolated firm-level implementation. Consequently, the macroeconomic impact of Agentic AI cannot be fully understood without considering the broader diffusion dynamics within and across economies.
In addition, the assumption that productivity gains automatically translate into economic growth has been increasingly challenged in recent theoretical work. For example, Barkan (2024) demonstrates that under certain conditions, increases in productivity driven by automation can lead to higher profits without corresponding increases in total output, particularly in markets characterised by monopolistic structures  . This finding challenges conventional growth models by suggesting that productivity improvements may not always result in expanded economic activity. Similarly, Korinek (2024) argues that the benefits of AI may be concentrated in capital-intensive sectors, thereby limiting their broader economic impact unless accompanied by complementary policy interventions (Korinek, 2024). These perspectives highlight the importance of considering market structure and distributional dynamics when assessing the growth implications of AI.
Furthermore, the uneven distribution of AI-driven productivity gains across sectors introduces additional complexities in the micro-to-macro linkage. According to recent OECD analysis, productivity improvements tend to be concentrated in sectors with high exposure to AI, such as finance, information technology, and professional services, while other sectors experience minimal gains (Filippucci et al., 2025). In contrast, sectors with low technological readiness may lag behind, creating imbalances that limit overall economic growth. This suggests that sectoral heterogeneity plays a significant role in determining the aggregate impact of AI, reinforcing the argument that macroeconomic outcomes depend on the distribution as well as the magnitude of productivity gains.
Finally, the broader economic implications of AI-driven productivity gains are shaped by institutional and policy environments that influence how these gains are translated into growth. According to Georgieva (2024), the impact of AI on economic performance is mediated by factors such as labour market flexibility, regulatory frameworks, and investment in human capital. However, despite recognition of these factors, a critical limitation is that existing empirical studies often treat them as exogenous variables rather than integral components of the growth process. This suggests that the current literature may underestimate the role of institutional conditions in shaping the economic outcomes of Agentic AI adoption.
Uneven Value Distribution: Developed and Emerging Economies
The economic impact of artificial intelligence is increasingly characterised by uneven value distribution across countries, reflecting deep structural asymmetries in technological capacity, capital access, and institutional readiness. Filippucci et al. (2024) highlight that AI development and deployment are highly concentrated among a small number of technologically advanced economies and large firms, leading to disparities in both adoption and economic gains. In agreement, Anzolin et al. (2024) emphasise that advanced economies dominate AI research, infrastructure, and investment, while developing economies are often positioned as adopters rather than innovators. However, despite the global diffusion of digital technologies, this concentration suggests that the benefits of Agentic AI may be structurally skewed, reinforcing existing economic hierarchies rather than enabling widespread convergence.
Building on this, empirical evidence increasingly links AI adoption to widening economic inequality at both global and domestic levels. According to Zandieh (2026), AI contributes to inequality through mechanisms such as labour market polarisation, concentration of data ownership, and technological asymmetries between economies. In contrast to earlier technological waves that enabled broader industrial participation, the current AI ecosystem appears to favour economies with strong digital infrastructure and high levels of human capital. This suggests that while AI enhances productivity, its gains are not evenly distributed, particularly in contexts where structural constraints limit effective adoption. A critical limitation in existing studies, however, is the tendency to treat inequality as an outcome rather than an embedded feature of technological systems, thereby underestimating its persistence.
Moreover, differences in technological readiness and institutional capacity play a crucial role in shaping how economies capture value from AI. The study of Mawla (2025) shows that countries with higher levels of infrastructure, data availability, and governance readiness experience stronger positive effects of AI on GDP growth, whereas countries lacking these conditions face significant barriers. In agreement, Liu (2024) indicate that the ability of emerging economies to benefit from AI depends on complementary investments in education, regulation, and digital infrastructure. However, despite this evidence, the assumption that technology diffusion will naturally lead to convergence remains questionable. This suggests that without deliberate policy intervention, Agentic AI may amplify rather than reduce global economic disparities.
In addition, the global production structure of artificial intelligence reveals patterns of value extraction that resemble historical core–periphery dynamics. Casilli et al. (2024) demonstrate that while high-value AI development activities are concentrated in advanced economies, lower-income countries often participate through data-related labour, such as annotation and content moderation, under less favourable economic conditions (Ogunmolu, et al., 2026). This division of labour implies that value creation and value capture are geographically separated, with developing economies contributing to production processes without proportionate financial returns. In contrast, proponents of AI-driven globalisation argue that participation in digital value chains can provide opportunities for economic upgrading. Nevertheless, the persistence of asymmetrical value capture suggests that such benefits may be limited in the absence of structural transformation.
Furthermore, the distribution of AI-driven gains is influenced by market concentration and the growing dominance of large technology firms. Evidence indicates that firms controlling data, computing infrastructure, and intellectual property capture a disproportionate share of the economic value generated by AI, thereby reinforcing inequalities both within and across economies (Olaniyi et al., 2026). In contrast, smaller firms and economies with limited access to these resources face significant barriers to entry, reducing their ability to compete and benefit from AI-driven innovation. This suggests that the economic impact of Agentic AI is not only shaped by technological capability but also by market structure and power dynamics.
The uneven distribution of AI benefits raises important questions regarding the inclusiveness of technological progress and its implications for long-term economic development. While some studies suggest that AI-driven productivity gains could support growth in emerging economies, particularly by offsetting structural inefficiencies, others emphasise the risk of widening income and opportunity gaps (Yi & Ayangbah, 2024). This divergence reflects an ongoing debate within the literature regarding whether AI serves as a convergence mechanism or a force that reinforces existing inequalities. The persistence of structural barriers, combined with the concentration of technological capabilities, suggests that the economic value generated by Agentic AI is likely to be unevenly distributed, thereby necessitating a more critical examination of its role in shaping global economic outcomes.
3. Methodology
This study adopts a quantitative panel data approach to evaluate the economic value of Agentic AI by examining its effects on firm-level productivity, financial performance, and macroeconomic growth across developed and emerging economies. The analysis is structured to establish a micro–macro linkage, combining firm-level and country-level data within an integrated empirical framework.
A balanced panel dataset covering the period 2015–2024 was constructed using publicly available sources. Country-level variables were obtained from the World Bank’s World Development Indicators, while firm-level indicators were drawn from the World Bank Enterprise Surveys. The sample includes both developed and emerging economies to enable comparative analysis.
To measure Agentic AI adoption, a composite index was constructed using indicators of AI investment intensity, business adoption, and innovation output. Each component was normalised using min–max scaling:
X_norm=(X_i-X_min)/(X_max-X_min)
The overall AI Adoption Index was then computed as:
AI_Index_it=(1/3)(AI_inv_it+AI_adopt_it+AI_patent_it)
where AI_Index_it represents the level of AI adoption in country i at time t.
Firm-level analysis was conducted to estimate the impact of AI adoption on productivity and financial performance. Productivity was measured as revenue per employee:
RevenueEmp_it=Revenue_it/Employees_it
and financial performance was proxied using return on assets:
ROA_it=NetIncome_it/TotalAssets_it
The relationship between AI adoption and firm outcomes was estimated using a fixed effects panel regression model:
Y_it=β0+β1AI_it+β2X_it+μ_i+ε_it
where Y_it represents firm-level outcomes, AI_it captures AI adoption, X_it is a vector of control variables (firm size and capital intensity), μ_i represents unobserved firm-specific effects, and ε_it is the error term.
At the macroeconomic level, the study employs a mediation framework to examine the transmission mechanism linking AI adoption, productivity, and economic growth. The first stage estimates the effect of AI on productivity:
Productivity_it=β0+β1AI_Index_it+β2Z_it+μ_i+ε_it
The second stage evaluates the contribution of productivity to economic growth:
Growth_it=β0+β1Productivity_it+β2AI_Index_it+β3Z_it+μ_i+ε_it
where Growth_it denotes GDP growth, Productivity_it is GDP per person employed, and Z_it includes macroeconomic controls such as capital formation, trade openness, and inflation.
The mediation effect is confirmed if the following conditions hold:
(i) β1 in the first equation is statistically significant;
(ii) β1 in the second equation is statistically significant; and
(iii) the coefficient of AI_Index_it decreases in magnitude when Productivity_it is included.
The indirect effect of AI on growth is computed as:
Indirect Effect = (β_AI→Prod × β_Prod→Growth)

To assess cross-country differences in economic value, a comparative panel regression model with an interaction term was estimated:
Growth_it=β0+β1AI_Index_it+β2(AI_Index_it×D_i)+β3Z_it+μ_i+ε_it
where D_i is a dummy variable equal to 1 for developed economies and 0 otherwise. The total effect of AI in developed economies is given by:
Total Effect = β1+β2
In addition, distributional differences were examined using quantile regression:
Q_τ(Growth_it|X_it)=β0(τ)+β1(τ)AI_Index_it+β2(τ)Z_it
where τ represents different points of the conditional distribution (e.g., 0.25, 0.50, 0.75), allowing for the analysis of heterogeneous effects across economies.
All models were estimated using fixed effects techniques to control for unobserved heterogeneity across countries and firms. Robust standard errors were applied to address heteroskedasticity, and standard diagnostic tests were conducted to ensure model validity.

4. Results and Discussions
To measure the level of agentic AI adoption as in objective one, a quantitative composite index approach was adopted, integrating indicators of AI investment, business adoption, and innovation output across selected developed and emerging economies over the period 2015–2024. The index enables standardized cross-country comparison of Agentic AI adoption intensity.
Table 1: Agentic AI Adoption Index Across Selected Economies
	Country
	Year
	AI Investment
	Adoption
	Patents
	AI Index

	USA
	2024
	2.8
	42
	135
	0.94

	UK
	2024
	2.0
	36
	105
	0.87

	Germany
	2024
	2.3
	38
	120
	0.90

	Japan
	2024
	2.2
	37
	125
	0.89

	South Korea
	2024
	2.9
	43
	150
	0.96

	India
	2024
	1.4
	25
	55
	0.68

	Brazil
	2024
	1.1
	21
	45
	0.61

	South Africa
	2024
	0.9
	20
	40
	0.58

	Indonesia
	2024
	0.8
	19
	35
	0.55

	Nigeria
	2024
	0.6
	14
	28
	0.49


Note. AI Adoption Index constructed using normalized indicators of AI investment, business adoption, and innovation output (patents).
As shown in Table 1, developed economies consistently exhibit higher AI adoption index values relative to emerging economies.
[image: ] Figure 1. Relationship between AI investment intensity and AI adoption index across countries.
Figure 1 illustrates a strong positive relationship between AI investment intensity and overall adoption levels. Developed economies cluster at higher investment and index values, indicating more advanced and integrated AI ecosystems.
[bookmark: _jxcf25hvtwp]Table 2: Average AI Adoption Index by Economic Classification (2024)
	Group
	Mean AI Index (2024)

	Developed
	0.91

	Emerging
	0.58


Note. Values represent group averages based on country-level AI adoption indices.
As indicated in Table 2, there is a substantial gap in adoption levels between developed and emerging economies, with developed economies exhibiting significantly higher average adoption intensity.

[image: ]Figure 2. Distribution of AI adoption levels across developed and emerging economies.

Figure 2 shows the distribution of AI adoption, with developed economies demonstrating higher and more concentrated levels, while emerging economies display lower and more dispersed adoption patterns.
The results consistently indicate that while global AI adoption is increasing, significant structural disparities persist between developed and emerging economies in both magnitude and distribution.
To observe agentic AI’s effect on firm-level productivity and financial performance, a fixed effects panel regression approach was adopted to evaluate the relationship between Agentic AI adoption and firm-level productivity and financial performance indicators.
Table 3: Effect of Agentic AI on Firm-Level Productivity
	Variable
	Coefficient
	Std. Error
	t-stat
	Significance

	AI Adoption
	0.18
	0.05
	3.60
	***

	Firm Size
	0.12
	0.04
	3.00
	***

	Capital Intensity
	0.09
	0.03
	3.10
	***


Note. Coefficients estimated using fixed effects panel regression. Standard errors are robust. *p < 0.10, **p < 0.05, ***p < 0.01.
As presented in Table 3, AI adoption demonstrates a positive and statistically significant effect on firm-level productivity, indicating that increased adoption is associated with higher revenue per employee. The magnitude and significance of the coefficient suggest that AI functions as a key driver of operational efficiency within firms.
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Figure 3. Relative contribution of AI adoption, firm size, and capital intensity to firm performance.
Figure 3 illustrates the relative contribution of key drivers of firm performance, highlighting that AI adoption exerts the strongest influence compared to firm size and capital intensity. This indicates that beyond traditional production factors, AI adoption plays a central role in enhancing firm-level output.
Table 4: Heterogeneity in AI Effects Across Economic Groups
	Group
	AI Effect on Productivity

	Developed
	0.24***

	Emerging
	0.11**


Note. Estimates represent group-specific regression coefficients. *p < 0.10, **p < 0.05, ***p < 0.01.
As shown in Table 4, the effect of AI adoption is significantly stronger in developed economies compared to emerging economies, indicating variation in the magnitude of productivity gains across different economic contexts.
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Figure 4. Comparative effect of AI adoption on productivity across developed and emerging economies.
Figure 4 further highlights the disparity in AI-driven productivity effects, with developed economies exhibiting a substantially higher impact relative to emerging economies. The visual gap between the two groups reflects structural differences in the ability to translate AI adoption into measurable economic value.
As revealed by statistical analysis, the findings indicate that while Agentic AI contributes positively to firm-level productivity and performance, the extent of these gains varies across economic contexts, reflecting differences in technological capability, infrastructure, and complementary assets that shape the effectiveness of AI deployment.
To identify the contribution of AI-driven productivity to macroeconomic growth, a mediation panel regression framework was employed to examine the extent to which AI-driven productivity contributes to macroeconomic growth, focusing on the transmission mechanism linking AI adoption, productivity, and GDP growth.
[bookmark: _nrobojub58x4]Table 5: Effect of Agentic AI Adoption on Productivity (Mediation Model – Stage 1)

	Variable
	Coefficient
	Std. Error
	t-stat
	Significance

	AI Adoption Index
	0.27
	0.06
	4.50
	***

	Capital Formation
	0.18
	0.05
	3.60
	***

	Trade Openness
	0.11
	0.04
	2.75
	**

	Inflation
	-0.05
	0.02
	-2.50
	**


Note. Coefficients estimated using fixed effects panel regression. Standard errors are robust. *p < 0.10, **p < 0.05, ***p < 0.01.
As presented in Table 5, AI adoption exhibits a positive and statistically significant effect on productivity, indicating that higher levels of AI integration are associated with increased output per worker.
[image: ]
Figure 5. Transmission pathway from AI adoption to productivity and economic growth.
Figure 5 illustrates the transmission pathway from AI adoption to productivity and subsequently to economic growth, with the relative magnitude of effects indicating that the productivity channel plays a dominant role.
[bookmark: _qozofx33m48f]Table 6
Effect of Productivity on Economic Growth (Mediation Model – Stage 2)
	Variable
	Coefficient
	Std. Error
	t-stat
	Significance

	Productivity
	0.35
	0.08
	4.38
	***

	AI Adoption Index
	0.09
	0.05
	1.80
	*

	Capital Formation
	0.14
	0.05
	2.80
	**

	Trade Openness
	0.10
	0.04
	2.50
	**

	Inflation
	-0.06
	0.02
	-3.00
	***


Note. Dependent variable is GDP growth (annual %). Coefficients estimated using fixed effects panel regression. Standard errors are robust. *p < 0.10, **p < 0.05, ***p < 0.01.
As shown in Table 6, productivity has a strong and statistically significant effect on economic growth, while the direct effect of AI adoption becomes weaker, indicating the presence of a mediated relationship.
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Figure 6. Relative strength of direct and indirect effects of AI on economic growth.
Figure 6 further highlights the relative strength of the relationships, demonstrating that the indirect effect of AI through productivity is more substantial than its direct contribution to growth.
This evidence indicates that AI-driven productivity serves as a critical transmission mechanism linking technological adoption to macroeconomic outcomes, with the strength of this pathway reflecting the broader structural conditions that influence how productivity gains are translated into economic growth.
A quantitative comparative panel regression framework was adopted to evaluate differences in the magnitude and distribution of economic value generated by Agentic AI across developed and emerging economies.
[bookmark: _kpbi2z87vxfy]Table 7: Differential Impact of Agentic AI on Economic Growth Across Economic Groups
	Variable
	Coefficient
	Std. Error
	t-stat
	Significance

	AI Adoption Index
	0.15
	0.05
	3.00
	***

	AI × Developed Dummy
	0.18
	0.06
	3.00
	***

	Capital Formation
	0.13
	0.04
	3.25
	***

	Trade Openness
	0.09
	0.03
	3.00
	***

	Inflation
	-0.07
	0.02
	-3.50
	***


As presented in Table 7, AI adoption has a positive and statistically significant effect on economic growth, with a substantially larger effect observed in developed economies through the interaction term.
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Figure 7. Comparative growth effects of AI adoption across developed and emerging economies.
Figure 7 illustrates the differential growth effects of AI adoption, showing a steeper relationship for developed economies compared to emerging economies.
[bookmark: _1unr5iui8rak]Table 8: Distributional Effects of AI on Economic Growth (Quantile Regression)
	Quantile
	Developed
	Emerging

	25th
	0.12**
	0.04

	50th
	0.26***
	0.10**

	75th
	0.42***
	0.17**


As shown in Table 8, the impact of AI varies across the distribution, with stronger effects observed at higher quantiles, particularly in developed economies.
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Figure 8: Distribution of AI-driven growth effects across economic performance levels.
Figure 8 highlights the distributional differences in AI-driven growth effects, indicating that higher-performing economies experience disproportionately larger benefits.
These findings demonstrate that while Agentic AI contributes to economic growth, the magnitude and distribution of these effects differ significantly across economic contexts, reflecting underlying structural and technological disparities.

Discussion 
The findings of this study provide a coherent empirical response to the central question raised in the introduction regarding whether Agentic AI serves as a mechanism for economic convergence or reinforces existing structural inequalities. Consistent with the theoretical framing rooted in World-Systems Theory, the results indicate that both the adoption and economic value of Agentic AI remain unevenly distributed, thereby supporting the argument that technological advancement tends to follow established patterns of economic concentration rather than disrupt them. Evidence from Table 1, together with the clustering patterns observed in Figure 1 and the distributional differences illustrated in Figure 2, demonstrates that developed economies maintain a clear advantage in AI adoption intensity. This aligns with Filippucci et al. (2024), who argue that AI capabilities are concentrated in technologically advanced economies, and with Anzolin et al. (2024), who note that developing economies largely participate as adopters rather than innovators within the global AI ecosystem.
However, while the literature often presents this disparity descriptively, the present findings extend this perspective by quantifying the magnitude of the adoption gap and linking it directly to economic outcomes. This becomes particularly evident in the firm-level analysis. As shown in Table 3, AI adoption has a positive and statistically significant effect on productivity, reinforcing prior evidence from Brynjolfsson et al. (2023), who demonstrate substantial productivity gains from AI-assisted work, and Noy and Zhang (2023), who report improvements in both efficiency and output quality. Figure 3 further supports this relationship by illustrating that AI adoption contributes more strongly to firm performance than traditional inputs such as firm size and capital intensity. This suggests that Agentic AI is not merely augmenting existing production processes but is increasingly functioning as a central driver of value creation within firms.
At the same time, the results reveal an important divergence across economic contexts. Table 4 shows that the productivity effect of AI is significantly stronger in developed economies than in emerging economies. This finding is consistent with Naqbi et al. (2024), who emphasise the importance of complementary investments in human capital, infrastructure, and organisational capability for realising the benefits of AI. Similarly, Fang et al. (2025) argue that technologically advanced environments are better positioned to convert AI adoption into measurable performance gains. Figure 4 reinforces this disparity by clearly illustrating the gap in productivity effects between the two groups. In practical terms, this pattern reflects real-world conditions, where firms in advanced economies are able to deploy AI in complex, decision-intensive processes, while firms in emerging economies often face constraints that limit adoption to more basic or fragmented applications.
The mediation analysis provides further insight into the mechanisms through which AI influences macroeconomic outcomes. As shown in Table 5, AI adoption has a strong and statistically significant effect on productivity, while Table 6 demonstrates that productivity exerts a substantial influence on economic growth. Importantly, the reduction in the direct coefficient of AI in Table 6 indicates that the relationship between AI and growth operates primarily through a productivity channel. This is visually reinforced in Figure 5 and Figure 6, where the indirect pathway from AI to growth via productivity is shown to be stronger than the direct effect. These findings align with Filippucci et al. (2024), who argue that the macroeconomic impact of AI depends on the transmission of firm-level gains through productivity mechanisms, and with Cerutti et al. (2025), who highlight the importance of diffusion processes in translating technological improvements into aggregate growth.
Nevertheless, the results also challenge more optimistic assumptions within the literature that technological adoption leads directly to economic expansion. Although projections by institutions such as the IMF (2024) suggest significant growth potential from AI, the relatively weak direct effect observed in Table 6 indicates that such outcomes are conditional rather than automatic. This finding is consistent with Calvino et al. (2025), who emphasise the role of implementation costs, organisational restructuring, and adjustment frictions in shaping the economic returns to AI. In real-world contexts, this is reflected in the lag between firm-level productivity improvements and measurable macroeconomic growth, particularly in economies where structural conditions limit the diffusion of technological gains.
The comparative analysis further strengthens the argument that the economic value of Agentic AI is unevenly distributed across countries. As shown in Table 7, the interaction effect between AI adoption and economic classification indicates that the growth impact of AI is significantly larger in developed economies. Figure 7 illustrates this difference clearly, with a steeper relationship between AI adoption and growth in developed contexts. These findings are consistent with Zandieh (2026), who identifies technological asymmetry and capital concentration as key drivers of inequality in AI-driven economies. They also support Mawla (2025), who demonstrates that institutional readiness and infrastructure significantly influence the ability of countries to capture value from AI adoption.
The distributional analysis presented in Table 8 provides an additional layer of insight by showing that the benefits of AI are not only uneven across countries but also concentrated within higher-performing segments of the economic distribution. Figure 8 illustrates that the magnitude of AI-driven growth effects increases substantially across higher quantiles, particularly in developed economies. This pattern suggests that AI amplifies existing advantages, allowing already productive economies to capture disproportionately larger gains. Conversely, the relatively weak effects observed at lower quantiles in emerging economies indicate that many countries do not experience meaningful growth benefits from AI adoption. This finding aligns with Liu (2024), who argues that without adequate institutional and infrastructural support, the diffusion of advanced technologies is unlikely to generate broad-based economic gains.
Thus, while prior studies have often examined these relationships in isolation, this study demonstrates how they interact to produce differentiated economic outcomes across countries. The results therefore reinforce the view that Agentic AI is not a neutral technological force but one that interacts with existing structural conditions in ways that shape both the magnitude and distribution of economic value across the global economy.
5. Conclusion and Recommendation   
The findings demonstrate that while Agentic AI significantly enhances firm-level productivity and contributes to economic growth, its benefits are largely mediated through productivity and unevenly distributed across economies, with developed countries capturing disproportionately greater value due to stronger structural and institutional capacities. These results indicate that Agentic AI, rather than narrowing global disparities, reinforces existing economic hierarchies through differential adoption and value capture.
Building on these insights, the following recommendations are proposed:
1. Governments in emerging economies should invest in digital infrastructure and human capital to strengthen the absorptive capacity required for effective AI adoption.
2. Firms should integrate AI alongside organisational restructuring to fully realise productivity gains.
3. Policymakers should implement inclusive innovation policies that promote wider diffusion of AI technologies across sectors.
4. International institutions should support technology transfer and capacity-building initiatives to reduce global AI inequality.
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