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Abstract: 

Artificial intelligence (AI) is increasingly viewed as a major source of productivity growth, yet its broader macroeconomic 

implications remain uncertain. This paper examines whether AI-driven productivity gains can coexist with 
macroeconomic and financial stability. Rather than treating AI as a neutral technological improvement, the study 

conceptualizes it as a non-neutral technological shock affecting productivity, income distribution, market concentration, 

aggregate demand, and systemic financial risk. 

The paper develops an integrated analytical framework linking these channels and complements it with a stylized dynamic 

model and numerical simulations under alternative AI-adoption scenarios. The results illustrate that stronger AI adoption 

can generate substantial productivity gains while simultaneously reducing the labor share and increasing systemic 

financial risk when technological benefits are unevenly distributed and financial vulnerabilities accumulate. However, 

this relationship is not deterministic: institutional and regulatory stabilization can significantly mitigate these adverse 

effects. 

The central finding is therefore that AI-driven productivity growth and macro-financial stability are compatible, but their 

coexistence is conditional rather than automatic. The long-run effects of AI depend critically on the diffusion of 

productivity gains, income distribution, market structure, and the capacity of institutions and financial regulation to adapt 
to technological transformation. 

 

Keywords: Artificial Intelligence; Productivity; Labor Share; Income Inequality; Systemic Risk; Macroeconomic 

Stability. 
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Introduction:  

Artificial intelligence (AI) is emerging as one of the most significant technological transformations of the contemporary 

economy. Advances in machine learning, generative AI, automation, and data-driven decision-making are reshaping 

production processes, organizational structures, labor markets, and financial systems. By improving information 
processing, automating a growing range of cognitive and routine tasks, and enhancing the efficiency of resource 

allocation, AI has the potential to generate substantial productivity gains and contribute to long-run economic growth 

(Acemoglu, 2024; Filippucci et al., 2024). 

However, the macroeconomic consequences of AI remain fundamentally uncertain. Higher technological efficiency does 

not necessarily translate automatically into stronger, more inclusive, and more stable economic growth. The magnitude 

of aggregate productivity gains depends on the speed and breadth of AI diffusion across firms, sectors, and workers. 

Differences in access to data, computing infrastructure, complementary skills, organizational capabilities, and financial 

resources may generate substantial heterogeneity in adoption and productivity outcomes. As a result, the benefits of AI 

may remain concentrated among a relatively limited number of firms and sectors rather than diffusing uniformly 

throughout the economy (Filippucci et al., 2024; Filippucci et al., 2025). 
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The distributional consequences of AI constitute a second important source of uncertainty. Unlike a neutral technological 

improvement that raises factor productivity uniformly, AI can substitute for certain tasks while complementing others. 

Such asymmetric effects may alter the relative demand for different types of labor, affect wage structures, and modify the 

distribution of income between labor and capital. If AI-driven productivity gains accrue disproportionately to capital 

owners, highly skilled workers, or technologically dominant firms, the labor share of income may decline and income 

inequality may increase (Cazzaniga et al., 2024; Cornelli et al., 2023; Rockall et al., 2025). 

These distributional changes are not merely social consequences of technological transformation; they may also have 

significant macroeconomic effects. Because lower- and middle-income households generally exhibit a higher propensity 

to consume, a shift in income toward higher-income groups may weaken aggregate consumption relative to productive 

capacity. Consequently, an economy may experience rising productivity while simultaneously facing insufficient 
aggregate demand. In this sense, the distribution of AI-generated productivity gains becomes an important transmission 

channel linking technological change to macroeconomic performance. 

Beyond the real economy, AI may also affect financial stability. The concentration of technological capabilities, market 

power, and expected future profits in a limited number of firms may generate strong valuation asymmetries in financial 

markets. Expectations surrounding AI-related productivity gains can attract large volumes of investment toward 

technology-intensive firms and sectors, potentially contributing to asset-price inflation and speculative dynamics. At the 

same time, greater income concentration may generate excess savings that seek financial investment opportunities, 

reinforcing demand for financial assets and potentially increasing leverage and systemic exposure.  

The macroeconomic implications of AI therefore cannot be understood solely through its direct effect on productivity. AI 

simultaneously influences production, income distribution, aggregate demand, market structure, expectations, and 

financial dynamics. These dimensions are interconnected through feedback mechanisms that may either reinforce the 
benefits of technological progress or generate new forms of macroeconomic and financial vulnerability. These interactions 

are consistent with recent analyses emphasizing the joint productivity, distributional, and macro-financial implications of 

AI (Filippucci et al., 2024; Aldasoro et al., 2024).  

This leads to the central research question of the paper: 

Can AI-driven productivity gains coexist with macroeconomic and financial stability, or can the same technological 

forces that enhance productivity also generate distributional imbalances and systemic vulnerabilities? 
This paper addresses this question by developing an integrated analytical framework in which AI is conceptualized as a 

non-neutral technological shock affecting productivity, income distribution, market structure, aggregate demand, and 

financial dynamics simultaneously. Rather than examining these dimensions in isolation, the analysis focuses on the 

interactions and feedback mechanisms linking them. In particular, AI-driven productivity gains may coexist with a 

declining labor share, rising inequality, weaker aggregate demand, greater market concentration, and increased financial 

vulnerability. 
The main contribution of the paper is threefold. First, it develops a unified framework connecting AI-driven productivity 

growth with distributional and financial-stability mechanisms. Second, it identifies the labor share, income distribution, 

and market concentration as important transmission channels through which AI may affect macroeconomic stability. 

Third, it introduces a stylized dynamic model linking AI adoption, aggregate productivity, the labor share of income, and 

systemic financial risk. Numerical simulations under alternative AI-adoption scenarios are used to illustrate how stronger 

technological adoption may simultaneously increase productivity and generate distributional and financial pressures, 

while also highlighting the stabilizing role of institutional and regulatory capacity. 

The central proposition of the paper is therefore that “AI-driven productivity growth and macro-financial stability are 

compatible, but their coexistence is conditional rather than automatic”. The long-run effects of AI depend not only on 

the magnitude of productivity gains, but also on their diffusion across firms and workers, their distributional 

consequences, the structure of markets, and the capacity of institutions and financial regulation to adapt to technological 
transformation. 

The remainder of the paper is organized as follows. Section II reviews the relevant literature on AI, productivity, 

distribution, and financial stability. Section III conceptualizes AI as a non-neutral technological shock. Section IV 

examines its effects on productivity and economic growth, with particular attention to diffusion constraints. Section V 

analyzes the distributional consequences of AI and their implications for aggregate demand. Section VI examines the 

mechanisms linking AI to systemic financial risk. Section VII develops an integrated framework connecting productivity, 

inequality, market concentration, and systemic stability. Section VIII introduces a stylized dynamic model and provides 

a numerical illustration under alternative AI-adoption scenarios. Section IX discusses the main policy implications, and 

Section X concludes. 

II. Literature Review 

2.1. Artificial Intelligence and Economic Growth 

The relationship between technological innovation and economic growth has long occupied a central position in 
macroeconomic theory. In the neoclassical framework, technological progress is considered a key determinant of long-

run growth, although it is generally treated as exogenous. Endogenous growth theory later shifted attention toward 

innovation, knowledge accumulation, research and development, and increasing returns as internal sources of economic 

expansion (Romer, 1990; Aghion & Howitt, 1992). Within this perspective, artificial intelligence can be interpreted as a 
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major technological force capable of increasing productivity, accelerating innovation, and transforming production 

processes. 

Recent literature increasingly describes AI as a general-purpose technology because of its potential to affect a wide range 

of sectors and economic activities. AI can improve total factor productivity by automating tasks, enhancing decision-

making, reducing information costs, and supporting the creation of new products and services. Recent evidence suggests 

that AI adoption may be associated with productivity improvements and innovation gains, especially when it is combined 

with complementary investments in skills, data infrastructure, and organizational change (Filippucci et al., 2024; 

Filippucci et al., 2025). 

However, the literature also emphasizes that AI-driven productivity gains are neither automatic nor uniformly distributed. 

Their magnitude depends on the speed of diffusion, the availability of complementary assets, the quality of institutions, 
and the capacity of firms and workers to adapt. In this regard, the macroeconomic effects of AI may remain limited if 

adoption is concentrated among a small number of frontier firms, while the rest of the economy lags behind. This creates 

a gap between potential productivity gains and realized aggregate growth. (Acemoglu, 2024; Filippucci et al., 2024; 

Filippucci et al., 2025). 

Thus, the literature suggests that AI may act as a powerful engine of economic growth, but only under specific structural 

and institutional conditions. This motivates the need to analyze AI not merely as a neutral productivity shock, but as a 

structural transformation whose effects depend on diffusion, distribution, and regulation. 

2.2. Automation, Labor Markets, and Inequality 

A second strand of literature focuses on the effects of automation and digital technologies on labor markets and income 

distribution. The task-based literature emphasizes that technological change can displace some forms of labor while 

creating or complementing other tasks. In the context of AI, the net effect on employment and wages therefore depends 
on the balance between substitution and complementarity across tasks and occupations (Acemoglu & Restrepo, 2018; 

Cazzaniga et al., 2024). 

In the case of AI, this balance is particularly uncertain. Unlike earlier waves of automation, AI is not limited to routine 

manual or clerical tasks; it may also affect cognitive, analytical, and decision-making activities. As a result, AI may 

complement high-skill workers while substituting some middle-skill and routine cognitive tasks. This may increase wage 

dispersion and contribute to a decline in the labor share of income (Cornelli et al., 2023; Rockall et al., 2025). 

The distributional effects of AI have important macroeconomic consequences. If income shifts from labor to capital, 

aggregate consumption may weaken because workers generally have a higher marginal propensity to consume than capital 

owners. Rising inequality may therefore reduce effective demand, even when productive capacity increases. This creates 

a potential tension between productivity growth and macroeconomic stability. 

The literature thus indicates that inequality is not a secondary consequence of AI-driven technological change. Rather, it 

represents a central transmission channel through which AI may affect aggregate demand, investment dynamics, and 
long-term growth. 

2.3. Market Structure, Concentration, and Digital Economies 

Another important strand of research examines how digital technologies reshape market structure. AI-intensive sectors 

are characterized by strong economies of scale, data advantages, network effects, and high fixed costs. These 

characteristics tend to favor large firms that possess extensive datasets, advanced computational resources, and strong 

technological capabilities. 

Recent research on AI and digital economies emphasizes that scale, data advantages, and uneven technological diffusion 

can reinforce concentration of productivity gains and market power (Filippucci et al., 2024; Filippucci et al., 2025). Such 

concentration may have ambiguous effects. On the one hand, large AI-intensive firms may generate major productivity 

gains at the technological frontier. On the other hand, excessive concentration may limit competition, reduce diffusion, 

and prevent smaller firms from benefiting from technological progress. 
This issue is particularly important for macroeconomic analysis. If AI-driven productivity gains remain concentrated in a 

small number of firms, aggregate productivity may grow more slowly than expected. Moreover, concentration may 

increase markups, weaken labor bargaining power, and contribute to a shift of income toward capital. These mechanisms 

reinforce the link between technological change, inequality, and aggregate demand. 

Although the literature on digital concentration is growing, relatively few studies explicitly connect AI-driven market 

concentration to macroeconomic instability. This gap is important because concentration may also generate financial 

vulnerabilities when market valuations become highly dependent on a limited number of dominant AI-related firms. 

2.4. Financial Instability and Systemic Risk 

The literature on financial instability provides a useful framework for understanding the potential risks associated with 

AI-driven macroeconomic transformations. Minsky’s financial instability hypothesis argues that periods of stability and 

optimism can encourage excessive risk-taking, leverage, and speculative behavior. Financial fragility is therefore 

endogenous: it emerges from the internal dynamics of the economic and financial system rather than from external shocks 
alone. 

In the context of AI, financial instability may arise through several channels. First, high expectations surrounding AI-

driven productivity gains may inflate asset prices, especially for firms perceived as technological leaders. Second, the 

concentration of profits and valuations in a small number of AI-intensive firms may increase systemic exposure. Third, 
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AI-based financial technologies, algorithmic trading, and automated portfolio management may amplify market 

movements when many actors react to similar signals. 

Recent analyses also emphasize that AI may affect macro-financial dynamics through market concentration, common 

exposures, and changes in output and financial conditions (Aldasoro et al., 2024). These mechanisms suggest that AI is 

not only a technology used in production, but also a force that can transform financial market dynamics. 

Therefore, the financial consequences of AI cannot be separated from its real and distributional effects. Productivity gains, 

inequality, excess savings, speculative valuations, and systemic risk may form a connected chain of macroeconomic 

mechanisms. 

2.5. Research Gap and Contribution 

The existing literature provides valuable insights into the effects of AI on productivity, labor markets, inequality, market 
structure, and financial systems. However, these dimensions are often analyzed separately. Studies on AI and growth 

generally focus on productivity gains, while studies on automation emphasize employment and wages. Similarly, research 

on financial stability usually examines financial technologies or market risks without fully integrating the real and 

distributional consequences of AI. 

This fragmentation limits our understanding of the broader macroeconomic implications of artificial intelligence. In 

particular, relatively little attention has been devoted to the feedback mechanisms linking AI-driven productivity gains, 

income distribution, aggregate demand, market concentration, and systemic financial risk. 

This paper addresses this gap by developing an integrated analytical framework in which AI is modeled as a non-neutral 

technological shock. The framework highlights three central mechanisms. First, AI may increase productive capacity 

while generating uneven diffusion across firms and sectors. Second, AI may alter income distribution by reducing the 

labor share and increasing inequality. Third, these structural changes may weaken aggregate demand and contribute to 
financial fragility through excess savings, speculative valuations, and concentration of systemic risk. 

By connecting growth theory, distributional analysis, and financial instability, the paper contributes to a more 

comprehensive understanding of the macroeconomic consequences of artificial intelligence. It argues that AI-driven 

productivity gains do not automatically lead to stable and inclusive growth; rather, their effects depend on the institutional, 

distributive, and financial conditions under which AI diffuses. 

III. Artificial Intelligence as a Non-Neutral Technological Shock 

In traditional macroeconomic models, technological progress is frequently represented as a neutral productivity shock 

that increases output without fundamentally altering the structure of the economy. Artificial intelligence, however, differs 

from previous technological innovations because of its ability to perform cognitive tasks, automate decision-making 

processes, and substitute for human labor in a broad range of activities. Consequently, AI should be viewed as a non-

neutral technological shock whose effects extend beyond productivity and influence the distribution of income, market 

structure, and financial dynamics. 
The non-neutrality of AI operates through several channels. First, AI affects the production process by increasing the 

efficiency of firms capable of adopting advanced technologies. Since access to data, computational resources, and highly 

skilled labor is unevenly distributed, productivity gains tend to be concentrated among technologically advanced firms. 

This generates heterogeneous productivity effects across sectors and firms. 

Second, AI may alter factor shares by changing the relative importance of capital and labor in production. The substitution 

of human tasks by intelligent machines may reduce labor demand in certain occupations and increase the remuneration 

of capital and highly skilled workers. Consequently, AI may contribute to a decline in the labor share of income and an 

increase in income inequality. 

Third, AI can modify market structure. The existence of network effects, economies of scale, and data advantages tends 

to favor large firms that possess substantial technological capabilities. As a result, AI may reinforce market concentration 

and increase the dominance of a limited number of firms, generating asymmetries in both productivity and profitability. 
Finally, AI may have important financial implications. The concentration of expected profits in a small number of AI-

intensive firms can stimulate speculative investment and increase the sensitivity of financial markets to technological 

expectations. Therefore, AI has the potential to influence not only real economic activity but also the dynamics of financial 

stability and systemic risk. 

For these reasons, artificial intelligence cannot be interpreted as a simple exogenous productivity shock. Rather, it 

constitutes a structural transformation that simultaneously affects production, income distribution, market organization, 

and financial dynamics. The macroeconomic consequences of AI therefore depend on the interaction between these 

different mechanisms and on the institutional environment in which technological diffusion takes place. 

 

Figure 1. Transmission Channels of Artificial Intelligence in the Economy 

 
Source: Author's elaboration. 



Sirine Sabah, Khaled Tartar                                                                               AJESS Journal,3(4), 2026 133-142        

137 

 

IV. Growth Effects: Productivity and Diffusion Constraints 

Artificial intelligence is widely expected to become a major driver of productivity and long-run economic growth. By 
automating repetitive tasks, improving decision-making processes, and facilitating innovation, AI has the potential to 
increase efficiency across a broad range of economic activities (Acemoglu, 2024; Filippucci et al., 2024). In endogenous 
growth theory, technological progress constitutes the principal engine of sustained economic expansion, and AI may 
therefore represent a new source of productivity growth. 
At the microeconomic level, numerous studies report positive effects of AI adoption on productivity, innovation, and firm 

performance. Firms that successfully integrate AI technologies can optimize production processes, reduce information 

costs, and improve resource allocation. These productivity gains may eventually contribute to higher aggregate output 

and economic growth. 

However, the transition from microeconomic productivity gains to macroeconomic growth is far from automatic. The 
diffusion of AI technologies remains highly uneven across firms, sectors, and countries. Large firms possessing significant 
financial resources, extensive datasets, and advanced digital infrastructures are generally better positioned to adopt 
and benefit from AI technologies than smaller firms. Consequently, productivity gains tend to be concentrated among 
a limited number of frontier firms (Filippucci et al., 2024; Filippucci et al., 2025). 
This concentration creates diffusion constraints that may limit the aggregate effects of AI. If technological progress 

remains confined to a small segment of the economy, the productivity gains observed at the frontier may not translate 

into substantial improvements in aggregate productivity. Furthermore, complementarities between AI, human capital, 

organizational capabilities, and digital infrastructure imply that many firms may be unable to fully exploit the potential 

benefits of AI. 

Another important constraint concerns aggregate demand. Productivity growth increases productive capacity, but it does 

not automatically guarantee sufficient demand for the additional output produced. If the gains generated by AI are 

distributed unevenly and contribute to rising inequality, aggregate consumption may weaken because high-income 

households generally exhibit lower marginal propensities to consume. Under such conditions, the economy may 

experience a divergence between potential output and effective demand. 

Therefore, the macroeconomic impact of artificial intelligence depends not only on its capacity to improve productivity 
but also on the speed of technological diffusion, the distribution of productivity gains, and the ability of economic 

institutions to support inclusive adoption. AI may become a powerful engine of growth, but its benefits are conditional 

on the existence of complementary investments, broad technological diffusion, and adequate demand conditions. 

 

 

Figure 2. From AI Adoption to Economic Growth 

 
Source: Author's elaboration 

 

V. Distributional Effects and Structural Imbalances 

The productivity gains generated by artificial intelligence do not necessarily translate into proportional improvements 
in social welfare or macroeconomic stability. A central characteristic of AI-driven technological change is its potential to 
modify the distribution of income between labor and capital and to increase disparities across workers, firms, and 
sectors. (Filippucci et al., 2024; Rockall et al., 2025). 
Artificial intelligence may replace certain human tasks while complementing highly skilled labor. Consequently, the 
benefits of AI adoption are often concentrated among highly productive firms, capital owners, and workers possessing 
advanced technological skills. In contrast, workers engaged in routine and easily automated activities may experience 
wage stagnation, reduced employment opportunities, or displacement. This heterogeneous impact contributes to rising 
income inequality and may reduce the labor share of national income (Cornelli et al., 2023; Cazzaniga et al., 2024; Rockall 
et al., 2025). (Acemoglu & Restrepo, 2018; Cazzaniga et al., 2024). 
From a macroeconomic perspective, these distributional changes are particularly important because different income 

groups exhibit different consumption behaviors. Households with lower and middle incomes generally have higher 

marginal propensities to consume than wealthier households. Therefore, when a larger fraction of national income accrues 

to capital owners and high-income groups, aggregate consumption may increase less than productive capacity. 

This mechanism may create a structural imbalance between supply and demand. Artificial intelligence increases the 

productive potential of the economy by improving efficiency and reducing production costs. However, if the resulting 

income gains are unevenly distributed, aggregate demand may fail to expand sufficiently to absorb the additional output. 
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Under such circumstances, the economy may experience persistent demand deficiencies, excess productive capacity, and 

slower growth than initially anticipated. 

The relationship between inequality and macroeconomic performance has long been recognized in economic theory. 

Rising inequality may influence savings behavior, investment decisions, and financial dynamics. High-income 

households generally save a larger proportion of their income, generating an accumulation of financial wealth that may 

seek profitable investment opportunities. When productive investment opportunities are insufficient, excess savings may 

be redirected toward financial assets, potentially contributing to speculative behavior and financial fragility.  

Therefore, the consequences of AI-driven inequality extend beyond social considerations. Distributional changes 
constitute an important transmission channel linking technological progress to aggregate demand, investment patterns, 
and macroeconomic stability. The benefits of artificial intelligence cannot be fully understood without considering how 
productivity gains are distributed throughout the economy (Cazzaniga et al., 2024; Rockall et al., 2025). 
The analysis developed in this paper suggests that the relationship between artificial intelligence and economic growth is 

conditional rather than automatic. Productivity gains may coexist with increasing inequality and structural imbalances, 

implying that technological progress alone is insufficient to guarantee inclusive and sustainable economic development. 

 

Figure3. AI, Inequality, and Structural Imbalances 

 
Source: Author's elaboration 

 

VI. AI and Systemic Risk: Financial Fragility and Amplification Mechanisms 

The economic consequences of artificial intelligence extend beyond productivity and income distribution. AI may also 
influence financial stability by modifying investment behavior, market expectations, and the structure of financial 
systems. Consequently, understanding the relationship between artificial intelligence and systemic risk has become an 
important challenge for contemporary macroeconomics. (Aldasoro et al., 2024). 
From a financial perspective, technological revolutions are frequently accompanied by periods of optimism and 

speculative investment. The expectation of future productivity gains may generate significant increases in the market 

valuation of firms perceived as technological leaders. In the context of AI, these expectations have led to substantial 

capital inflows into technology-related sectors and a rapid increase in the market capitalization of a relatively small 

number of firms. 
This concentration of expected profits and financial valuations may increase systemic vulnerability. When financial 

markets become excessively dependent on a limited number of AI-intensive firms, adverse shocks affecting these firms 

may propagate throughout the financial system and generate broader macroeconomic consequences. Consequently, 

technological concentration may also become a source of concentration risk. 

The mechanisms described by Minsky's financial instability hypothesis provide a useful framework for understanding 
these dynamics (Minsky, 1986). According to Minsky, prolonged periods of optimism and rising asset prices may 
encourage increasing leverage and speculative financing strategies. Financial fragility therefore emerges endogenously 
from the interaction between expectations, borrowing behavior, and asset valuations. 
Artificial intelligence may amplify these mechanisms through several channels. First, high expectations concerning future 
AI-driven productivity gains may stimulate speculative investment and contribute to the formation of asset price bubbles. 

Second, AI-based financial technologies, algorithmic trading systems, and automated investment strategies may increase 

the speed of information transmission and amplify market fluctuations. Third, the concentration of technological 

capabilities and financial resources may generate strong interconnections between a limited number of institutions and 

markets, thereby increasing systemic exposure. 

Moreover, the distributional consequences of AI may indirectly contribute to financial fragility. Rising inequality may 

generate excess savings among high-income groups, creating additional liquidity that seeks profitable investment 

opportunities. When productive investment opportunities are insufficient, these funds may be redirected toward financial 

assets, increasing leverage, speculative activity, and the probability of financial instability. 

Therefore, the relationship between artificial intelligence and systemic risk is not merely a consequence of technological 

innovation itself but rather the result of interactions between productivity gains, income distribution, financial 
expectations, and market concentration. Artificial intelligence may become a powerful source of economic dynamism, 

but under certain institutional and financial conditions it may also contribute to the emergence of systemic vulnerabilities. 

The analysis suggests that the long-run effects of AI depend critically on the capacity of economic institutions and 

regulatory frameworks to manage these new sources of financial risk and to ensure that technological progress remains 

compatible with macroeconomic stability. 

Figure4. Artificial Intelligence and Systemic Risk 
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Source: Author's elaboration 

 

VII. An Integrated Framework: AI, Growth, Inequality, and Systemic Stability 

                The previous sections have shown that artificial intelligence simultaneously affects productivity, income 

distribution, market structure, and financial stability. These dimensions should not be analyzed separately because they 

are interconnected through multiple feedback mechanisms. The macroeconomic consequences of AI therefore emerge 

from the interaction of these channels rather than from any individual effect taken in isolation. 

The first mechanism operates through productivity. By improving efficiency and accelerating innovation, AI increases 
the productive capacity of the economy and creates new opportunities for economic expansion. Under favorable 
conditions, these productivity gains can stimulate investment, support technological progress, and contribute to long-
run growth. (Acemoglu, 2024; Filippucci et al., 2024). 
The second mechanism concerns income distribution. The benefits of AI adoption are often unevenly distributed across 
firms and workers. As a result, AI may contribute to a decline in the labor share of income and an increase in inequality 
(Cornelli et al., 2023; Rockall et al., 2025). Since lower- and middle-income households generally exhibit higher 
propensities to consume, rising inequality may weaken aggregate demand and limit the macroeconomic benefits of 
productivity gains. 
The third mechanism involves market concentration and financial dynamics. The concentration of technological 

capabilities and expected profits among a limited number of firms may generate speculative valuations and increase 

systemic exposure. At the same time, excess savings generated by rising inequality may be redirected toward financial 

assets, increasing leverage and financial fragility. 

These mechanisms create important feedback effects. Weak aggregate demand may discourage productive investment 

and reduce the realization of potential productivity gains. Financial instability may further undermine investment and 

economic activity, thereby reinforcing macroeconomic vulnerabilities. Consequently, AI-driven productivity growth may 

coexist with rising inequality, demand deficiencies, and systemic risk. 

The framework developed in this paper therefore suggests that the relationship between artificial intelligence and 

macroeconomic stability is fundamentally conditional. Artificial intelligence may become a powerful engine of 

sustainable growth if its benefits are broadly diffused and supported by appropriate institutions and regulatory 
frameworks. Conversely, if technological gains remain concentrated and financial vulnerabilities accumulate, AI may 

contribute to the emergence of structural imbalances and systemic fragility. 

The central argument of this study is that artificial intelligence should be viewed as a general-purpose technology whose 

macroeconomic effects depend on the interaction between productivity, distribution, and financial stability. 

Understanding these interactions is essential for designing policies capable of transforming technological progress into 

inclusive and sustainable economic development. 

 

Figure5. Artificial Intelligence and Systemic Risk 

 
Source: Author's elaboration 

 

VIII. Numerical Illustration of AI-Driven Macroeconomic Dynamics 

To illustrate the mechanisms developed in the previous sections, we consider a stylized dynamic system linking AI 
adoption, aggregate productivity, the labor share of income, and systemic financial risk. The purpose of this exercise is 

not to provide an empirical estimation or a calibrated forecasting model, but rather to illustrate the internal dynamics 

implied by the theoretical framework. 

 Let I ≥ 0 denote the intensity of AI adoption, assumed to remain constant over the simulation horizon.  

 Let A(t) denote aggregate productivity, L(t) the labor share of income, and R(t) the level of systemic financial 

risk. 

VIII.1. Model Specification 

We consider the following system: 

                 dA(t)/dt = α I A(t),     α > 0    (1) 

                 dL(t)/dt = −β I L(t),     β > 0    (2) 
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                 dR(t)/dt = γ I[1 − L(t)] + δ[(A(t) − A₀)/A₀] − μR(t),     γ, δ, μ > 0    (3) 

Equation (1) captures the productivity-enhancing effect of AI. Higher AI adoption increases productive efficiency through 

automation, improved information processing, learning capabilities, and better resource allocation. Subject to A(0)=A₀, 

its solution is: 

                                  A(t) = A₀ e^(αIt)    (4) 

Equation (2) represents the potential distributional effect of AI. When AI substitutes for a subset of labor tasks and the 

resulting productivity gains accrue disproportionately to capital, the labor share may decline over time. Subject to 

L(0)=L₀, its solution is: 

                                  L(t) = L₀ e^(−βIt)    (5) 

Equation (3) links these real and distributional developments to systemic financial risk. The first term captures the 
financial consequences of a declining labor share. The second term captures valuation pressures associated with rising 

productivity expectations. The final term, −μR(t), represents stabilizing forces such as financial regulation, prudential 

policy, market corrections, and institutional resilience. 

Substituting equations (4) and (5) into equation (3) gives: 

                       dR(t)/dt + μR(t) = γI[1 − L₀e^(−βIt)] + δ[e^(αIt) − 1]    (6) 

Using the integrating factor e^(μt), the solution can be written as: 

                       R(t) = e^(−μt){R₀ + ∫₀ᵗ e^(μs)[γI(1 − L₀e^(−βIs)) + δ(e^(αIs) − 1)] ds}    (7) 

This representation highlights the central mechanism of the paper. AI adoption simultaneously raises productive capacity 

and may alter income distribution. When productivity expectations and distributional imbalances intensify more rapidly 

than stabilizing institutions can absorb them, systemic financial risk may increase even in an environment characterized 

by rising productivity. Conversely, sufficiently strong institutional stabilization, together with broader diffusion of 
productivity gains and a more stable labor share, can moderate the accumulation of financial risk. The relationship 

between AI-driven productivity and macroeconomic stability is therefore conditional rather than automatic. 

VIII.2. Numerical Simulation and Scenario Analysis 

To illustrate the dynamic implications of the model, we perform a numerical simulation over a twenty-period horizon. 

Since the objective is illustrative rather than econometric, the parameter values are not estimated from observed data. 

They are selected to generate economically interpretable trajectories and to examine how different intensities of AI 

adoption affect productivity, income distribution, and systemic financial risk. 

 

Parameter Value Interpretation 

A₀ 1.00 Initial productivity level 

L₀ 0.62 Initial labor share of income 

R₀ 0.10 Initial systemic risk index 

α 0.08 Productivity response to AI adoption 

β 0.04 
Labor-share sensitivity to AI 

adoption 

γ 0.10 
Distributional contribution to 

systemic risk 

δ 0.06 
Productivity-valuation contribution 

to risk 

μ 0.15 
Institutional and regulatory 

stabilization rate 

Table 1. Baseline Parameters Used in the Numerical Simulation 

 

Three alternative AI-adoption scenarios are considered: 

Low AI adoption: I = 0.25; Moderate AI adoption: I = 0.50; High AI adoption: I = 0.75. 
All structural parameters are held constant across scenarios. Hence, differences in the simulated trajectories are 

attributable exclusively to changes in the intensity of AI adoption. 

VIII.3. Productivity Dynamics 

From equation (4), aggregate productivity follows A(t)=A₀e^(αIt). The model predicts that productivity increases under 

all three scenarios, but the rate of increase depends strongly on the intensity of AI adoption. 

After twenty periods, the simulated productivity levels are approximately 1.49 under low adoption, 2.23 under moderate 

adoption, and 3.32 under high adoption. Stronger AI adoption therefore generates substantially larger cumulative 

productivity gains. However, productivity growth alone does not determine the overall macroeconomic outcome; the 
distribution of the resulting gains must also be considered. 

VIII.4. Labor-Share Dynamics 

According to equation (5), L(t)=L₀e^(−βIt). Under the assumed parameterization, the labor share declines as AI adoption 

increases. After twenty periods, the simulated labor shares are approximately 0.51, 0.42, and 0.34 under the low-, 

moderate-, and high-adoption scenarios, respectively. 
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This result should not be interpreted as implying that AI necessarily reduces the labor share in actual economies. Rather, 

it illustrates the distributional mechanism embedded in the theoretical framework: when AI-related productivity gains 

accrue disproportionately to capital, rapid technological adoption can coexist with a declining labor share. 

VIII.5. Systemic Financial Risk Dynamics 

The systemic-risk equation combines distributional pressure, productivity-related valuation effects, and institutional 

stabilization. Numerical evaluation of equation (7) yields systemic-risk values after twenty periods of approximately 0.21 

under low adoption, 0.48 under moderate adoption, and 0.84 under high adoption. 

Systemic financial risk therefore remains relatively contained under the low-adoption scenario but increases substantially 

when AI adoption becomes more intensive. Importantly, this result does not arise from productivity growth alone. It 

results from the interaction between productivity expectations, distributional changes, and the capacity of stabilizing 
institutions to absorb the resulting pressures. 

The term −μR(t) plays a central role. It prevents the model from mechanically imposing an ever-increasing risk trajectory 

and allows institutional resilience to counteract destabilizing forces. Consequently, the model does not imply that AI 

adoption inevitably produces financial instability. 

 

AI Adoption Scenario A(20) L(20) R(20) 

Low (I = 0.25) 1.49 0.51 0.21 

Moderate (I = 0.50) 2.23 0.42 0.48 

High (I = 0.75) 3.32 0.34 0.84 

Table 2. Simulation Results After Twenty Periods 

VIII.6. Scenario Interpretation 

Scenario 1: Low AI Adoption. 
When AI adoption remains limited, productivity increases gradually. Distributional effects are relatively moderate, and 

the stabilizing mechanisms represented by μ are largely capable of containing the accumulation of systemic risk. This 

scenario corresponds to a gradual technological transition in which institutions have sufficient time to adapt. 

Scenario 2: Moderate AI Adoption. 
With moderate AI adoption, productivity gains become substantially larger. However, the labor share declines more 

rapidly and systemic financial risk begins to increase more significantly. The economy therefore experiences a trade-off 

between stronger technological efficiency and increasing macro-financial vulnerability. 

Scenario 3: High AI Adoption. 
Under rapid AI adoption, productivity rises sharply. At the same time, the labor share falls considerably and systemic risk 

increases strongly. This scenario illustrates the possibility of a technologically dynamic economy becoming financially 

more fragile when productivity gains are concentrated and institutional stabilization mechanisms do not adjust at the same 

pace as technological transformation. 

The numerical exercise therefore suggests that the macroeconomic benefits of AI depend on three complementary 

conditions: broad diffusion of productivity gains across firms and workers; sufficient adaptation of labor markets and 

income-distribution mechanisms; and financial regulation capable of containing excessive concentration, leverage, and 

valuation pressures. 

VIII.7. Scope and Limitations of the Simulation 

The numerical results should be interpreted with caution. The model is deliberately stylized, and the parameter values are 

illustrative rather than empirically estimated. Consequently, the numerical magnitudes reported above should not be 

interpreted as forecasts of the effects of AI adoption on productivity, the labor share, or systemic financial risk. 

The purpose of the simulation is instead to demonstrate the internal logic of the theoretical framework and to show how 

different mechanisms can interact dynamically. Future research could estimate or calibrate the model using cross-country 

or sector-level data on AI adoption, productivity, labor-income shares, market concentration, financial valuations, and 

systemic-risk indicators. Such an extension would allow the theoretical propositions developed in this paper to be 

subjected to formal empirical testing. 

IX. Policy Implications 

The analysis developed in this paper suggests that the economic benefits of artificial intelligence cannot be taken for 
granted. The numerical illustration reinforces this conclusion by showing that stronger AI adoption may generate higher 

productivity while simultaneously creating distributional and financial pressures. The policy challenge is therefore not 

simply to accelerate AI adoption, but to ensure that technological progress remains compatible with inclusive growth and 

macro-financial stability. 

First, governments should promote the broad diffusion of AI by investing in digital infrastructure, education, research, 

and workforce adaptation. Reskilling and lifelong learning policies can strengthen the complementarity between AI and 

labor, while wider access to AI technologies can reduce productivity gaps across firms and limit excessive technological 

concentration. 

Second, distributional and competition policies should ensure that productivity gains are not excessively concentrated. A 

persistent decline in the labor share may weaken aggregate demand, while excessive market concentration can restrict the 
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diffusion of innovation. Policies supporting competitive markets and a broader distribution of productivity gains can 

therefore contribute not only to inclusion but also to macroeconomic stability. 

Finally, financial authorities should monitor vulnerabilities associated with AI-related asset valuations, market 

concentration, leverage, and the growing use of algorithmic financial systems. The numerical model highlights the 

importance of institutional stabilization: rapid technological transformation need not generate systemic instability if 

regulatory and institutional capacity evolves accordingly. 

Overall, the appropriate policy response is not to slow AI adoption, but to accompany it with human-capital investment, 

competitive markets, inclusive distribution, and effective financial regulation. Under these conditions, AI-driven 

productivity growth is more likely to remain compatible with long-term macroeconomic and financial stability. 

 

X. Conclusion 

This paper has examined the macroeconomic implications of artificial intelligence through an integrated framework 

linking productivity, income distribution, market concentration, and systemic financial risk. Rather than treating AI as a 

neutral technological improvement, the analysis considers it as a non-neutral technological shock whose effects extend 

beyond productivity and economic growth. 

The analysis shows that AI can generate substantial productivity gains, but that these gains do not automatically translate 

into inclusive and stable economic growth. Uneven technological diffusion, a declining labor share, increasing income 

inequality, and market concentration may weaken aggregate demand and contribute to the accumulation of financial 

vulnerabilities. 

The numerical illustration reinforces this central argument. Higher AI adoption generates stronger productivity growth in 

the model, but may simultaneously intensify distributional pressures and systemic financial risk. Importantly, this 
relationship is not deterministic. The stabilizing capacity of institutions and financial regulation plays a critical role in 

determining whether technological transformation translates into sustainable growth or macro-financial fragility. 

The main conclusion is therefore that AI-driven productivity growth and macroeconomic stability are compatible, but 

their coexistence is conditional rather than automatic. The long-run economic benefits of AI depend on the diffusion of 

technological gains, the capacity of workers and institutions to adapt, the preservation of competitive market structures, 

and the effectiveness of financial regulation. 

Future research could extend the proposed framework through empirical estimation or calibration using cross-country or 

sector-level data on AI adoption, productivity, labor-income shares, market concentration, and systemic-risk indicators. 

Such an extension would provide an empirical test of the transmission mechanisms identified in this paper. 
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