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I. Introduction 

Will artificial intelligence (AI) help poorer countries catch up, or widen existing gaps? AI can lower the cost of 

using knowledge across an unusually broad range of tasks. Expertise may become cheaper, some tacit 

knowledge easier to codify, and frontier ideas easier to adapt. Yet the same technology may favor economies 

that already possess skilled workers, reliable data, capable firms, and effective institutions. Its effect on relative 

development therefore depends on the complements with which it is combined. 

 

Access can spread quickly, but productive capability is slower to build. Importing hardware or licensing 

software does not by itself raise productivity. Gains require firms to redesign workflows, managers to change 

decisions, workers to acquire complementary skills, and public institutions to provide reliable infrastructure and 

rules. The ICT experience shows why: productivity gains lagged adoption while firms accumulated 

organizational and other intangible capital (David 1990; Brynjolfsson, Rock, and Syverson 2021). AI may 

diffuse faster, but cheap access does not eliminate the costly work of becoming productive. 

 

The resulting gap is the Intelligence Divide: not simply unequal access to AI, but unequal capacity to convert 

increasingly cheap cognitive services into sustained productivity gains. Its empirical counterpart is productivity 

mobility—whether economies leave low-productivity states and move toward the frontier. 

 

This framing connects the literatures on appropriate technology, absorptive capacity, and technology diffusion. 

Frontier techniques may be poorly matched to the factor endowments, managerial systems, infrastructure, and 

institutions of poorer economies (Atkinson and Stiglitz 1969; Lall 1992; Acemoglu and Zilibotti 2001). Recent 

work brings these mechanisms together: distance from the frontier creates scope for catch-up, but weak 

education and management, institutional distortions, inappropriate technology, and credit frictions can make 

that advantage largely notional (Acemoglu, Akcigit, and Johnson 2026). Evidence on adoption intensity points 

in the same direction: technologies can arrive widely while their productive use remains uneven (Comin and 

Mestieri 2018). 

 

Early tractorization in sub-Saharan Africa illustrates the distinction. Machinery designed for different factor 

prices and farm structures often remained uneconomic or idle when credit, fuel, repair facilities, and 

complementary infrastructure were scarce (Binswanger and Donovan 1986). The machine could be imported 

more readily than the system that made it productive. This is a problem of appropriate technology, not 

technological backwardness (Basu and Weil 1998). AI changes the technology, not the economic logic. Frontier 

models can be available almost instantly while the skills, data, management, finance, infrastructure, and 

institutions needed to use them productively remain local. Postwar experience gives the same warning. 

Schooling, capital, and digital access spread more readily than the efficiency with which they were combined. 

 

AI can therefore raise world productivity without producing convergence. A frontier shift expands what is 

possible; a diffusion shift changes who moves toward what is possible. The paper asks whether human capital 

helps explain this second margin and what AI would need to change for the lower tail of the productivity 

distribution to become less persistent. 

 

Human capital sits at the center of this question. Development accounting finds that measured human capital 

explains only a limited share of international income and productivity gaps (Hall and Jones 1999; Caselli 2005; 
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Caselli and Ciccone 2013). Equalizing schooling would raise output in poorer countries but would leave much 

of the distance from the frontier unexplained. 

 

The technology-diffusion tradition reaches a different-looking conclusion. Beginning with Nelson and Phelps 

(1966), human capital matters because it helps economies understand, adapt, and implement technologies 

developed elsewhere (Benhabib and Spiegel 1994, 2005; Howitt and Mayer-Foulkes 2005). More schooling 

may improve the performance of existing tasks, but sustained catch-up requires a broader capability to operate 

modern firms, maintain complex capital, reorganize production, and continue adapting as technology changes. 

The two views therefore answer different questions. Development accounting is mainly about levels: why one 

country is more productive than another at a point in time. Diffusion theory is about mobility: why some 

countries move toward the frontier while others remain behind. Schooling raises the stock of effective labor; 

absorptive capacity affects the rate at which machines, blueprints, software, and other forms of knowledge are 

turned into reliable production. The distinction matters because this second margin compounds through 

repeated transitions. Human capital may therefore account for only a modest part of the contemporaneous 

productivity gap while remaining informative about whether an economy subsequently moves toward the 

frontier. 

 

This reconciliation also changes how the AI question should be posed. If AI mainly augments skilled labor, its 

gains may accrue disproportionately where skilled workers, capable firms, reliable infrastructure, and effective 

organizations are already abundant. AI can then raise global productivity without necessarily narrowing relative 

productivity gaps. For AI to promote convergence, it must operate on a different margin: it must lower the costs 

of acquiring, interpreting, codifying, adapting, validating, and implementing knowledge in economies where 

complementary capabilities remain limited. A frontier-expanding technology is therefore not necessarily a 

convergence technology. 

 

We study these issues using a finite-state Markov framework, in the tradition of Quah (1993, 1996), Durlauf and 

Johnson (1995), Feyrer (2008), Johnson and Papageorgiou (2020), and Imam and Temple (2026a, 2026b). 

Transition probabilities are useful because convergence need not be linear or homogeneous. A country can 

grow substantially in absolute terms and still remain in the lower part of the relative productivity distribution if 

the frontier moves as well. The Markov framework therefore asks a direct question: how often do economies 

move out of low-productivity states and toward the frontier? We combine this with a Caselli–Coleman 

decomposition of relative productivity (Caselli and Coleman 2006). The decomposition asks whether 

differences in workforce composition are large enough to account for observed productivity gaps. The transition 

analysis asks whether measured human capital is associated with a different mobility process. Together, the 

two exercises distinguish a direct level effect from a broader capability channel. 

 

The results reveal a consistent asymmetry between the accumulation of observable inputs and the movement 

of productivity toward the frontier. On the same 1,097 country-period transitions, and using fixed 1975 non-U.S. 

quartiles for each variable, the mean time required to leave the lowest state is 16.1 years for capital intensity, 

31.5 years for measured human capital, and 44.0 years for TFP. Countries therefore appear able to 

accumulate capital and measured human capital more readily than they are able to translate those inputs into 

sustained improvements in relative productivity. The accounting evidence points in the same direction: 

workforce composition explains only a modest share of observed productivity gaps, suggesting that the main 

constraint is not simply the quantity of educated labor available, but the broader capacity to deploy skills, 

technologies, and complementary inputs productively. 
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Human capital nevertheless contains substantial information about productivity mobility. A fixed within-year 

median split, which avoids searching for an estimated threshold, implies a mean exit time from the lowest-

productivity state of 79.1 years for observations below the median, compared with 28.0 years above it. 

Specifications using human capital continuously also improve the prediction of subsequent transitions in held-

out observations. The exact location of a data-selected absolute cutoff is unstable and should not be 

interpreted as a structural threshold. What is more robust is the underlying mobility contrast: economies with 

higher measured human capital display systematically greater mobility out of low-productivity states. The 

evidence is therefore more consistent with a broad capability gradient than with a universal tipping point. 

 

The contribution is a dynamic reconciliation of two literatures that are usually read separately. Development 

accounting asks how much measured human capital explains differences in productivity levels; the Nelson–

Phelps tradition asks how human capital and related capabilities shape the process of moving toward the 

frontier. Combining the two shows how both propositions can hold simultaneously. Human capital can account 

for relatively little of the contemporaneous productivity gap while remaining informative about the transition 

process that governs catch-up. Put differently, the stock of observable inputs and the rate at which economies 

convert those inputs into productivity are distinct margins of development. This level–mobility distinction is not 

an artifact of a particular state definition or specification: the broad pattern survives fixed-rank, continuous, 

residualized, and out-of-sample exercises. 

 

The distinction also gives the Intelligence Divide a precise economic meaning. Skill-augmenting AI raises the 

productivity and returns of capabilities that are already present. Diffusion-enhancing AI promotes convergence 

only if it changes the process by which economies acquire, adapt, and use productive knowledge—ultimately 

raising the probability of moving out of low-productivity states. In this sense, access to AI is not the same as the 

capacity to benefit from it. The policy-relevant question is not simply whether increasingly powerful cognitive 

technologies become widely available, but whether they relax the capability constraints that have historically 

limited productivity mobility. 

 

The empirical design is deliberately more modest than a causal interpretation of these patterns would require. It 

documents systematic heterogeneity in productivity mobility; it does not identify a causal return to schooling, 

establish that human capital itself generates the observed transitions, or forecast the cross-country diffusion of 

AI. Measured human capital should instead be viewed as an informative but incomplete marker of a broader 

capability bundle that includes education quality, management and organizational capacity, infrastructure, 

finance, state capability, and institutions supporting technological adaptation. This qualification is important for 

policy. Expanding access to education, capital, digital infrastructure, or AI may be necessary for convergence 

without being sufficient. The central development problem is whether economies can combine these inputs in 

ways that generate sustained productivity improvements. The Intelligence Divide is therefore best understood 

as a conversion gap: a difference not merely in access to increasingly powerful technologies, but in the 

capacity to turn widely available knowledge into movement toward the productivity frontier. 

 

 

 

II. Background 

The argument rests on a distinction between human capital as a production input and human capital as 

absorptive capacity. Development accounting decomposes output per worker into physical capital, measured 
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human capital, and TFP. Its central result is familiar: measured human capital explains part of cross-country 

income differences, but most of the gap remains in productivity (Hall and Jones 1999; Caselli 2005; Caselli and 

Ciccone 2013). This limits a purely schooling-based account of convergence. 

 

In the static channel, a larger skilled share or a higher productivity premium for skilled labor raises effective 

labor. Under plausible calibrations, however, changes in workforce composition alone cannot explain most of 

the productivity gap. 

 

This is the narrow channel through which skill-biased AI enters the accounting. If AI raises A_H, its immediate 

gains depend on the existing supply of skilled workers and on the production systems in which they are 

employed. The technology may therefore raise the return to capabilities that are already scarce without 

changing the process by which economies acquire or deploy those capabilities. 

 

A different tradition gives human capital a dynamic role. In Nelson and Phelps (1966), human capital 

accelerates the adoption and implementation of frontier technologies. Benhabib and Spiegel (1994, 2005) and 

Howitt and Mayer-Foulkes (2005) develop related mechanisms. Recent work shows how absorptive capacity 

interacts with management, institutions, technology mismatch, and credit constraints in determining a country’s 

distance from the frontier (Acemoglu, Akcigit, and Johnson 2026). Human capital is therefore not only an input; 

it is part of the capacity to learn. 

 

The agricultural literature makes the absorptive-capacity mechanism unusually visible. During the Green 

Revolution, access to high-yielding seeds did not remove the need to learn when and how to use them. 

Imperfect knowledge slowed adoption, while farmers learned from their own experience and from neighboring 

farmers; technical change also raised the return to schooling (Foster and Rosenzweig 1995, 1996). The 

technology was embodied in a seed, but its productivity depended on the knowledge surrounding the seed. AI 

is more general, but the distinction between access and effective use is similar. 

 

For low-income countries, this broader interpretation is essential. Schooling may improve the execution of 

existing tasks, but sustained convergence also requires firms that can maintain complex capital, managers who 

can reorganize production, finance for complementary investment, and public institutions that can implement 

policy. Measured schooling is best read as one observable component of a wider capability bundle, not as the 

mechanism itself. State capacity is one part of that bundle because adoption often requires reliable public 

administration as well as capable firms (Imam and Temple 2026d). 

 

The advantage of backwardness is therefore conditional. A large technology gap creates more to imitate, but 

not necessarily more capacity to imitate well. Historical and contemporary evidence shows that blueprints travel 

more readily than the productive systems in which they are embedded (Clark and Feenstra 2001; Acemoglu 

and Zilibotti 2001; Comin and Mestieri 2018). Inappropriate technologies, weak complementarities, and barriers 

to firm selection can therefore leave economies far from the frontier even when techniques are observable 

(Acemoglu, Akcigit, and Johnson 2026). Productivity policy must connect frontier innovation to diffusion and to 

the intangible investments that support both (van Ark 2026). 

 

The contrast need not always be pessimistic. Mobile phones spread rapidly through the fishing industry in 

Kerala because they relaxed a specific information constraint: fishermen could compare markets before 

deciding where to land their catch (Jensen 2007). Little frontier research was required locally; the technology 

worked because it fit a concrete bottleneck. This is a useful benchmark for AI. The greatest development gains 
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may come not from replicating the frontier, but from adapting relatively inexpensive tools to problems where 

scarce information or expertise is itself the binding constraint. 

 

Artificial intelligence gives this old problem a new form. Potential task exposure, adoption, intensive use, and 

productivity are distinct margins. If AI primarily augments skilled labor, it works through the level channel and 

may favor economies with stronger complements. If it reduces the cost of codifying knowledge, diagnosing 

problems, and adapting frontier practices, it may alter the mobility process itself. 

 

This is why the paper turns to distribution dynamics. Statistical convergence in average growth rates need not 

imply economic convergence toward a common frontier, especially when countries occupy different regimes 

(Durlauf and Johnson 1995; Quah 1996). A country can grow and remain in the same part of the relative 

distribution if the frontier moves as well. Development is therefore not only a question of growth rates; it is a 

question of mobility. 

 

Feyrer (2008), Johnson and Papageorgiou (2020), and Imam and Temple (2026a, 2026b) show that the 

proximate determinants of income have different transition dynamics. Capital intensity and measured human 

capital tend to move more readily than relative TFP. The present paper uses that asymmetry to ask whether 

human capital is small as an accounting term but important as a marker of the regime governing productivity 

mobility.  

 

These arguments motivate a sharper empirical question: does human capital mainly explain productivity levels, 

or does it distinguish the process by which countries move toward the frontier?
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III. Methods 

The empirical strategy separates a level margin from a mobility margin. The Caselli–Coleman decomposition 

asks how much of the productivity gap is mechanically associated with workforce composition. The transition 

framework asks whether economies with different levels of measured human capital face different probabilities 

of moving through the productivity distribution. A variable can explain little of a cross-country level gap and still 

be closely associated with catch-up. 

 

The framework is reduced-form by design. It does not identify a structural model of technology adoption, 

institutional change, or AI diffusion. Its purpose is to characterize the transition process governing relative 

productivity and to isolate the margin on which AI would have to operate to change relative development. The 

results should therefore be read as descriptive evidence and conditional counterfactuals, not as causal 

estimates. 

 

3.1 Distribution dynamics 

Following Quah (1993, 1996), let {𝑋𝑡}denote a discrete-time stochastic process taking values in a finite state 

space 𝑆 = {1,… , 𝐾}, where each state corresponds to a category of relative productivity. The transition matrix is 

 

𝑃 = [𝑝𝑖𝑗],with 

𝑝𝑖𝑗 = 𝑃𝑟(𝑋𝑡+𝜏 = 𝑗|𝑋𝑡 = 𝑖). 

Thus p_ij is the probability that an economy in state i moves to state j over interval tau. The first-order Markov 

assumption is a parsimonious approximation, not a claim that history is irrelevant. It summarizes mobility 

conditional on the current state. Directly estimated ten-year transitions are also compared with the matrix 

implied by two five-year steps as an internal consistency check, not a structural test. 

 

One way to read the transition matrix is as a summary of development momentum. Two economies can occupy 

the same relative-productivity state today yet face very different odds of moving upward over the next five 

years. The matrix records those odds rather than assuming that every gap closes at a common speed. This is 

why the framework is useful here. Capabilities may matter primarily by changing the probability of transition, not 

by shifting current productivity mechanically. 

 

All variables are expressed relative to the United States: 

𝑥~ =
𝑥

𝑥𝑈𝑆,𝑡
. 

The United States is used as a stable benchmark frontier economy. This gives upward movement a clear 

interpretation: closing part of the productivity gap with a fixed reference. The normalization does not imply that 

the United States leads in every sector or that successful economies must reproduce its sectoral structure. 

Comparative advantage can support high income away from particular technological frontiers; the object here is 

broad productive efficiency relative to a transparent benchmark. 

 

Transitions are measured over five-year intervals. Annual movements are dominated by business cycles, 

temporary shocks, and measurement error, while longer intervals sharply reduce the number of observations. 

Five years is a compromise and is better matched to technology adoption, organizational change, and 

capability formation than annual data. 
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Let 𝜓𝑡denote the distribution of countries across states at time 𝑡. Its evolution is 

𝜓𝑡+𝜏 = 𝜓𝑡𝑃. 

Under standard regularity conditions, the process admits a stationary distribution 𝜓 satisfying 

𝜓 = 𝜓 𝑃. 

The stationary distribution is not a forecast. It summarizes the persistence embedded in an estimated transition 

matrix if that matrix were repeated indefinitely. Concentration near the frontier indicates a mobility process 

favorable to convergence; dispersion indicates persistent relative differences. The long-run exercises below 

use stationary distributions only in this conditional sense. 

 

We report transition probabilities, mean exit times, mean first-passage times, and a convergence statistic 

based on the second-largest eigenvalue of P. Exit times translate persistence into the expected time required 

to leave a state; first-passage times report the expected time to reach another state for the first time. These 

translations are economically useful because a seemingly small five-year probability can imply persistence over 

generations. 

 

Following Kremer et al. (2001), we summarize convergence toward the stationary distribution using 

𝛾 =
−𝑙𝑜𝑔 2

𝑙𝑜𝑔 |𝜆2|
, 

where 𝜆2is the second-largest eigenvalue of 𝑃in absolute value. Since 𝛾is measured in transition periods, we 

multiply it by the interval length when reporting years. Lower values correspond to faster convergence toward 

the stationary distribution. 

 

Discretizing a continuous distribution inevitably loses information. The baseline uses fixed thresholds so that 

moving upward closes a fixed part of the frontier gap rather than merely improving rank in a moving cross-

section. Robustness checks use absolute thresholds, time-varying quartiles, terciles, quintiles, and a longer 

transition horizon. Transition probabilities are sample-frequency maximum-likelihood estimates under the 

Markov approximation; standard errors follow Anderson and Goodman (1957), with country-block bootstrap 

inference where appropriate (see also Imam and Temple 2026a, 2026b). 

 

3.2 Decomposing relative productivity 

To study the sources of relative productivity differences, we use the Caselli–Coleman framework. Output per 

worker in country 𝑖is written as 

𝑌𝑖 = 𝐾𝑖
𝛼(𝐴𝑖𝐸𝑖)

1−𝛼 , 

where 𝐾𝑖is physical capital, 𝐴𝑖total factor productivity, and 𝐸𝑖effective labor. We set the capital share 𝛼equal to 

one-third throughout. 

 

Effective labor is constructed from skilled and unskilled labor using a CES aggregator: 

𝐸𝑖 = [(𝐴𝑢,𝑖𝐿𝑢,𝑖)
(𝜎−1) 𝜎⁄ + (𝐴𝑠,𝑖𝐿𝑠,𝑖)

(𝜎−1) 𝜎⁄ ]
𝜎 (⁄ 𝜎−1)

, 

where 𝐿𝑢,𝑖and 𝐿𝑠,𝑖denote unskilled and skilled labor, and 𝜎is the elasticity of substitution between the two 

groups. 

 

The decomposition can then be written as 

𝑙𝑜𝑔 (
𝑇𝐹𝑃𝑖

𝑇𝐹𝑃𝑈𝑆
) = 𝑙𝑜𝑔 (

𝐴𝑢,𝑖

𝐴𝑢,𝑈𝑆

) + 𝑙𝑜𝑔 (
𝐵𝑖

𝐵𝑈𝑆

) + 𝜀𝑖 . 
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Here B is the effective-labor term implied by workforce composition under the maintained common skill-

premium assumptions. The first term is a relative-efficiency component; it should not be interpreted as a pure 

technology measure. The residual collects what the two-part accounting representation does not explain. The 

exercise asks a narrow question: how much of the observed productivity gap can workforce composition 

account for before broader efficiency, organization, and implementation margins must enter? 

 

A small composition term would not show that human capital is unimportant. It would show that the direct static 

channel is insufficient. Human capital may instead matter through the transition process by helping economies 

absorb, adapt, and implement technologies. The decomposition is therefore a diagnostic bridge to the mobility 

analysis, not a structural allocation of TFP to named mechanisms. 

 

Two assumptions are especially important. Following Caselli and Coleman (2006), the baseline imposes a 

common skill premium across countries. We also report alternative elasticities of substitution between skilled 

and unskilled labor, including the preferred Caselli–Coleman calibration, a Cobb-Douglas benchmark, and 

higher-substitution cases. The robustness question is whether any plausible calibration makes workforce 

composition large enough to overturn the mobility interpretation. 

 

3.3 Human capital and mobility 

The transition analysis then asks whether human capital is associated with the mobility process rather than 

only with current productivity levels. 

 

We first estimate separate transition matrices for human-capital regimes. We then let the data select the split. 

For each candidate threshold tau, observations below and above tau are assigned separate transition matrices, 

and the likelihood gain relative to a pooled matrix is recorded. Candidate cutoffs must leave adequate 

observations in each regime. The selected threshold maximizes the likelihood-ratio statistic. This is a test for 

heterogeneous mobility regimes, not an attempt to impose convergence clubs by construction. 

 

The threshold is not a precise law of development. Measured human capital proxies for education quality, 

cognitive skills, management, organizational depth, state capacity, and the ability to adapt technology. The 

estimated split is therefore best interpreted as a diagnostic of where the transition process changes most 

sharply, not as a causal treatment effect or a mechanical tipping point. We use the term capability regime to 

make that limitation explicit. 

 

A useful complementary check is regression-adjusted mobility. The transition matrices condition on the initial 

state by construction, but one may still ask whether human capital predicts upward mobility after controlling for 

initial productivity, income, region, and period effects. We therefore estimate specifications of the form 

𝑃𝑟(𝑠𝑖,𝑡+𝜏 > 𝑠 ) = 𝐹(𝛼𝑠(𝑖,𝑡) + 𝛽ℎ + 𝛤𝑍 + 𝜌𝑟 + 𝛿𝑡), 

where sᵢₜ is the productivity state, hᵢₜ is measured human capital, Zᵢₜ is a vector of controls including log income 

per capita, and ρᵣ and δₜ denote region and period fixed effects, respectively. These regressions are supporting 

checks, not a separate identification strategy. They ask whether the transition-matrix pattern remains visible 

after familiar conditioning; they do not identify the causal effect of schooling. 

 

3.4 AI counterfactuals 

The AI exercises are comparative statics under two interpretations. In the first, AI is skill-augmenting 

technological change and raises the productivity parameter attached to skilled labor: 

𝐴𝑠,𝑖
′ = (1 + 𝜃)𝐴𝑠,𝑖 , 𝜃 > 0. 
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Under this channel, gains depend on the existing supply of skilled labor and the production systems in which it 

is used. Economies with larger skilled workforces benefit more immediately. The exercise captures the 

possibility that AI raises the return to existing capabilities without changing the process through which countries 

acquire productive capability. 

 

In the second interpretation, AI is a diffusion technology. By lowering the cost of codifying, translating, 

diagnosing, adapting, and applying knowledge, it may raise the probability that low-productivity economies 

move upward. This channel operates through the transition matrix rather than the workforce-composition term. 

 

Neither exercise is a forecast. They show what would have to be true for AI to narrow rather than reinforce 

relative development gaps. The framework deliberately abstracts from labor displacement, capital ownership, 

changes in factor shares, and cross-border rents. Those outcomes matter for welfare and distribution, but they 

are distinct from the productivity-mobility margin studied here. 

 

IV. Data 

The analysis combines three standard sources, each used for the task it is best suited to perform. The 

Maddison Project describes the long-run evolution of relative income. Penn World Table 11.0 supplies 

internally consistent measures of output, capital, employment, human capital, and TFP. Barro-Lee educational-

attainment data provide the skilled and unskilled labor shares used in the Caselli–Coleman decomposition. 

 

The main production sample uses Penn World Table 11.0 (Feenstra, Inklaar, and Timmer 2015) over 1960–

2015 in non-overlapping five-year intervals. The endpoint aligns the production data with the educational-

attainment series and avoids treating the exceptional 2020 observation as an ordinary medium-run transition. A 

separate 2020 PWT cross-section is used only to illustrate the accounting decomposition and does not enter 

the baseline mobility estimates. 

 

The Maddison Project Database (Bolt and van Zanden 2020) documents long-run relative-income persistence. 

The production-function and mobility exercises use PWT 11.0 because they require mutually consistent 

measures of output, capital, employment, human capital, and TFP. The two sources answer different empirical 

questions rather than provide competing estimates of the same object. 

 

Educational attainment comes from Barro and Lee (2013), updated through 2015. Skilled labor is the share of 

the population aged 25 and over with completed secondary education or more. The auxiliary 2020 

decomposition matches PWT outcomes to the latest available attainment observation. This is a coarse 

measure; it does not capture school quality, cognitive skill, management, or technological adaptability. A 

separate mobility comparison therefore uses Hanushek and Woessmann’s (2012) cognitive-skill data. 

 

All principal variables are expressed relative to the United States. The mobility analysis uses the PWT human-

capital index, rescaled so that the United States equals one in each year; the decomposition uses Barro-Lee 

attainment shares. The distinction is intentional. The first measure classifies time-varying human-capital 

regimes, while the second enters the skilled-unskilled effective-labor calculation. 
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Coverage differs across exercises because the required variables differ. The pooled decomposition uses 120 

countries and 1,186 country-period observations. The baseline relative-TFP transition matrix uses 1,097 five-

year transitions; the capital-output and human-capital matrices use larger samples. Each observed country-

period transition receives equal weight, so countries with longer usable histories contribute more transitions. 

The matrices therefore describe mobility across national economies rather than population-weighted global 

mobility. 

 

The baseline classifies relative TFP into four states using thresholds from the 1975 cross-section, held fixed 

thereafter. The early benchmark avoids the thinner coverage of 1960 while preserving a stable state space. 

Upward movement therefore means closing a fixed portion of the productivity gap, not merely improving rank. 

Alternative absolute and rank-based state definitions test the sensitivity of this choice. 

 

Transition probabilities are estimated from observed frequencies. Anderson-Goodman standard errors are 

reported where appropriate, and country-block bootstrap procedures are used for threshold inference and 

nonlinear functions of the estimated matrices. The threshold exercise uses 300 bootstrap replications. These 

procedures acknowledge that repeated observations for the same country are not independent. 

 

Three limitations deserve emphasis. Educational attainment is an imperfect proxy for capability. International 

productivity comparisons are sensitive to PPP adjustments, national-accounts quality, and the construction of 

TFP, especially in lower-income economies. Finally, the United States is a benchmark rather than a universal 

sectoral frontier. These concerns motivate the alternative skill measure, state definitions, and restrained 

interpretation of the threshold. 

 

The sample retains economies with complex transition histories, including successor states of the former Soviet 

Union and Yugoslavia, when the required observations are usable. Excluding such cases would select the 

sample toward stable national histories and successful development paths. The results should therefore be 

read as describing the postwar cross-country distribution, with the usual caution around institutional and 

statistical breaks. 

 

The long-run benchmark is stark. Countries’ positions in the relative income distribution are highly persistent 

even when absolute incomes rise. 

 

 

V. Relative Income Dynamics: A First Look 

The first empirical fact is the persistence of relative income positions. Convergence cannot be inferred from the 

spread of inputs or from positive growth alone; it requires countries to move toward the frontier relative to 

others. 

 

Income is measured relative to the United States. The question is not whether poorer economies grow, many 

do, but whether they grow enough, and persistently enough, to enter a different part of the relative distribution. 

Average convergence and lower-tail immobility can therefore coexist. Relative persistence should not be 

confused with absolute stagnation. An economy can grow, reduce poverty, and improve living standards while 

still failing to close the gap with the frontier. The concern here is the foregone gain from catch-up, not a claim 

that relative persistence implies no development. 
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A narrowing distribution also does not reveal which countries moved. Convergence can reflect catch-up from 

below, relative decline from above, or both. Imam (2026) shows that economies above their predicted long-run 

trajectories subsequently grow more slowly and are more likely to move down the world income distribution. 

Distribution dynamics are useful precisely because they distinguish these movements rather than treating every 

compression of income gaps as catch-up. 

 

Figure 1 tracks the share of countries in fixed relative-income states using Maddison Project data for 1960–

2015. The distribution changes, but slowly. The lower tail remains large and the upper tail stable. The world 

distribution is neither frozen nor fluid: mobility is limited, especially at the extremes. This is why distribution 

dynamics reveal something that average growth regressions can miss (Pritchett 1997; Quah 1993, 1996). 

 

Figure 1. Evolution of the relative income distribution, 1960–2015. 

 

Share of countries in fixed relative-income states, measured as GDP per capita relative to the United States. State thresholds are 

fixed over time, so movements reflect changes in relative position rather than redefinition of the state space. Source: Authors’ 

calculations from the Maddison Project Database 2020. 

 

Table 1 reports the corresponding five-year transition matrix. States are defined from the 1975 distribution and 

held fixed, so upward movement closes a fixed part of the income gap rather than merely improves rank. The 

persistence pattern also survives alternative state definitions. 

 

Persistence is high at both ends. Economies in the lowest state remain there with probability 0.943 over five 

years; economies in the highest state remain there with probability 0.931. Movements are mostly local, and 

jumps from the bottom to the top are absent. The lower tail is therefore not simply a set of countries observed 

to be poor at one date. It is a durable part of the world distribution. 
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Appendix A translates these probabilities into development time. The mean exit time from the lowest income 

state is 87.7 years, and the mean first-passage time from the bottom to the top is 330.8 years. These are not 

forecasts. They express the persistence embedded in the estimated process in units that are easier to interpret. 

 

Expressed in years, the persistence is easier to see. An 87.7-year mean exit time is not a calendar forecast for 

a particular country. It says that a five-year persistence probability of 0.943, when repeated as a statistical 

process, describes a state that can last across generations. What looks like a small difference in a transition 

probability can therefore represent a large difference in development experience. 

 

Nor are transition probabilities invariant to shocks. Imam and Temple (2026c) show that conflict and debt crises 

help explain the persistence of low relative income by changing upward and downward mobility. The matrices 

here average over such episodes. They summarize the realized postwar transition process rather than a 

structural law that applies unchanged in crises and tranquil periods. 

 

Over the same period, schooling expanded, investment increased, and access to modern technologies 

broadened, yet relative income positions changed only gradually (Quah 1996; Feyrer 2008; Imam and Temple 

2026a, 2026b; Patel, Sandefur, and Subramanian 2021). Persistence could reflect slow input accumulation or 

the harder problem of slow productivity mobility. 
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VI. Proximate Determinants: Capital, Human 

Capital, and Productivity 

Relative-income persistence can originate in observable inputs or in productivity itself. If capital, human capital, 

and TFP all move slowly, the evidence points to a broad failure of accumulation. If inputs move more readily 

than TFP, economies may acquire machines and schooling without comparable improvements in how those 

inputs are combined and used. 

 

We apply the transition framework to the capital-output ratio, measured human capital, and relative TFP. The 

result is a clear asymmetry. Capital and human capital display more directional mobility; relative TFP is more 

persistent, especially in the lower tail. The world economy has narrowed gaps in measurable inputs more 

readily than gaps in productive efficiency. 

 

Figure 2. Transition Matrices: Proximate Determinants 

 
Note: Five-year transition probabilities from row state to column state; darker cells indicate higher probabilities. Diagonal 

entries measure persistence. Panels show the capital-output ratio, the human-capital index, and relative TFP. The full 

capital-output and human-capital transition matrices underlying the first two panels are reported in Appendix B. The relative-

TFP matrix underlying the third panel is reported in Table 3. Source: Authors’ calculations from Penn World Table 11.0. 

 

Figure 2 shows the contrast. Capital-output ratios display substantial upward mobility: countries in the bottom 

state leave it with probability 0.327 over five years, and movement from the middle states is often toward higher 

states. Capital deepening is not frictionless, but its direction is clear. Human capital moves more slowly but 

more monotonically. The bottom state has an upward-mobility probability of 0.156, downward movements are 

rare, and the top state is highly persistent. This pattern is consistent with the postwar expansion of schooling: 

measured human capital behaves like an accumulating stock rather than a volatile residual. 

 

Relative TFP is different. The lowest state has five-year persistence of 0.886, so upward movement from Q1 is 

only 0.114. In the middle of the distribution, movement is not uniformly progressive.  

 

From Q3, downward movement to Q2 is more common than upward movement to Q4. The top state also 

exhibits churn, but weak upward mobility from below prevents this from becoming convergence. The implied 

stationary mass in Q4 is only 8.9 percent, compared with 77.1 percent for capital-output and 90.3 percent for 

human capital. 
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Table 2. Mobility Statistics Across Proximate Determinants. 
Variable P(Q1,Q1) Mean exit Q1 (years) P(Q1→Q2,Q3,Q4) P(Q4,Q4) Stationary Q4 mass Number of transitions (NT) 

Capital-output ratio (K/Y) 0.673 15.3 0.327 0.921 0.771 1208 

Human capital (PWT hc) 0.844 32.1 0.156 0.988 0.903 1441 

Relative TFP (PWT ctfp) 0.886 44.0 0.114 0.660 0.089 1097 

Note: Summary statistics derived from the three transition matrices visualized in Figure 2. P(Q1,Q1) is five-year persistence in the 

bottom state. Mean exit Q1 is the expected number of years required to leave the bottom state. P(Q1→Q2,Q3,Q4) is the probability 

of upward movement from Q1 within five years. P(Q4,Q4) is persistence in the top state. The stationary Q4 mass is the long-run 

share implied by the estimated transition matrix and should not be interpreted as a forecast. States are defined using the same fixed 

thresholds as in Figure 2: K/Y and human capital use {0.36, 0.48, 0.64} of the U.S. level; relative TFP uses 1975 cross-sectional 

quartile thresholds. Source: Authors’ calculations from Penn World Table 11.0. 

 

Table 2 summarizes the economically relevant contrasts. Mean exit time from Q1 is 15.3 years for capital-

output, 32.1 years for human capital, and 44.0 years for relative TFP; upward mobility from Q1 is 0.327, 0.156, 

and 0.114, respectively. The ordering is unambiguous. Because capital and schooling are cumulative stocks, 

their stationary distributions should not be read as comparable welfare forecasts; they are reported only as 

summaries of directionality and persistence. 

 

A stricter comparison places all three variables on the same 1,097 transitions and defines each state by its 

fixed 1975 non-U.S. quartiles. Mean exit from Q1 is then 16.1 years for capital intensity, 31.5 for human capital, 

and 44.0 for TFP; upward mobility is 0.310, 0.159, and 0.114. The ordering therefore does not arise from 

different samples or state boundaries. 

 

The result does not imply that inputs converge quickly or that productivity never changes. It is narrower. When 

observable inputs move, they tend to move upward, while productivity mobility is more local, reversible, and 

unlikely to carry countries into the near-frontier state. This asymmetry changes the diagnosis of slow 

convergence. If countries can accumulate capital and schooling without comparable movement in TFP, the 

bottleneck cannot be accumulation alone; the harder problem is converting accumulated inputs into higher 

productivity. Machines and schooling travel more easily than the production systems that use them well. As 

gaps in capital and schooling narrow, the dynamics of productivity become increasingly important for relative 

income. 

 

The distinction is familiar at the micro level. A machine can be purchased in a single transaction; the routines 

needed to maintain it, finance complementary inputs, train workers, manage inventories, and reach customers 

accumulate more slowly. Schooling is similar: years of education can rise without firms simultaneously 

acquiring the management and organizational capital needed to use more educated workers effectively. The 

aggregate transition matrices appear to capture this difference between acquiring inputs and learning to use 

them. 

  



 

INTERNATIONAL MONETARY FUND 18 

 

Table 3. Relative TFP transition matrix, 1960–2015. 

From / To <0.65 <0.88 <1.04 >=1.04 N_transitions 

<0.65 0.886 0.111 0.002 0.000 449 

 (0.015) (0.015) (0.002) (0.000)  

<0.88 0.185 0.640 
0.155 0.020 297 

 (0.023) (0.028) (0.021) (0.008)  

<1.04 0.019 0.271 0.551 
0.159 207 

 (0.010) (0.031) (0.035) (0.025)  

>=1.04 0.000 0.056 0.285 0.660 
144 

 (0.000) (0.019) (0.038) (0.039)  

Stationary 0.479 0.278 0.154 0.089  

Note: Five-year transition probabilities for relative total factor productivity. State boundaries are the 1975 cross-sectional quartiles of 

relative TFP, held fixed thereafter; this is the same construction used in the right panel of Figure 2. Standard errors are in 

parentheses below each point estimate; diagonal entries are shown in bold. Source: Authors’ calculations from Penn World Table 

11.0. 

 

Table 3 reports the relative-TFP transition matrix. The lower tail is sticky, transitions out of Q1 are 

overwhelmingly local, and jumps from the bottom to the frontier state are absent. The middle is not a smooth 

ladder: from Q3, downward movement to Q2 is more common than upward movement to Q4. Productivity 

mobility is therefore constrained rather than a common escalator toward the frontier. 

 

TFP is not a primitive force independent of capital and human capital. It is a residual that also reflects 

management, sectoral allocation, institutions, technology use, and measurement error. Its persistence does not 

mean that technology never crosses borders. It means that broad productive systems change more slowly than 

observable inputs. 

 

Many developing economies have expanded schooling, accumulated capital, and gained access to modern 

technologies, yet sustained movement toward frontier productivity remains rare. The finding adds a dynamic 

dimension to development accounting: productivity accounts for much of the cross-country variation in income 

levels, and the differences are themselves persistent. 

 

Workforce composition is the most immediate candidate explanation for the productivity gap. If it is 

quantitatively small, measured human capital may matter more as a marker of the capabilities governing 

movement through the productivity distribution. 
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VII. Decomposing Relative Productivity: 

Efficiency versus Workforce Composition 

Relative TFP combines technology use, workforce composition, management, allocation, institutions, and 

measurement error. The transition matrices show that it moves slowly, but not which component is responsible. 

The immediate question is whether persistence is mainly a disguised skill-composition problem. If so, 

expanding skills should close most of the gap. If not, the harder issue is how skills and technologies are used 

inside firms and production systems. 

 

The Caselli–Coleman decomposition provides a disciplined accounting check. It separates a workforce-

composition term from a relative-efficiency term and a residual. None of these terms should be given a 

structural interpretation. The exercise asks only whether the static composition channel is quantitatively large 

enough to carry the convergence story. 

 

It is not. The direct workforce-composition term is too small to account for most observed productivity 

differences. Human capital may still matter, but mainly through a broader channel: by supporting the 

absorption, adaptation, and implementation of technologies over time. 

 

 

Figure 3. Relative-Efficiency and Workforce-Composition Components of Relative Productivity, 2020 

 

Note: Each point is a country in the auxiliary 2020 cross-section. The horizontal axis reports the relative-efficiency component, 

log(A_u/A_u,US), and the vertical axis the workforce-composition component, log(B/B_US). Colors distinguish human-capital 

quartiles. The figure is an accounting illustration; it is not used to estimate the 1960–2015 transition matrices. Source: Authors’ 

calculations from Penn World Table 11.0 and the educational-attainment data described in Section IV. 
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Figure 3 makes the point visually. Cross-country variation is much greater along the relative-efficiency axis than 

along the workforce-composition axis. High-human-capital economies tend to lie farther to the right, but the 

relationship is not one in which workforce composition mechanically maps into productivity. 

 

The visual pattern rules out a simple composition story. Countries with similar measured human capital can be 

embedded in very different production systems. Schooling may become more equal while the productive use of 

skills remains uneven—the accounting counterpart of asymmetric productivity mobility. 

 

Put differently, counting skilled workers is not the same as measuring what skilled workers can accomplish. 

Engineers and technicians with similar formal education can generate very different output depending on the 

equipment they use, the quality of management, the information available to them, and whether firms have the 

finance and incentives to reorganize production. The decomposition is useful precisely because it shows how 

much remains after the readily measured composition effect has been taken out. 

 

Table 4 quantifies the same point. Mean relative TFP rises across human-capital quartiles, but the movement is 

much larger in the relative-efficiency term than in workforce composition. The sign and level of the composition 

term depend on the common skill-premium calibration and normalization. The robust conclusion is limited but 

important: workforce composition contributes to productivity differences, but does not dominate them. 

 

Table 4. Caselli–Coleman Decomposition of Relative TFP by Human-Capital Quartile, Auxiliary 2020 

Cross-Section 

HC group (cross-section) N Mean rel. TFP log(TFP/TFP_US) obs. log(A_u / A_u_US) log(B / B_US) log residual 

Q1 (low HC) 29 0.486 -0.782 -2.469 0.312 1.375 

Q2 29 0.657 -0.484 -1.52 0.371 0.665 

Q3 28 0.727 -0.368 -0.991 0.23 0.393 

Q4 (high HC) 29 0.759 -0.304 -0.671 0.079 0.288 

Note: The auxiliary cross-section uses 2020 PWT outcomes and the educational-attainment inputs described in Section IV. 

The relative-efficiency component is log(A_u/A_u,US); the workforce-composition component is log(B/B_US). The residual 

includes cross-country skill-premium differences, measurement error, and all other omitted elements. This is an accounting 

decomposition of log relative TFP, not a variance decomposition. Pooled results and elasticity sensitivity are reported in 

Appendix E. Source: Authors’ calculations from Penn World Table 11.0 and Barro-Lee educational-attainment data. 

 

The residual is largest in the lowest human-capital quartile. This is not evidence for a particular omitted 

mechanism; it is a warning against reading the decomposition structurally. The exercise cannot separately 

identify technology, management, institutions, allocation, unobserved labor quality, and measurement error. It 

supports only the narrow conclusion that workforce composition alone is insufficient. 

 

The pooled 1960–2015 decomposition and alternative elasticities in Appendix E lead to the same qualitative 

result. Greater substitutability between skilled and unskilled labor enlarges the composition term, as it should, 

but no plausible calibration makes it the dominant source of the productivity gap. The static result therefore 

points toward a dynamic role for human capital. 

 

This helps interpret Pritchett’s (2001) finding that schooling expansions need not translate mechanically into 

growth. Measured human capital can rise while firms, management, institutions, and organizational capital 
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remain unable to use skills effectively. The remaining issue is whether broader capability is associated with 

movement toward the frontier. 

 

 

VIII. Human Capital and Productivity Mobility: 

An Estimated Capability Threshold 

Stronger measured human capital may be associated with a different transition process even when workforce 

composition explains little of the productivity gap—specifically, with faster exit from low-productivity states. 

 

The intuition is Nelson–Phelps with complementarities. An engineer is more useful when the firm can finance 

new equipment, managers can reorganize workflows, data are reliable, and infrastructure works; better 

management has less value if skilled workers or finance are missing. When these inputs are complements, the 

payoff to any one of them can rise sharply once enough of the others are in place. A threshold in measured 

human capital can therefore be a reduced-form marker of a broader change in the returns to adaptation, 

without being a literal schooling threshold (Acemoglu, Akcigit, and Johnson 2026). 

 

We estimate an endogenous sample split in the statistical sense: the cutoff is selected from the data rather 

than imposed. For each candidate tau, observations below and above the cutoff receive separate transition 

matrices, and the likelihood gain over a pooled matrix is recorded. Candidate cutoffs must leave adequate cell 

sizes. The selected value maximizes the likelihood-ratio statistic and tests whether one common mobility 

process is an adequate description. 

 

Figure 4. Likelihood-Ratio Profile and the Estimated Capability Threshold 

 
Note: Profile of the two-regime Markov log-likelihood as a function of the candidate human-capital threshold. The vertical dashed 

line marks the maximum-likelihood estimate. Source: Authors’ calculations from Penn World Table 11.0. 
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The estimated threshold is a diagnostic device, not a level at which development begins. Measured human 

capital proxies for cognitive skill, management, organizational depth, technological familiarity, and state 

capacity. The exercise tests for heterogeneous mobility regimes; it does not identify a causal schooling effect or 

a mechanical tipping point. We therefore place more weight on the regime contrast than on the numerical 

cutoff. 

 

Figure 4 shows a broad interior region of elevated fit rather than a sharply localized breakpoint. Allowing the 

transition process to differ across regimes improves the fit, but does not establish a mechanical tipping point. 

The estimated cutoff is 0.676 of the U.S. human-capital index, with a 95 percent bootstrap interval from 0.398 

to 0.841. Because the interval spans much of the middle of the distribution, the evidence is stronger for mobility 

heterogeneity than for a precise numerical threshold. Under the estimated split, mean time to leave the lowest 

productivity state is 64.8 years below the cutoff and 25.4 years above it. 

 

For transparent comparisons elsewhere in the paper, Table 6 uses an operational cutoff of 0.64, close to the 

point estimate and identical to the upper human-capital state boundary used in the transition analysis. The 

purpose is comparability, not a claim that 0.64 is a structural constant. 

 

 

  Table 5. Estimated Capability Threshold 

Statistic Value 

Endogenous HC threshold τˆ 0.676 

95% bootstrap CI lower 0.398 

95% bootstrap CI upper 0.841 

LR at τˆ 60.57 

Bootstrap replications 300 

Mean exit time from Q1 | HC < τˆ 
(years) 

64.8 

Mean exit time from Q1 | HC ≥ τˆ 

(years) 
25.4 

Exit-time ratio (Low/High)   2.55× 

N transitions, HC < τˆ 632 

N transitions, HC ≥ τˆ 476 

Note: Threshold τ̂ = 0.676, estimated by adapting Hansen’s (2000) sample-splitting approach to a two-regime Markov 

likelihood. The 95 percent confidence interval is obtained by country-block bootstrap with 300 replications. Mean exit times 

report the expected years required to leave the lowest relative-TFP state under the estimated transition process. The 

effective threshold-search sample differs slightly from the baseline transition-matrix sample; the replication files report the 

exact observations used in each exercise. Source: Authors’ calculations from Penn World Table 11.0. 

 

The contrast is large. In the low-capability regime, Q1 persistence is 0.922 and only 7.8 percent of observations 

move upward over five years; the stationary distribution assigns 68.8 percent of mass to Q1 and 5.2 percent to 

Q4. Above the operational cutoff, Q1 persistence falls to 0.826, upward mobility rises to 17.4 percent, and 
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stationary Q4 mass reaches 12.8 percent. Higher-capability economies do not converge instantly; low 

productivity is simply less persistent. 

 

Table 6. Mobility Statistics by Capability Regime 

 
Note: Summary statistics from separate relative-TFP transition matrices estimated for observations below and above the 

operational human-capital cutoff of 0.64. The conditional rows use observations with the required human-capital 

classification; the unconditional row uses the full baseline relative-TFP sample. Mean exit time is the expected number of 

years required to leave the lowest productivity state. Mean first-passage time reports the expected years required to move 

from the lowest to the highest productivity state under the estimated transition process. Stationary masses summarize the 

estimated Markov chains and should not be interpreted as forecasts. Full transition matrices and supporting counts are 

reported in Appendix D. Source: Authors’ calculations from Penn World Table 11.0. 

 

 

The difference is most intuitive in development time. Under the operational split, mean exit time from Q1 falls 

from 64.3 to 28.7 years, and expected passage from Q1 to Q4 from 368.5 to 177.0 years. These conditional 

waiting times show how small differences in five-year mobility cumulate into differences measured in 

generations rather than percentage points. 

 

Figure 5. Joint Distribution of Human-Capital and TFP States 

 
Note: Left panel reports pooled country-year counts in each human-capital state and TFP state. Right panel reports the 2015 cross-

section. In the 2015 cross-section, the high-TFP/low-HC region is empty; in the pooled panel such observations exist but are rare. 

Supporting counts are reported in the appendix. Source: Authors’ calculations from Penn World Table 11.0. 
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Figure 5 is a cross-sectional check, not the main evidence. In 2015, no country combines the lowest human-

capital state with frontier-level TFP; in the pooled panel, such observations exist but are rare. This does not 

prove a threshold mechanism. It establishes an asymmetry: schooling without frontier productivity is common, 

while sustained frontier productivity with very low measured human capital is difficult to find. 

 

Regression-adjusted mobility provides a stricter test by conditioning on the initial productivity state and familiar 

controls. These estimates complement rather than replace the full transition matrices. 

 

 

Table 7. Regression-Adjusted Mobility in Relative TFP 

 
Note: Dependent variable is an indicator for upward movement in the relative-TFP state over the next five years; one specification 

focuses on leaving Q1, and another restricts the sample to the lower tail. Upward-mobility samples exclude origins in the top state, 

which cannot move upward. Baseline specifications condition on the initial productivity state and period effects. Additional 

specifications add log GDP per capita and/or region fixed effects. Logit rows report average marginal effects; linear probability model 

rows report coefficients; GEE logit specifications report log-odds coefficients. Country-clustered standard errors are in parentheses. 

Estimates are associations, not causal effects. Source: Authors’ calculations from Penn World Table 11.0. Asterisks denote 

statistical significance at the 10 percent (*), 5 percent (**), and 1 percent (***) levels. 

 

 

The discrete specifications show that the regime contrast is concentrated among economies that begin in the 

lowest-productivity state, Q1. This is economically intuitive. The distinction matters most where the productivity 

gap is largest and where upward mobility is rare. At the same time, the estimated relationship becomes 

substantially weaker once we control more flexibly for where countries start within Q1. When exact initial 

productivity is included as a flexible control, the coefficient on continuous human capital falls from 0.417 to 

0.150 (p = 0.068). Adding initial income reduces it further to 0.028 (p = 0.790). This matters for interpretation. 

Crossing the Q1 boundary is partly a function of how close an economy already is to that boundary and of its 

broader level of development. The threshold result should therefore not be read as an independent causal 

effect of human capital or as evidence of a sharp structural tipping point. 

 

A less discontinuous measure of mobility produces a more robust pattern. Instead of asking whether a country 

crosses a particular state boundary, we examine five-year growth in log relative TFP. Conditional on a cubic in 

exact initial productivity, a one-unit increase in human capital relative to the United States is associated with 

0.222 higher five-year growth in log relative TFP. The coefficient remains 0.200 after controlling additionally for 

income and capital intensity (p < 0.001). Similar estimates are obtained for welfare-relevant TFP, national-price 
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TFP growth, and labor-productivity growth. Country fixed effects weaken the precision of the ctfp estimate, 

although the coefficient remains positive, while the national-price TFP estimate remains positive and 

statistically significant. These regressions are descriptive rather than causal. Their value is that they show that 

the human-capital relationship is not confined to crossing an arbitrarily defined state boundary. 

 

The broader mobility relation also does not depend on a searched absolute cutoff. A fixed within-year median 

split, which avoids selecting a threshold from the data, implies a mean exit time from Q1 of 79.1 years for 

observations below the median and 28.0 years for those above it. Equality of the full transition matrices is 

rejected in a 1,000-replication country-block permutation test (p = 0.001). The predictive evidence points in the 

same direction. The fixed-rank specification improves both early-to-late and late-to-early prediction and 

performs better in eight of ten country folds. When human capital enters smoothly rather than through a 

discrete split, it improves held-out transition prediction in all fifty repeated country-fold assignments. Moreover, 

human capital residualized on income, period effects, and initial productivity state continues to contain 

information about the transition matrix (p = 0.022). The precise numerical cutoff therefore moves across 

samples and specifications, but the broader information contained in measured human capital about 

productivity mobility is considerably more stable. 

 

Taken together, these results help reconcile the human-capital literatures and sharpen Pritchett’s puzzle. 

Measured human capital contributes only modestly to the static decomposition of productivity differences, yet it 

is informative about the expected duration of low-productivity states and about subsequent productivity growth. 

The distinction is between a stock and a conversion process. Schooling increases the stock of effective labor, 

but the wider capability bundle influences how quickly skills, capital, and knowledge are converted into reliable 

production. This helps explain why substantial increases in schooling need not translate mechanically into 

productivity convergence. Catch-up is more likely when education is connected to firms that use skills 

productively, managers able to reorganize production, finance for complementary investment, and institutions 

that support experimentation, learning, and technological adaptation. 

 

For AI, the implication is direct. Skill-augmenting AI can raise output by increasing the productivity of workers 

and firms that already possess the relevant capabilities, without necessarily changing a country’s position in the 

relative productivity distribution. Diffusion-enhancing AI operates on a different margin. To promote 

convergence, it must reduce the costs of learning, validation, adaptation, and implementation precisely where 

productive capability is weakest. The relevant question is therefore not only whether AI becomes widely 

available, but whether it changes the process by which low-productivity economies convert increasingly 

accessible knowledge into sustained productivity gains. 

 

 

IX. AI as Skill Augmentation and Diffusion 

Artificial intelligence sharpens the distinction between a frontier shift and a diffusion shift. It can raise output in 

every country without changing relative positions, and its aggregate gains can be distributed unevenly (Aghion, 

Jones, and Jones 2018; Korinek and Stiglitz 2018). Convergence requires AI to change the transition process, 

not merely the frontier. Skill augmentation and diffusion are therefore economically distinct channels. 

 

Technical capability, task exposure, access, adoption, adaptation, intensive use, productivity gains, and relative 

mobility are separate margins. Technical capability describes what an AI system can do; productive capability 
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describes whether firms and institutions can use it reliably at scale. A system may perform a task in principle 

while users lack data, suitable workflows, managerial capacity, or incentives to act on its output. Exposure is 

therefore not adoption, and adoption is not economic transformation. 

 

This distinguishes productivity mobility from AI exposure and preparedness. Exposure measures tasks that AI 

could affect, while preparedness indexes observable conditions for adoption (Cazzaniga et al. 2024). Capability 

regimes are outcome-based: they classify historical movement through the productivity distribution. 

Preparedness asks whether conditions for adoption are present; mobility asks whether productive capability is 

associated with escape from low productivity. 

 

Recent IMF work on Asia provides a useful complement. Che, Xin, and Yoshida (2026) show in a structural 

model that better-prepared economies adopt AI earlier, while weaker human capital and infrastructure delay 

adoption; reforms that strengthen these fundamentals bring adoption forward. Our historical evidence asks a 

related question on the other side of the adoption decision: once technologies are available, do stronger 

capabilities coincide with a greater probability of escaping low productivity? The transition evidence points in 

that direction, without identifying a causal effect. 

 

The narrower channel is skill-biased technological change. In the CES decomposition, AI raises the productivity 

of skilled labor, so identical access can generate different aggregate gains. Task-level substitution can coexist 

with firm- and economy-level complementarity: AI may automate drafting, coding, translation, or diagnosis while 

raising the value of judgment, validation, coordination, and organizational redesign. Knowledge can become 

abundant without productive capability becoming abundant. Economies able to act on cheaper codified 

knowledge gain first; the transition process changes only if AI also lowers the costs of experimentation, 

adaptation, training, and implementation. 

 

Table 8 is an accounting sensitivity exercise, not an estimate of aggregate AI effects. It raises the skill premium 

over a deliberately wide range and traces the workforce-composition term under stagnant and rising human-

capital paths. No probability is attached to the calibrations, and the broader mobility process is held fixed. 

 

Table 8. AI as a Skill-Biased Premium Shock: Composition-Channel Gap by Human-Capital Path 

AI scenario HC path log B (High HC) log B (Low HC) Composition gap ∆B 

Baseline (π =1.80) Stagnant HC 1.476 1.563 -0.088 

Baseline (π =1.80) Rising HC 1.476 1.653 -0.177 

Moderate AI (π =2.50) Stagnant HC 1.706 1.732 -0.025 

Moderate AI (π =2.50) Rising HC 1.706 1.85 -0.143 

Strong AI (π =3.00) Stagnant HC 1.838 1.829 0.009 

Strong AI (π =3.00) Rising HC 1.838 1.963 -0.125 

Note: Composition-channel gap under three calibrated AI premia , evaluated under stagnant and rising low-HC paths. Negative 

values indicate that the low-HC path attains a higher composition index than the high-HC benchmark under the maintained 

calibration; the purpose of the exercise is to trace how the composition channel changes as the AI premium rises, not to forecast 

aggregate AI effects. Source: Authors’ calculations. 
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As the AI premium rises, the composition gap narrows and can change sign under stagnant human capital; 

continued skill accumulation offsets part of the premium effect. Skill-biased AI therefore does not mechanically 

cause either convergence or divergence. The outcome depends on the initial distribution of skills and on 

subsequent capability formation. 

 

Figure 6 traces the same mechanism continuously. Higher AI premia favor economies with larger skilled-labor 

shares, while human-capital accumulation in initially weaker economies can offset part of the difference. 

Cheaper intelligence does not imply more equal productivity. 

 

The more optimistic channel is diffusion. AI can reduce the cost of codifying tacit knowledge, translating 

technical information, diagnosing production problems, and adapting frontier practices. Rapid adoption or large 

task-level gains need not appear immediately in aggregate productivity: data, training, workflow redesign, and 

organizational capital must be accumulated, and measured productivity may initially fall during installation 

(Brynjolfsson, Rock, and Syverson 2021). AI promotes convergence only if these changes raise mobility in low-

productivity economies. 

 

Within the diffusion channel, adoption and adaptation are distinct. Adoption puts a tool into use; adaptation fits 

it to local data, workflows, production constraints, and institutional settings. For follower economies, this 

adaptation margin is central: AI at the frontier can improve rapidly while users far from the frontier remain 

unable to reorganize production around it. 

 

Figure 6. Composition-Channel Gap ΔB as a Function of the AI Premium π

 

 

For follower economies, adaptation is pivotal. They need not build frontier foundation models; they do need to 

fit available tools to local languages, data, regulations, production processes, and service-delivery systems. 

Electrification offers the useful parallel: large gains arrived when factories reorganized around distributed 

power, not when an electric motor merely replaced steam (David 1990). The relevant object is the production 

system into which AI is introduced, not the model in isolation. 
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The implication is not to wait until every complement is in place, but to pair adoption with the investments that 

make adaptation productive—data, management, cognitive skills, infrastructure, competition, finance, and 

implementation capacity (van Ark 2026). These complements determine whether initial use becomes intensive 

use and whether intensive use raises productivity. 

 

The most valuable application need not use the largest model. A task-specific tool may matter more if it relaxes 

a binding local constraint and is embedded in a workflow that can act on its output. Data quality, human 

validation, electricity, connectivity, and institutional follow-through are therefore part of the technology’s 

effective productivity, not peripheral conditions (Acemoglu, Akcigit, and Johnson 2026; Schindler et al. 2026). 

 

The distinction is especially relevant for sub-Saharan Africa. Schindler et al. (2026) emphasize that the 

immediate challenge is not unusually high exposure to displacement, but the ability to adopt, adapt, and scale 

AI amid constraints in electricity, digital infrastructure, technical skills, and regulatory and institutional capacity. 

Those constraints map closely to the capability bundle considered here. The present paper adds a dynamic 

question: whether stronger capability is associated with movement toward frontier productivity. 

 

Three AI effects can coexist: frontier expansion, skill augmentation, and lower diffusion costs. Only the third 

can directly improve relative mobility, and even then the effect depends on local complements. AI may also 

alter labor demand, capital intensity, factor shares, trade, and the location of rents (Korinek and Stiglitz 2018); 

those channels are distinct from the question isolated here—whether AI shortens the duration of low-

productivity states. 

 

 

X. Long-Run Projections: Convergence under 

Alternative Mobility Regimes 

Alternative mobility regimes compare how the distribution evolves when AI augments existing capabilities or 

changes the transition process. They are conditional illustrations, not forecasts. 

 

Four regimes are considered. The baseline uses the unconditional relative-TFP matrix. The high-capability 

case applies the matrix estimated above the operational human-capital cutoff. Broad AI diffusion raises upward 

mobility across the distribution, while unequal AI diffusion concentrates the improvement among economies 

already in the stronger-capability regime. The exact matrices, perturbations, and row normalization are 

documented in the replication files. 

 

Applying the high-capability transition matrix substantially shortens persistence. After 100 years, the Q1 share 

is 0.262 rather than 0.482 and the Q4 share is 0.124 rather than 0.088. Mean exit time from Q1 falls from 44.0 

to 28.7 years, and passage time from Q1 to Q4 from 241.8 to 177.0 years. The result is not rapid convergence; 

it is a materially shorter duration in the lower tail. 

 

Broad AI diffusion also improves mobility without eliminating persistence. After 100 years, Q1 is 0.340 and Q4 

is 0.105. This regime has the fastest convergence statistic and a mean exit time similar to the high-capability 

case. The exercise shows that AI affects relative development only when it changes the transition probabilities 

themselves. 
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Table 9. Implied State Distributions under Alternative Mobility Regimes. 

Scenario Horizon Q1 Q2 Q3 Q4 γ (years) MET1 (years) Passage Q1→Q4 (years) 

Baseline (unconditional TFP) 25 years 0.510 0.276 0.140 0.074 21.2 44.0 241.8 

Baseline (unconditional TFP) 100 years 0.482 0.277 0.153 0.088 21.2 44.0 241.8 

Baseline (unconditional TFP) Stationary 0.479 0.278 0.154 0.089 21.2 44.0 241.8 

High-HC transition matrix 25 years 0.356 0.360 0.206 0.077 20.6 28.7 177.0 

High-HC transition matrix 100 years 0.262 0.353 0.262 0.124 20.6 28.7 177.0 

High-HC transition matrix Stationary 0.254 0.352 0.267 0.128 20.6 28.7 177.0 

Broad AI diffusion (scale =1.0) 25 years 0.398 0.353 0.171 0.077 17.2 28.6 187.6 

Broad AI diffusion (scale =1.0) 100 years 0.340 0.355 0.200 0.105 17.2 28.6 187.6 

Broad AI diffusion (scale =1.0) Stationary 0.337 0.355 0.202 0.106 17.2 28.6 187.6 

Unequal AI diffusion (scale =1.0) 25 years 0.555 0.239 0.128 0.078 25.2 58.8 285.9 

Unequal AI diffusion (scale =1.0) 100 years 0.545 0.235 0.133 0.087 25.2 58.8 285.9 

Unequal AI diffusion (scale =1.0) Stationary 0.543 0.235 0.134 0.088 25.2 58.8 285.9 

Note: Finite-horizon distributions start from the common 2015 unconditional relative-TFP distribution and are reported at 25-year 

and 100-year horizons, together with the stationary distribution implied by each transition process. γ is the convergence statistic 

defined in Section III. MET1 is the mean exit time from the lowest productivity state. Passage Q1→Q4 is the mean first-passage 

time from the lowest to the highest productivity state. Scenarios are conditional on the estimated transition matrices and should be 

interpreted as illustrative dynamics, not forecasts. Source: Authors’ calculations. 

 

 

Unequal AI diffusion is the cautionary case. Q1 remains above one half after a century and converges to a 

stationary share of 0.543; mean exit time rises to 58.8 years and passage time to Q4 to 285.9 years. AI is 

present, but its mobility benefits accrue where complementary capabilities already exist. Widespread use of AI 

need not imply widespread productivity mobility. 

 

The contrast between broad and unequal diffusion is therefore not about access but about where 

implementation capability is strong enough to change mobility. Figure 7 shows these paths directly: broad 

diffusion and the high-capability regime steadily reduce Q1 and raise Q4, whereas unequal diffusion leaves the 

lower tail large. 

 

Improvements are gradual because countries move state by state and persistence operates at every step. That 

gradualism is itself the point. Development gaps are rarely transformed by one spectacular jump; they are 

compounded from small differences in the probability of moving up, remaining in place, or slipping back. A 

technology that raises the chance of upward movement by only a few percentage points at each five-year step 

can have a large effect over a generation, even when no single period looks dramatic. 
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Figure 7. TFP State-Share Trajectories under Alternative Mobility Regimes, 0–200 Years. 

 

Note: Left panel reports the projected share of countries in the lowest TFP state, Q1. Right panel reports the projected share in the 

near-frontier TFP state, Q4. All paths start from the same 2015 unconditional relative-TFP distribution; dotted lines indicate 

stationary shares. The unequal-diffusion scenario leaves the lower tail most persistent, while broad diffusion and high-HC mobility 

reduce Q1 and raise Q4. Source: Authors’ calculations. 

 

The scenarios are therefore a mechanism test, not a forecast. AI compresses the lower tail only if lower 

implementation costs raise upward mobility in low-productivity economies; if gains depend mainly on 

capabilities already concentrated near the frontier, existing regimes persist. 

 

Cheaper translation, coding, diagnosis, or administrative support matters for convergence only if firms 

reorganize, workers use the tools effectively, and institutions support implementation. Widespread AI can 

coexist with stratified productivity mobility. 

 

  

XI. Robustness, Stability, and Interpretation 

The results depend on choices about state definitions, transition horizons, human-capital measurement, 

threshold estimation, and the decomposition calibration. None is innocuous. The relevant robustness question 

is not whether every number is invariant, but whether lower-tail productivity persistence and the capability-

regime contrast survive reasonable alternatives. 

 

The qualitative findings survive these alternatives. Magnitudes vary, as they should, but relative TFP remains 

slow-moving, lower-tail persistence remains large, and stronger capability is associated with greater upward 

mobility. The result is therefore not an artifact of one discretization, one horizon, or one measure of human 

capital. 

 

The first concern is the transition horizon and the first-order Markov approximation. Table 10 compares the 

directly estimated ten-year matrix with the matrix implied by two five-year steps. This is a descriptive Chapman-

Kolmogorov consistency check: it asks whether the broad mobility pattern survives a longer interval, not 

whether the Markov model is a structural law. 
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Table 10. Robustness to Transition Horizon 

Statistic 5-year baseline 10-year direct Difference 

γ (years) 21.186 12.102 -9.084 

MET Q1 (years) 44.020 29.923 -14.097 

Passage Q1→Q4 (years) 241.825 149.076 -92.749 

Stationary Q1 0.479 0.478 -0.001 

Stationary Q4 0.089 0.085 -0.004 

‖P₁₀ − P₅²‖F 
 

0.098 
Max |entry|: 

0.041 

N transitions (10-year) 978 
  

Note: The table compares a directly estimated ten-year transition matrix, P₁₀, with the two-step matrix P₅² implied by the 

baseline five-year process. ‖P₁₀ − P₅²‖F is the Frobenius norm of the difference. Source: Authors’ calculations from Penn 

World Table 11.0. 

 

The direct ten-year matrix implies faster movement than the five-year specification, but almost the same long-

run distribution. Stationary Q1 mass is 0.479 under the baseline and 0.478 under the direct ten-year matrix; 

stationary Q4 mass is 0.089 and 0.085. Timing estimates are horizon-sensitive, but the lower-tail conclusion is 

not. 

 

A second concern is temporal stability. Table 11 divides the sample before and after 1995, a period over which 

global value chains, digital technologies, and international integration expanded substantially. If these changes 

transformed productivity mobility, the two transition processes should differ. 

 

Table 11. Temporal Stability: TFP Mobility Statistics by Subperiod 

Statistic Early period (<1995) Late period (≥1995) 

Q1 persistence 0.870 0.911 

Upward mobility from Q1 0.130 0.089 

Mean exit time Q1 (years) 38.409 56.190 

Passage time Q1→Q4 (years) 152.481 452.799 

Stationary Q1 mass 0.350 0.612 

Stationary Q4 mass 0.154 0.036 

N transitions 517 476 

χ2 homogeneity test (p-value) 0.4500 

Note: The relative-TFP transition matrix is re-estimated for the early period (before 1995) and the late period (1995 onward). 

The chi-squared homogeneity test does not reject equality of the transition matrices at conventional levels. Source: Authors’ 

calculations from Penn World Table 11.0. 
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The homogeneity test does not reject equality of the transition matrices at conventional levels. The point 

estimates nevertheless show, if anything, greater lower-tail persistence after 1995: Q1 persistence rises from 

0.870 to 0.911 and upward mobility falls from 0.130 to 0.089. Wider access to global technology and markets 

did not automatically make the lower tail more mobile. 

 

The post-1995 comparison is informative for interpretation. This was a period of much wider access to digital 

technologies, global value chains, and codified knowledge, yet the lower tail did not become visibly more fluid. 

The pattern is consistent with the paper’s central distinction. Diffusion of tools can coexist with persistent 

differences in the capability to turn them into productivity. The homogeneity test is important precisely because 

it prevents reading the point estimates as evidence of a structural break. 

 

This is compatible with evidence of stronger average convergence after 1990. Average convergence can 

improve in the middle of the distribution while the lower tail remains persistent. The two statistics answer 

different questions: whether poorer economies grow faster on average and whether countries leave low-

productivity states. 

 

A third concern is discretization. The baseline fixed 1975 quartiles preserve an economic meaning over time, 

but any partition of a continuous distribution is contestable. Table 12 therefore reports alternative absolute 

thresholds, time-varying quartiles, terciles, and quintiles. 

 

Exact values change, but the qualitative result survives. Mobility remains slow under fixed quartiles, time-

varying quartiles, terciles, and quintiles. Absolute thresholds produce more apparent convergence because 

they ask a different question: whether countries cross fixed low levels, rather than whether they move through 

the historical distribution toward the frontier. 

 

Table 12. Robustness to State Definitions 

Specification StatesP(Q1,Q1)Upward Q1Exit Q1 Passage B→T Stat. bottom Stat. top N 

1975 quartile thresholds 

(main) 

 4 0.886 0.114 44.0 241.8 0.479 0.089 1097 

Absolute thresholds 

[0.20,0.40,0.70] 

 4 0.400 0.600 8.3 71.0 0.009 0.509 1097 

Time-varying quartiles  4 0.829 0.171 29.2 159.2 0.264 0.194 1097 

Terciles  3 0.863 0.137 36.5 103.4 0.358 0.293 1097 

Quintiles  5 0.820 0.180 27.8 205.9 0.214 0.154 1097 

Note: Mobility statistics under alternative discretizations of the productivity distribution: fixed 1975 quartiles, absolute 

thresholds, time-varying quartiles, terciles, and quintiles. Exit and passage times are in years; B and T denote the bottom 

and top productivity states. Source: Authors’ calculations from Penn World Table 11.0. 

 

A fourth concern is that schooling quantity may be a weak proxy for the capability relevant to diffusion. Table 13 

repeats the comparison using Hanushek–Woessmann cognitive skills for 69 countries. This replaces 

attainment with a measure closer to learning quality, though at the cost of a smaller and more selected sample. 

 

The contrast is at least as pronounced with cognitive skills, consistent with evidence linking cognitive skill to 

technology diffusion (Jones 2012). Low-skill economies have higher Q1 persistence, longer exit and passage 

times, and a stationary Q4 mass of 0.087, compared with 0.235 for the high-skill group. The restricted sample 

is not globally representative, so these values should not be generalized mechanically. They show that the 

capability-regime result is not an artifact of schooling quantity alone. 
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Table 13. Cognitive-Skills Robustness: Mobility by Hanushek–Woessmann Skill Group 

Group Threshold P[Q1,Q1] SE MET Q1 (yr) 90% CI Passage Q1→Q4 

(yr) 

Stationary 

Q1 

Stationary 

Q4 

N 

transitions 

N 

countries 

Low cognitive 

skills 

HW score ≤ 4.69 

(median) 

0.881 (0.028) 41.9 [29.5, 

61.7] 

196.6 0.467 0.087 334 34 

High cognitive 

skills 

HW score > 4.69 

(median) 

0.818 (0.047) 27.5 [17.1, 

45.8] 

111.0 0.098 0.235 321 35 

All countries All 0.860 (0.025) 35.7 [27.2, 

48.2] 

147.3 0.279 0.150 655 69 

Note: Sample restricted to the 69 countries with Hanushek–Woessmann cognitive-skills coverage. Countries are split at the median 

Hanushek–Woessmann score of 4.69. Mobility statistics are computed using the same relative-TFP state definitions as in the 

baseline. Source: Authors’ calculations using the Hanushek–Woessmann cognitive-skills measure merged with Penn World Table 

11.0. 

 

The cognitive-skill evidence also disciplines the AI interpretation. Access to advanced tools may diffuse quickly, 

but their productive use depends on learning quality, management, and organizational depth. The paper does 

not claim that cognitive skills are the sole mechanism; it shows that the accumulation-capability distinction 

survives a stricter measure.  

 

Appendix E varies the elasticity of substitution between skilled and unskilled labor. The workforce-composition 

term changes, as it should, but does not dominate the productivity gap under the reported calibrations. The 

human-capital argument therefore does not rest on one production-function parameter. 

 

The mobility ordering is not tied to the U.S. frontier. Replacing it with the 90th percentile, 95th percentile, or 

geometric mean of the five leaders changes the waiting times but preserves the low- versus high-capability 

ordering. Population weighting lengthens lower-tail persistence mainly because China and India receive large 

weight; excluding them restores estimates close to the unweighted results. Leave-one-country-out threshold 

searches preserve a higher-capability exit advantage in every case. The pattern is therefore not driven by a 

particular frontier or a single influential country. 

 

The remaining concerns are interpretive. Measured human capital is correlated with institutions, infrastructure, 

management, sectoral structure, culture, embodied skills, migration, and state capacity. It is best read as one 

observable marker of an inherited capability bundle, not as a deep historical determinant or a structural 

threshold. The fixed-rank and held-out exercises also clarify what is novel relative to convergence clubs and 

deep-history accounts. Historical forces help explain how capabilities were formed; the postwar evidence asks 

whether the inherited bundle predicts subsequent movement through the productivity distribution. It is a 

statement about mobility conditional on history, not a new stage theory of development. 

 

Across horizons, subperiods, state definitions, capability measures, frontiers, weighting schemes, and influence 

checks, the same empirical object remains visible: relative productivity has a persistent lower tail, and mobility 

is greater in stronger-capability regimes. The evidence identifies the transition process that AI would have to 

change, not every structural source of persistence. 

 

  

XII. Conclusion 

Will artificial intelligence help poorer countries catch up? The answer is conditional. Access to technology is not 

enough; convergence depends on whether economies can turn increasingly accessible knowledge into 
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sustained productivity gains and movement toward the frontier. The postwar record reveals a striking 

asymmetry between the accumulation of observable inputs and the mobility of productivity. On an identical 

sample and a harmonized state construction, the mean time to leave the lowest quartile is 16.1 years for capital 

intensity, 31.5 years for measured human capital, and 44.0 years for TFP. Countries therefore appear able to 

accumulate capital and measured human capital more readily than they are able to translate those inputs into 

sustained improvements in relative productivity. Technology can diffuse without producing productivity 

convergence. As machines, information, and formal skills become easier to acquire, the capacity to combine 

and use them productively becomes a more important margin of relative development. 

 

Workforce composition accounts for only a modest share of productivity gaps, yet measured human capital 

remains informative about mobility. The fixed within-year median split—chosen without threshold search—

implies mean exit times from the lowest-productivity state of 79.1 years below the median and 28.0 years 

above it. The broader relationship is not confined to crossing a discrete state boundary: smooth human-capital 

terms improve held-out transition predictions, and human capital remains positively associated with subsequent 

five-year relative-productivity growth across alternative productivity measures. Because flexibly controlling for 

exact initial productivity and income substantially weakens the discrete exit coefficient, the evidence supports a 

broad capability-related mobility gradient, not a causal schooling threshold or a universal tipping point. 

 

These results help reconcile two influential views of human capital. Development accounting concerns the 

stock of effective labor and the extent to which it accounts for today’s productivity gap. The Nelson–Phelps 

tradition concerns the process by which economies absorb, adapt, and implement available technologies. The 

distinction is therefore between an observable stock and a broader conversion process. Schooling raises 

effective labor, whereas absorptive capacity affects the rate at which skills, capital, and knowledge become 

reliable production. Small differences in that conversion rate, repeated across successive transitions, can 

translate into decades of expected time at the bottom. Human capital may therefore explain relatively little 

about where an economy is at a point in time while remaining informative about whether, and how rapidly, it 

moves. 

 

That distinction changes how AI should be evaluated. AI can expand the frontier, augment skills already in 

place, or lower the costs of technological diffusion. The first two channels can raise world productivity while 

preserving or widening relative gaps. Task-level substitution can coexist with firm- and economy-level 

complementarity when AI raises the value of judgment, validation, coordination, and reorganization. For 

convergence, however, the relevant margin is different. AI becomes a convergence technology only when it 

lowers the costs of learning, validation, adaptation, and implementation sufficiently to change the mobility 

process of economies initially far from the frontier. Put differently, a technology that shifts the frontier outward 

need not help countries move toward it. 

 

Historical experience supplies the intuition. Tractors, electrification, high-yielding seeds, and mobile phones 

generated their largest gains when they fit local constraints and were embedded in systems able to act on 

them. The comparison is not that these technologies are technologically equivalent to AI, but that access and 

productive use are economically distinct margins. A technology may cross borders in a shipment or a 

download; the productive system surrounding it cannot be imported as readily. 

 

Policy should therefore start with the bottleneck, not the model. The objective is not AI adoption per se, but 

productive adaptation: identify tasks where AI can relax a binding information or expertise constraint, then pair 

adoption with the capabilities needed to act on its output—skills, reliable data and infrastructure, management, 
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finance, competition, and institutions able to experiment and learn (Cazzaniga et al. 2024; Cerutti et al. 2025; 

Schindler et al. 2026). Which complement binds will differ across countries and sectors. These complements 

are not a mechanical readiness checklist, nor does every country need to reproduce the institutional or 

production structure of the frontier. But when a critical complement is missing, cheaper technology can leave 

productivity mobility unchanged even while measured access or adoption rises. 

 

Exposure, access, adoption, adaptation, intensive use, productivity, and relative mobility should therefore be 

treated as distinct empirical and policy margins. Exposure can rise without adoption; adoption can rise without 

organizational change; organizational change can raise productivity without materially altering a country’s 

relative position; and productivity gains can occur without convergence. This distinction is particularly important 

when interpreting indicators of AI preparedness or exposure across countries. The policy objective is not 

adoption for its own sake, but to increase the capacity of economies to convert technological opportunities into 

durable productivity gains and, where catch-up is the objective, a higher probability of moving out of low-

productivity states. 

 

For IMF surveillance and capacity development, this distinction also disciplines scenario design. Technological 

exposure should not be translated mechanically into productivity assumptions. An increase in observed AI use 

can have very different macroeconomic implications depending on the mechanism through which it operates. 

Scenarios should state explicitly which margin AI is assumed to change: frontier productivity, the return to 

existing skills, or the probability that low-productivity economies move upward. A frontier shift primarily changes 

potential output; skill augmentation can alter productivity, wages, and distribution conditional on existing 

capabilities; a diffusion shift changes the speed of catch-up. The macroeconomic implications differ across 

these channels even when observed AI use is similar. For capacity development, the same logic argues for 

diagnosing the constraints that prevent knowledge and technology from being used productively rather than 

treating technology acquisition itself as the objective. 

 

The limits are substantive. Markov matrices characterize rather than identify transition mechanisms; the 

decomposition is accounting rather than structural; and the AI exercises are conditional comparisons rather 

than forecasts. The results therefore establish neither that additional schooling causally raises transition 

probabilities nor that the historical human-capital relationship will remain unchanged in an AI-intensive 

economy. Human capital is an observable marker of a broader capability bundle, not a stand-alone treatment. 

Labor displacement, capital ownership, factor shares, trade, and the international allocation of AI rents remain 

outside the productivity-mobility question. These margins will matter for welfare and distribution even if AI 

ultimately accelerates aggregate productivity growth. 

 

AI does not overturn the old economics of development; it makes the underlying constraint more visible. As 

access to cognitive capability becomes cheaper, productive capability may become the more binding 

constraint. The central question for convergence is therefore not how widely AI spreads, but whether it changes 

the capacity of economies to use knowledge well enough to alter the persistence of relative productivity. 

Convergence depends on whether AI weakens the forces that keep low-productivity economies from moving 

toward the frontier. The Intelligence Divide is therefore not simply a gap in access to artificial intelligence. It is 

the gap between increasingly accessible intelligence and the capacity to make it productive. 
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Appendix A: Relative Income Dynamics 

 

Note: Mobility statistics implied by the relative-income transition matrix in Table 1. Exit and passage times are 

reported in years; the convergence statistic is defined in Section III. Source: Authors’ calculations from the 

Maddison Project Database 2020. 

 

 

Off-diagonal cells report mean first-passage times from the row state to the column state, computed from the 

preceding income transition matrix. The MFR row reports mean first-recurrence times, 1/pi_i, in years. The 

implied Q1-to-Q4 passage time is 330.8 years. Source: Authors’ calculations from the Maddison Project 

Database 2020. 
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Appendix B: Mobility of Inputs 

 

Five-year transition probabilities for the relative capital-output ratio, using fixed thresholds of 0.36, 0.48, and 

0.64 of the U.S. level and the state assignment used in the left panel of Figure 2. Diagonal entries are in bold; 

the bottom row reports the stationary distribution. Standard errors are in parentheses. Source: Authors’ 

calculations from Penn World Table 11.0. 
 

 

Off-diagonal cells report mean first-passage times from the row state to the column state, computed from the 

preceding capital-output transition matrix. The MFR row reports mean first-recurrence times, 1/pi_i, in years. 

Source: Authors’ calculations from Penn World Table 11.0. 
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Five-year transition probabilities for the relative human-capital index, using fixed thresholds of 0.36, 0.48, and 

0.64 of the U.S. level. Diagonal entries are in bold and standard errors are in parentheses. Source: Authors’ 

calculations from Penn World Table 11.0. 

 
 

 

Off-diagonal cells report mean first-passage times from the row state to the column state, computed from the 

preceding human-capital transition matrix. The MFR row reports mean first-recurrence times, 1/pi_i, in years. 

Very large lower-left entries reflect the near-absence of downward transitions from high human-capital states to 

the lowest states. Source: Authors’ calculations from Penn World Table 11.0. 
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Appendix C: Productivity Mobility 

 

Mean first-passage times implied by the baseline relative-TFP transition matrix in Table 3, which also underlies 

the right panel of Figure 2 and the baseline state-definition results. The MFR row reports mean first-recurrence 

times, 1/pi_i, in years. Source: Authors’ calculations from Penn World Table 11.0. 

 

 

 

Early-subperiod pooled estimates of the relative TFP transition matrix. Standard errors are reported in 

parentheses below each point estimate; diagonal (persistence) entries are shown in bold. Source: Authors’ 

calculations from Penn World Table 11.0. 
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Late-subperiod pooled estimates of the relative TFP transition matrix. Standard errors are reported in 

parentheses below each point estimate; diagonal (persistence) entries are shown in bold. Source: Authors’ 

calculations from Penn World Table 11.0. 
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Appendix D: Human Capital and Productivity 

Mobility 

 

Country counts in each (HC quartile) × (TFP quartile) cell. In the 2015 cross-section the upper-right region (low 

HC, high TFP) is empty; in the pooled country-year panel such observations exist but are rare (see Figure 5). 

This pattern is consistent with, but does not by itself prove, the threshold mechanism estimated in Table 5. 

Source: Authors’ calculations from Penn World Table 11.0. 

 

 

Figure D.1. Joint Distribution of Human-Capital and TFP States 

 

 

Left panel: pooled country-year counts (all years) in each (HC state) × (TFP state) cell. Right panel: 2015 

cross-section. Source: Authors’ calculations from Penn World Table 11.0. 
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Conditional transition matrix estimated on country-year observations with relative human capital below the 

operational cutoff of 0.64. Diagonal entries are in bold. Source: Authors’ calculations from Penn World Table 

11.0. 
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Conditional transition matrix estimated on country-year observations with relative human capital at or above the 

operational cutoff of 0.64. Diagonal entries are in bold. Source: Authors’ calculations from Penn World Table 

11.0.  
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Appendix E: Development Accounting 

In Table E.1, the column labeled “frontier share” is the relative-efficiency component defined in Section III; the 

label is inherited from the original Caselli–Coleman accounting convention and is not intended to identify a 

structural technology frontier. 

 

 

 

Table E.2 reports the sensitivity of the pooled decomposition to alternative elasticities of substitution between 

skilled and unskilled labor. 

 

 

The entries labeled shares are contributions to the observed log productivity gap; because components offset 

one another, they can be negative or exceed 100 percent and should not be read as variance shares. Across 

the reported calibrations, the relative-efficiency component remains larger in absolute magnitude than the 

workforce-composition component. Source: Authors’ calculations from Penn World Table 11.0 and Barro-Lee 

educational-attainment data.  
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Appendix F: Artificial Intelligence 

Counterfactuals 

This appendix reports one additional translation of the mobility scenarios. It is deliberately illustrative and does 

not add a welfare interpretation to the productivity counterfactuals. 

 

Note: The table translates the state-share counterfactuals in Table 9 into an illustrative mean-relative-income 

metric using empirical mean relative income within each productivity state in the 2015 cross-section. It is not a 

welfare calculation or a forecast. Source: Authors’ calculations. 
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