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Abstract
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1 Introduction

The growing income divergence between older and younger individuals has become a defin-

ing concern in political and media discourse across industrialized countries. The House

of Lords in the UK and the European Commission have published comprehensive reports

warning that “the young are facing a future of low pay, high rent, and few incentives”

and are “struggling to find secure, well-paid jobs” (House of Lords, 2019; Raitano et al.,

2021). Country-specific studies from France (Masson, 2021), Ireland (Barra et al., 2021),

Australia (Berry and Sinclair, 2010; Miller et al., 2020), and the UK (Henehan et al., 2021)

echo these concerns, suggesting a widespread phenomenon rather than isolated national

experiences.

Recent academic research lends empirical weight to these policy debates. Studies

document widening earnings gaps favouring older cohorts in Italy (Bianchi and Paradisi,

2024) and across eight OECD countries (Freedman, 2024), confirming that age-related

inequality has grown substantially over recent decades. Yet this literature offers an in-

complete picture. By focusing exclusively on employed individuals’ labour earnings, ex-

isting work neglects two margins that may be equally or more important: differential

changes in employment rates between age groups, and the role of public transfers in shap-

ing disposable income. These margins may have evolved differently over time and across

countries in ways that earnings-focused studies cannot capture, leaving open the question

of how large age-income gaps truly are, whether they have widened or narrowed across

the income distribution of countries, and what forces are driving them.

This paper addresses this gap through systematic analysis of age-income disparities

across 32 countries over 2004–2018, examining disposable income from all sources rather

than wages alone. We document a striking divergence: the ratio of disposable income

of individuals aged 55–64 relative to those aged 25–34—which we term the Age Group

Income Ratio (AGIR)—rose by 18 percentage points in high-income countries but fell by

8 percentage points in middle-income economies. We show that this divergence operates

primarily through the employment margin rather than wages, a finding that conventional

earnings-focused measures miss entirely. To explain these patterns, we develop a quantita-

tive overlapping generations model that discriminates among six competing mechanisms.

Our main finding is that skill congestion—older cohorts being more educated than in

the past and crowding out younger workers from the skilled labour market—is the dom-

inant driver of rising AGIR in rich countries, operating almost entirely through general

equilibrium feedback on the young’s education choices and employment decisions.
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Understanding which mechanism drives age-income gaps is crucial because, as we

demonstrate, different mechanisms carry different implications for the lifetime earnings of

present and future generations. If gaps reflect productivity gains that raise older workers’

wages, younger cohorts will eventually benefit as they age into the same high-earning

roles, and the age-income gap would be transitory across the lifecycle. But if gaps reflect

intergenerational competition in skill markets that depresses younger workers’ employ-

ment, current young workers may face permanently lower lifetime earnings than their

predecessors, creating a structural generational divide with no self-correcting mechanism.

Discriminating between these explanations requires a framework that jointly measures all

income margins and identifies the structural forces behind them.

Our analysis proceeds in three steps. First, using harmonized microdata from the

Luxembourg Income Study (LIS), we construct a comprehensive measure of disposable

income and decompose it into three constituent margins: wages, employment, and trans-

fers. We establish that the employment margin—differential changes in employment rates

between older and younger workers—accounts for two-thirds of rising age-income gap in

high-income countries, contributing 1.2 percentage points annually compared to 0.5 points

for wages. In middle-income countries, the pattern reverses: wage growth differentials

drive a decline in AGIR of −1.3 percentage points annually, while the employment mar-

gin contributes a more modest increase of +0.5 points. Beyond the income decomposition,

we document that the educational composition of older and younger cohorts has moved

in opposite directions across the development spectrum, converging in rich countries and

diverging at the college margin in poor ones, with within-age skill premia moving consis-

tently with these supply shifts. This pattern motivates the central mechanism we examine

in the structural model below.

Second, we develop a quantitative overlapping generations model to discriminate

among six competing explanations for these patterns: skill-biased technological change

(Acemoglu, 2002; Goldin and Katz, 2008), rising experience premia (Jeong et al., 2015),

demographic aging (Welch, 1979; Card and Lemieux, 2001), labor market institutional

changes and preference shifts, transfer policies, and skill congestion. The first five mech-

anisms have well-understood empirical predictions and appear prominently in existing

work. Skill congestion is the novel channel we introduce: as older workers’ educational

attainment — which is taken at the beginning of life and thus depends on initial conditions

at birth — catches up with that of the young, they crowd youth out of skilled occupations,

depressing younger workers’ wages and employment through general equilibrium feedback
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that reduced-form approaches cannot capture.1

Third, we bring the model to the data through a structural estimation strategy with

exact identification. The model features five age groups, endogenous education choices

(less than high school, high school, college), and skill-specific production with CES tech-

nology. Taking standard elasticity parameters from the literature as given, we match

observed wage gaps, employment rates, education shares by age and skill, and transfers

for each country type (representative high-income and middle-income) in 2004 and 2018.

Because the number of free parameters equals the number of independent moments, the

model reproduces these moments exactly and delivers a unique parameter vector. Exact

identification ensures that counterfactual experiments, where we vary one mechanism at

a time from its 2004 to its 2018 value, are disciplined by the data and isolate the con-

tribution of each channel. We further decompose each effect into a partial equilibrium

component (holding wages and education fixed) and a general equilibrium component

(capturing endogenous adjustments), revealing which channels operate primarily through

market interactions.

These three building blocks yield three main findings. In rich countries, skill conges-

tion is the dominant driver of rising AGIR (+36.1pp), operating almost entirely through

general equilibrium forces and contributing through both the wage margin (+17.7pp) and

the employment margin (+14.0pp). The direct compositional effect is modest (+5.1pp),

but general equilibrium responses amplify it dramatically (+32.4pp): as older cohorts

crowd into skilled labour markets, equilibrium wages and employment rates for younger

workers fall while those of older workers rise. Labour preferences constitute the second-

largest contributor (+7.7pp), operating as a pure labour supply shift with negligible

general equilibrium amplification, raising older workers’ employment (+15.6pp) without

significantly compressing the young’s earnings. Skill-biased technical change, by con-

trast, reduces age-income gaps (−16.3pp) by disproportionately raising the productivity

of younger, better-educated cohorts. In poor countries, the net decline in AGIR results

from a tug-of-war between opposing forces: TFP growth and skill congestion both reduce

inequality (the latter because the old still lag significantly behind the young in high-school

attainment) while labour preferences raise it (+11.5pp) as older workers delay retirement.

Beyond their effects on the old/young income ratio, these mechanisms carry fundamen-

1Jeong et al. (2015) document a related puzzle in US data—younger cohorts did not experience the
wage booms that baby boomers’ aging might predict—which our skill congestion channel helps explain.
Goldin and Katz (2008) emphasise the “race between education and technology”; we identify a new
dimension where the secular rise in cohort-level educational attainment during the late XX Century now
generates intergenerational crowding within the skilled labour market.
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tally different lifetime income implications: skill congestion from older cohorts reduces

the lifetime incomes of the young, while all other channels improve it.

Related Literature Our paper connects to three strands of literature. The first stud-

ies age-wage dynamics. During the 1970s and 1980s, economists focused on the entry of

the baby-boom generation into the labour market, which increased the relative supply of

young, inexperienced labour (Welch, 1979; Levine and Mitchell, 1988). Since economists

tried to explain the consequent wage trends with the imperfect substitutability of labour

inputs with different tenure and experience, many concluded that the wages of successive,

smaller cohorts were set to grow faster once aging baby boomers created an excess supply

of experienced labour (Jeong et al., 2015). We document that this prediction did not

materialise in most advanced economies. Similar findings for individual countries have

been reported by Rosolia and Torrini (2007) and Naticchioni et al. (2016) for Italy, Gu-

venen et al. (2022) for the US, and Cribb (2019) for Britain. Bianchi and Paradisi (2024)

reach similar conclusions when studying age-wage inequalities across a set of high-income

countries, and Freedman (2024) documents cohort trends in earnings using a comparable

set of countries. We contribute to this literature by providing the first systematic cross-

country evidence on disposable income gaps rather than wages, covering a broader set of

countries spanning high-, middle-, and low-income economies.

The second strand examines employment and income margins in age inequality. The

majority of existing papers focus on the relative earnings or wages of employed individuals

(Bianchi et al., 2022; Bianchi and Paradisi, 2024; Bennett and Levinthal, 2017; Beaudry

et al., 2014; OECD, 2024), implicitly conditioning on employment and therefore missing

a potentially important margin. We show that the employment margin—faster growth in

employment rates among older workers relative to younger ones—accounts for two-thirds

of rising age-income inequality in rich countries, substantially exceeding the contribution

of wage gaps. Guvenen et al. (2022) considers lifetime labour earnings of US workers,

which implicitly incorporates employment dynamics across cohorts, but does not disen-

tangle the employment and wage margins explicitly. We are also the first to document that

age-income inequalities have diverged sharply between high- and low-income countries,

with the two groups following opposite trends—a pattern invisible to studies focused on

advanced economies alone. Our findings suggest that researchers should exercise caution

when drawing conclusions from age-wage gaps, as they may systematically mischaracterise

the direction and magnitude of comprehensive age-income inequality.

The third strand examines the structural drivers of age-related labour market out-

5



comes. We show that well-documented phenomena such as rising female participation

(Maxwell, 1990; Costa, 2000; Acemoglu et al., 2004; Goldin, 2006; Olivetti and Petron-

golo, 2016; Goldin and Katz, 2018b) and increases in retirement ages (Pilipiec et al., 2021;

Staubli and Zweimüller, 2013) cannot fully account for the rise in AGIR in recent decades.

Instead, our structural decomposition points to three main forces: trends in educational

attainment (Goldin and Katz, 2007, 2018a), returns to experience (Jeong et al., 2015),

and skill-specific technological change (Adão et al., 2024). Our key contribution to this

strand is the identification of skill congestion as the dominant mechanism. Goldin and

Katz (2008) emphasise the race between education and technology as a driver of overall

inequality; we identify a new dimension of this race operating within the age distribu-

tion, where educational upgrading among older cohorts crowds younger workers out of

skilled labour markets through general equilibrium wage and employment effects. Jeong

et al. (2015) document a related puzzle—younger US cohorts did not experience the wage

booms that baby boomers’ aging would predict under standard models—which our skill

congestion channel explains. More broadly, our paper contributes to the literature on

how long-run trends in human capital accumulation generate asymmetric effects across

age groups (Adão et al., 2024; Lagakos et al., 2018), showing that the direction of these

effects depends critically on the relative educational position of older versus younger co-

horts across the development spectrum. Guaitoli et al. (2026) show that not enough young

workers move to productive labour markets due how age differences in income and wealth

interact with financial frictions to exacerbate the housing costs faced by the young.

Paper organisation. The rest of the paper is organized as follows. Section 2 describes

the data and defines our comprehensive income measure. Section 3 documents three

empirical patterns: a divergence in age-income inequalities across development levels, an

asymmetry in the contribution of employment and wages to such changes, and evidence of

education convergence across age-groups.. Section 4 presents the overlapping generations

model, discusses exact identification, and reports counterfactual decompositions. Section

5 sums up our results and discusses future avenues of research.

2 Data and Measurement

2.1 Sample Construction

We construct a cross-country dataset from harmonized microdata provided by the Luxem-

bourg Income Study (LIS), a cross-national data archive covering household surveys from
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over 50 countries (Luxembourg Income Study (LIS) Database, 2026). To ensure cross-

country comparability and data quality, our sample satisfies four criteria: individual-level

income reporting (avoiding ambiguity in within-household allocation), temporal cover-

age spanning 2004–2018 with observations at both endpoints, consistent income defini-

tions within countries, and data quality standards excluding countries with exceptional

characteristics.2 These restrictions yield 32 countries and 357 country-year observations

spanning developed economies (Western Europe, North America, Australia) and emerging

markets (Eastern Europe, Latin America)—providing variation across the development

spectrum. All income variables are converted to real PPP terms (constant 2017 US dol-

lars) for cross-country comparability.

Waves. Since countries are surveyed in different years, the raw country-year observa-

tions form an unbalanced panel. To address potential bias from uneven temporal coverage,

we group yearly surveys into five three-year waves : 2004–2006, 2007–2009, 2010–2012,

2013–2015, and 2016–2018. Country-wave observations are constructed by merging all

surveys within each wave, giving equal weight to each annual survey. This procedure

yields 158 country-wave data points and creates a nearly balanced panel.3 Table VI in

Appendix A reports the data availability.

2.2 Measuring Disposable Income

We define disposable income as the sum of labour earnings and transfer income. For

individual q in country c and year t:

yq = wn
q +Θn

q , (1)

where wn
q denotes net labour income and Θn

q represents net transfers, including pension

payments (public and private), unemployment benefits, scholarships, and paid mater-

nity/paternity leave.4 Since countries differ in whether they report gross or net income,

we construct net income for gross-reporting countries by subtracting income taxes:

yq = wg
q +Θg

q − τq, (2)

2We exclude Luxembourg, where nearly 50% of workers commute internationally, making domestic
age-income comparisons unrepresentative. When countries switch between gross and net income re-
porting, we retain only the definition with the most observations. See Appendix A for detailed sample
construction and Table VI for country coverage.

3All countries have at least one observation per wave, except Serbia and Slovenia, which each lack
one wave.

4Appendix B.4 shows that adding household-wide benefits (child allowances, housing benefits, general
household transfers) yields quantitatively and qualitatively similar results.
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where τq excludes taxes on capital income. The list of countries and their reporting

conventions is provided in Table VI of Appendix A.

LIS surveys do not provide individual-level capital income. Since wealth has be-

come increasingly concentrated among older cohorts (Colombo et al., 2014), this omission

likely underestimates age-income inequality and their growth in high-income countries.5

Consequently, our estimates provide a lower bound on the true rise in age-income inequal-

ity.

2.3 Age Groups and the AGIR Statistic

We divide the working-age population into five ten-year groups: 25–34, 35–44, 45–54,

55–64, and 65–74. While our framework accommodates analysis across all groups, we

focus on individuals aged 25–34 (young, early career) and 55–64 (old, late career). This

classification isolates workers who have completed education and stand at opposite ends

of their working lives.6

As a parsimonious measure of income inequality between old and young, we use the

ratio of their average disposable income, which we define as the Age Group Income Ratio

(AGIR):

Rt =
ȳold,t
ȳyoung,t

, (3)

where ȳj,t denotes average disposable income for age group j in year t. When Rt > 1,

older workers earn more than younger workers on average; rising Rt indicates widening

inequality favoring the old.

The AGIR differs from the conventional age-earnings gap studied in prior work (Bianchi

et al., 2022; Freedman, 2024) along two dimensions. First, AGIR includes all individuals

regardless of employment status, capturing variation in labour force participation—a mar-

gin we show dominates inequality dynamics in high-income countries. Second, AGIR in-

corporates transfer income (pensions, unemployment benefits) alongside market earnings,

reflecting total resources available for consumption rather than labor market outcomes

alone.

Finally, we preview our decomposition strategy. Average income for age group j can

5In the United States, households aged 55–69 increased their wealth share from 36% to 44% between
2003 and 2018, while those under 40 saw their share decline from 8.1% to 5.6% (Distributional Financial
Accounts, Federal Reserve). Similar patterns appear in Italy, Australia, and Canada—see Colombo et al.
(2014).

6We exclude ages 16–24 (many still in education) and 75+ (predominantly retired). Results are robust
to alternative classifications, including the UK Office for National Statistics’ framework defining older
workers as 50–64. We use 10-year intervals for equal group widths and cleaner lifecycle comparisons.
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be written as:

ȳj = ejw̄j + pjΘ̄j, (4)

where ej is the employment rate, w̄j is average labor income conditional on employ-

ment, pj is the share receiving transfers, and Θ̄j is average transfer income conditional on

receipt. This accounting identity decomposes income changes into four margins: employ-

ment rates, conditional wages, transfer incidence, and conditional transfer amounts. The

decomposition reveals which economic forces drive age-income divergence—employment

dynamics versus wage dynamics—and whether inequality reflects market outcomes or

transfer policy.

3 Diverging Trends in Age-Income Gaps

This section documents two empirical patterns that collectively pose the central puzzle of

the paper. First, high-income countries experienced sharp increases in AGIR while middle-

income countries saw substantial declines. Yet, both groups started from similar levels in

2004. Second, this divergence operates primarily through different economic margins: the

employment rate gap between old and young drives AGIR growth in rich countries, while

the conditional wage gap dominates in poor countries. Conventional measures focusing

only on employed workers miss the employment margin entirely and understate inequality

growth in high-income economies by approximately three times (see Table II). Finally,

we introduce a third stylised fact that can help explain the former two: during the same

period, the education achievement levels of young and old have convergence in richer

countries, but have diverged in poorer ones.

3.1 Stylized Fact 1: Divergence Across Development Levels

We classify countries into high-income (20 countries fromWestern Europe, North America,

Australia) and middle-income (12 countries from Eastern Europe and Latin America)

based on 2004 per-capita GDP, using IMF income thresholds (International Monetary

Fund, 2006).7 Figure 1 shows that both groups started from similar AGIR levels in 2004

but followed sharply diverging trajectories over the subsequent fifteen years.

7High-income countries: Australia, Austria, Belgium, Canada, Czech Republic, Denmark, Finland,
France, Germany, Ireland, Israel, Italy, Netherlands, Norway, Slovenia, Spain, Sweden, Switzerland,
United Kingdom, United States. Middle-income countries: Brazil, Chile, Colombia, Estonia, Mexico,
Paraguay, Peru, Poland, Romania, Serbia, Slovakia, Uruguay. The threshold is $12,746 PPP (2004
dollars), corresponding to the IMF’s high-income cutoff.
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Figure 1. AGIR, 55–64 vs 25–34 years old
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Notes: Left panel shows the Age Group Income Ratio (AGIR) comparing late-career (55–64 years) to early-career (25–34
years) individuals. Right panel shows the age-earnings gap—the ratio of average labor earnings among employed workers
in the same age groups. Lines represent simple averages across countries within each income group (dashed blue: high-
income; solid red: middle-income). Shaded areas show 95% confidence intervals calculated using the delta method.

The figure reveals three features of the data. First, AGIR levels were nearly identical

in 2004: late-career workers earned 7% more in poorer countries and 6% more in richer

countries. Second, trends diverged sharply: AGIR rose 20 percentage points in high-

income countries but fell 5 percentage points in middle-income countries. This pattern

does not depend on our binary country-group classification and is robust to using annual

rather than wave-level data (See Appendix B.1.). Third, age-earnings gaps (Panel 1b)

severely understate this divergence, rising only 9 percentage points in high-income coun-

tries, thus capturing less than half the true AGIR growth, and remaining flat in poorer

countries.8 This discrepancy between AGIR and the age-earnings gap foreshadows the

second empirical pattern: the divergence operates through non-wage margins.

To establish statistical significance of these facts and test whether the AGIR diver-

gence is a continuous function of income rather than a discrete rich/poor split, we estimate

a difference-in-trends specification. For country i at time t, we regress log AGIR on a

time trend, allowing both the intercept and slope to differ between richer and poorer

countries:

log(Ri,t) = α+ α̃1d
i + βt+ β̃(1d

i × t) + εi,t, (5)

where Ri,t denotes AGIR for age groups 55–64 versus 25–34, 1d
i equals one for high-income

8See Appendix B.2 for the statistical evidence.
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countries, and t measures years since 2004.9 The parameters have natural interpretations:

α represents the average value of log(AGIR) at the beginning of the 2000s in poorer

countries, α̃ is the additional initial average log(AGIR) for the richer countries, β is

the average time trend in poorer countries, and β̃ is the additional time-slope for richer

countries.

Table I, columns (1) and (3), formalises the visual patterns in Figure 1. Poorer

countries experienced a slight AGIR downward trend (−0.3 percent annually for the waves

regression), while the AGIR in richer countries increased sharply (+1.6 percent annually).

The interaction term implies a close to 2 percent annual divergence in AGIR between the

two groups.

The divergence does not depend on our binary classification of “richer” and “poorer”

countries. To test this, we replace the income-group dummy with a continuous measure

of initial development, estimating how both the level and trend of AGIR vary with initial

(2004) GDP per capita:

log(Ri,t) = α+ θGDPi,0 + βt+ γ(GDPi,0 × t) + εi,t (6)

where GDPi,0 denotes log GDP per capita in 2004, demeaned across countries. Demeaning

allows α and β to capture the level and trend for a country at the cross-section sample

mean, making coefficients more interpretable. The parameters have, therefore, a clear

interpretation: α is the initial log(AGIR) for a country with initial mean GDP, θ is the

elasticity of AGIR to a change in initial GDP, β is the AGIR time-trend for a country

with initial mean GDP, and γ is the additional slope of the time trend correlated to

cross-country variation of initial GDP.

Columns (2) and (4) of Table I show that AGIR trends increase monotonically with

initial development. The significant positive γ implies that richer countries experienced

faster AGIR growth and poorer countries slower growth or decline. The bottom rows

quantify this gradient. In the annual specification, the trend ranges from −1.5% per

year at the poorest country to +1.9% per year at the richest, with the 25th percentile

country experiencing essentially no trend (0.0%) and the 75th percentile a significant

+1.4% annually. Over fourteen years, this implies a cumulative AGIR decline of around

21% at the bottom of the distribution and a 27% increase at the top—a monotonic

gradient that confirms the divergence is a continuous function of development rather than

an artefact of our binary country classification. In Appendix B.3 we provide additional

9We code t ∈ {0, 3, 6, 9, 12} for wave observations (2004–06, 2007–09, . . . , 2016–18) and t ∈
{0, 1, 2, . . . , 14} for annual observations, scaling wave coefficients by three to make estimates of the trend
coefficient comparable.
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robustness checks.

TABLE I. Trend in AGIR

Wave Year

Dependent ln(AGIR)
(1) (2) (3) (4)

[0] α: Constant 0.036 0.050∗∗ 0.105∗∗∗ 0.067∗∗∗

(0.043) (0.023) (0.032) (0.016)
[1] β: Trend -0.003 0.008∗∗∗ -0.007∗∗ 0.006∗∗∗

(0.005) (0.003) (0.004) (0.002)

[2] β̃: Trend × Richer 0.019∗∗∗ 0.022∗∗∗

(0.006) (0.004)
[3] α̃: Richer 0.023 -0.060∗

(0.049) (0.036)
[4] θ: Initial log-GDP (Dev) 0.004 -0.046∗∗

(0.023) (0.022)
[5] γ: Trend × Initial log-GDP(Dev) 0.009∗∗∗ 0.015∗∗∗

(0.003) (0.003)

Observations 159 159 388 388
R2 0.245 0.178 0.180 0.152
F-Test:[1]+[2]=0 or [1]+[5]=0 22.18 19.86 50.42 60.98
Trend effect at min GDP -0.004 -0.015∗∗

Trend effect at 25% GDP 0.004 -0.000
Trend effect at 75% GDP 0.012∗∗∗ 0.014∗∗∗

Trend effect at max GDP 0.015∗∗∗ 0.019∗∗∗

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Standard errors are heteroscedasticity-robust and corrected for the degrees
of freedom. Columns (1) and (3) report the estimates of Equation (5) for wave and yearly observations, respectively.
Columns (2) and (4) report the estimates of Equation (6). The bottom four rows report implied annual AGIR trends
at the min, 25th, 75th percentiles and max of the 2004 GDP distribution, calculated as β + γ × GDPp where GDPp is
demeaned log GDP at the pth percentile.

3.2 Stylized Fact 2: Employment Drives Divergence in Rich

Countries, Wages in Poor Countries

The AGIR divergence documented above could operate through multiple channels: older

workers earning higher wages conditional on employment, maintaining employment while

young workers drop out of the labor force, or receiving larger transfer payments. Each of

these mechanisms would suggest the presence of different mechanisms at works, such as

changes in skill accumulation or prices by cohort (wage margin), labour supply preferences

(labor margin) or public policies (transfers). To discriminate among these channels, we

decompose income growth into four constituent margins.

We measure inequality growth using the Growth Rate Differential (GRD): the annu-

alized difference in income growth rates between old and young workers, defined as

GRD =
1

h

(
∆ȳold
ȳold,T

− ∆ȳyoung
ȳyoung,T

)
, (7)

where ∆ȳj = ȳj,T+h − ȳj,T measures the change in average income for group j over h
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years. For small growth rates, GRD ≈ 1
h
log(RT+h/RT ), so the GRD approximates the

annualized log change in AGIR (see Appendix C). A positive GRD indicates that older

workers’ incomes grew faster than younger workers’.

Recalling that ȳj = ejw̄j +pjΘ̄j, we can decompose GRD into four components:

GRD =
1

h

(
eold,T∆w̄old

ȳold,T
− eyoung,T∆w̄young

ȳyoung,T

)
︸ ︷︷ ︸

Wage Margin

+
1

h

(
w̄old,T∆eold

ȳold,T
− w̄young,T∆eyoung

ȳyoung,T

)
︸ ︷︷ ︸

Employment Margin

+
1

h

(
pold,T∆Θ̄old

ȳold,T
− pyoung,T∆Θ̄young

ȳyoung,T

)
︸ ︷︷ ︸

Transfer Income Margin

+
1

h

(
Θ̄old,T∆pold

ȳold,T
− Θ̄young,T∆pyoung

ȳyoung,T

)
︸ ︷︷ ︸

Transfer Share Margin

.

(8)

The wage margin captures earnings growth among employed workers—the conventional

age-earnings gap. The employment margin captures changes in labour force participation.

The transfer margins capture changes in pension and unemployment benefits. Positive

values indicate that the component contributed to faster income growth for older workers

relative to younger workers.

Figure 2 implements this decomposition for all 32 countries, ordered by initial GDP

per capita. Table II summarizes average contributions within each income group. Three

patterns emerge.

Figure 2. GRD Decomposition, by income components
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Notes: The figure depicts the GRD decomposition for disposable income, comparing late-career (55–64) to early-career
(25–34) individuals, ordered by 2004 GDP per capita. “Labour earnings” captures differences in average wage growth
among employed workers. “Employment” captures differences in employment rate growth. “Transfer Income” captures
differences in average transfer growth conditional on receipt. “Transfer Share” captures differences in the growth of the
share receiving transfers. Positive values indicate faster income growth for older relative to younger workers.

13



TABLE II. Trend in AGIR and GRD

GRD components

Country Group AGIR 2004 AGIR 2018 GRD (%) Labour Earnings (%) Employment (%) Transfer Income (%) Transfer Share (%)

Poorer 1.07 1.02 -0.62 -1.34 0.77 0.68 -0.73
Richer 1.06 1.26 1.35 0.43 1.58 -0.17 -0.50

Notes: The table reports unweighted averages for rich and poor countries. The first two columns report initial and final
AGIR values, as displayed in Figure 1. The third column reports the average annualised GRD and its four subcomponents,
as displayed in Figure 2. The GRD over 14 years does not exactly match the AGIR growth rate because the GRD is an
approximation that holds accurately only when growth rates are close to zero.

(i) In high-income countries, the employment margin is the dominant contributor to

GRD, averaging +1.58 percentage points per year compared to +0.43 pp for the wage

margin. Older workers’ employment rates rose sharply relative to younger workers’, gen-

erating income divergence through labour market attachment rather than wage dynamics.

This explains why AGIR grows approximately three times faster than what the conven-

tional age-earnings gap would suggest: the main driver of income inequalities is differences

in employment trends, rather than wages. As shown in Appendix D, young workers’ em-

ployment contributed negligibly or even negatively to their income growth in most rich

countries, while older workers experienced substantial employment gains of between 0.5

and 2 percentage points per year.10 In Appendix D.1 we show that these patterns do not

depend on young individuals switching from employment to education.

(ii) In middle-income countries, the pattern reverses: the wage margin contributes

−1.34 pp per year to GRD while the employment margin contributes +0.77 pp. Faster

wage growth among younger workers drives the AGIR decline, partially offset by employ-

ment gains for older workers. Appendix D decomposes the wage margin by age group,

showing that younger workers in middle-income countries experienced substantially faster

wage growth than their older counterparts—often 2–3 percentage points per year faster—

accounting for most of the AGIR decline.

(iii) Transfers play a minor and largely offsetting role. The transfer share margin is

negative in both country groups (average −0.50 pp in rich, −0.73 pp in poor), reflecting

a declining share of older individuals receiving social transfers relative to the young.

The transfer income margin is more heterogeneous: small and negative in rich countries

(−0.17 pp) but positive and quantitatively meaningful in poor ones (+0.68 pp), where

falling transfer-to-wage ratios reduced older workers’ non-labour income.

10Our decomposition focuses on the employment-unemployment margin rather than variation in hours
worked, as variations in aggregate hours worked primarily result from changes in the number of employed
individuals rather than fluctuations in hours worked per worker (Hansen, 1985). Appendix E confirms that
hours worked contribute negligibly to AGIR dynamics across countries: the average GRD contribution
of the hours margin is +0.02pp in rich countries and +0.12pp in poor countries, compared to +1.20pp
and +0.47pp for the employment margin respectively.
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Figure 3 plots log per capita PPP GDP (in 2017 US dollars) at the beginning of the

sample against the employment margin (panel a) and the labour earnings margin (panel

b). Using the same scale across panels, the relative contributions of the two components

to the GRD are immediately comparable. The employment margin is positive for almost

all countries, although small for poorer and large for richer ones. The labour earnings

margin, by contrast, flips sign across the GDP distribution: large and negative for poorer

economies and positive but close to zero for most richer ones.

Figure 3. Employment and Labour Income Contribution to GRD vs GDP level
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(b) Labour Income Contribution
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Notes: Panel (a) plots the employment margin of the GRD against log PPP GDP per capita in 2004, expressed in constant
2017 US dollars, with the linear correlation ρ reported in the box. Panel (b) plots the labour earnings margin of the GRD
against the same measure of development.

Robustness to Demographics and Changes in Minimum Retirement Age Two

concerns might complicate the interpretation of the two stylized facts. First, if high-

income countries raised retirement ages faster than middle-income countries, the employ-

ment margin might simply reflect pension reforms rather than market forces. Second, if

rising female labor force participation disproportionately benefited older women, the em-

ployment margin might confound gender and age effects. Appendix F shows that neither

explanation accounts for the observed AGIR divergence.

3.3 Stylized Fact 3: Diverging Age-Education Gaps

We document a third stylised fact: the educational composition of late-career and early-

career cohorts has moved in opposite directions in rich and poor countries, with potentially

different implications for the supply of skilled labour in the two settings.
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Figure 4. Education Gap, 55–64 vs 25–34 years old

(a) College Age Gap
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(b) High-School (or higher) Age Gap
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Notes: Each line plots the ratio of the share of individuals aged 55–64 to the share of individuals aged 25–34 holding a
given level of education, by wave and country group (Poorer or Richer). Panel (a) refers to college or higher; panel (b)
to high-school or higher. A ratio below one means the older cohort holds a smaller share of educated workers than the
younger one.

Figure 4 reports the evolution of two age-education gaps over the 2004–2018 period,

separately for rich and poor country groups, where each line measures the ratio of the

share of older to younger individuals holding a given level of education. Two patterns

stand out.

First, the relative college attainment of the old has remained broadly stable in rich

countries, with the ratio hovering around 0.65 throughout the period (panel a). In poor

countries it has fallen from approximately 0.67 in 2004 to roughly 0.51 in 2018. Old and

young have expanded college attainment at similar rates in rich countries but at very

different rates in poor countries, where the young have pulled sharply ahead.

Second, panel (b) shows that the high-school-or-higher attainment of the old has

converged toward that of the young in both country groups, but more strongly in rich

countries: the ratio in rich countries climbed from 0.75 in 2004 to 0.85 by 2018, while

in poor countries it rose more modestly, from 0.69 to 0.75. This is consistent with the

wave of high-school expansion in OECD countries during the 1970s and 1980s reaching

the late-career cohort by the end of our sample.11

11Most OECD countries experienced fast increases in high-school completion between 1965 and 1985,
with a plateau thereafter; around one-third of OECD countries did not substantially increase the attain-
ment of high-school degrees in new cohorts after 1985 (OECD, 2017).
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Figure 5. Education Shares by Age Group, 2004–06 to 2016–18
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Notes: Each country contributes one arrow per panel, joining its 2004–06 marker (open circle) to its 2016–18 marker (filled
circle). The horizontal axis reports the share of individuals aged 25–34 holding the corresponding level of education, the
vertical axis the share among individuals aged 55–64. Rich and poor countries are coloured in blue and red respectively.
The dashed line is the 45◦ line at which the share of older and younger individuals holding the education level coincide.

Figure 5 provides the same evidence at the country level. Each country contributes two

markers per panel: an open circle marks its 2004–06 position and a filled circle its 2016–18

position, joined by an arrow that traces the within-country change. The horizontal axis

reports the share of young (25–34) workers with at least the relevant education level, and

the vertical axis the corresponding share among the old (55–64). The 45◦ line marks parity

between age groups: points below the line indicate that the young hold a larger share of

that education level than the old; points above, the reverse. Arrows pointing toward the

45◦ line therefore indicate convergence between age groups, while arrows pointing away

from the line indicate divergence. Compared to Figure 4, this representation adds two

pieces of information: the level of each share, not just their ratio, and the joint movement

of the old’s and young’s shares over time, country by country.

Panel (a) shows that the share of young individuals with at least a college degree

was already above the share among the old in 2004 in nearly every country, so that

most points lie below the 45◦ line. In poor countries the red arrows point clearly away

from the 45◦ line, meaning that the young’s college share has expanded faster than the

old’s and the gap has widened. In rich countries the blue arrows run largely parallel to

the 45◦ line, with several countries showing modest convergence: old and young have

expanded college attainment together. The pattern is sharper in panel (b), representing
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the share of individuals with high-school or higher achievements. Rich-country arrows

pull strongly toward the 45◦ line and most arrive close to it, indicating near-complete

convergence between age groups. Poor-country arrows shift mostly away from the 45◦

line, and remain visibly below the diagonal: most poor countries have seen the share of

educated young rise faster than the share of educated old. In Appendix H we show that

these different trends in college catch-up are consistent with historical enrolment rate

differences between high- and lower-income countries.

These shifts in educational composition matter for age-income gaps because higher-

educated workers are more likely to be employed, more likely to remain in employment

when old, and earn higher wages with larger age-wage premia. The link with observed

wage premia, however, is mediated by many factors: skill-specific productivity, returns to

experience, equilibrium responses to changing relative skill supply, and general equilib-

rium feedback through wages and employment. Nevertheless, for completeness, Figure 6

documents how within-age wage premia, measured as the ratio between the average wage

of a worker with a given level of education and the average wage of a less-than-high-school

worker of the same age group, have evolved alongside the supply shifts in Figure 5.

Figure 6. Within-age Wage Premium, 2004–06 to 2016–18
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Notes: Each country contributes one arrow per panel, joining its 2004–06 marker (open circle) to its 2016–18 marker (filled
circle). The horizontal axis reports the within-age wage premium of the relevant skill for the young (25–34): the wage of
a college (panel a) or HS-or-higher (panel b) worker, divided by the wage of a less-than-HS worker of the same age. The
vertical axis reports the analogous quantity for the old (55–64). The HS-or-higher premium is a weighted average of the
college and high-school premia, with weights given by the corresponding educational shares of the same age group. The
dashed line is the 45◦ line.

In poor countries the red arrows point strongly downward in both panels: the within-
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age skill premium of older workers has fallen considerably between 2004 and 2018, sharply

compressing the substantial premium advantage that the old held in 2004. In rich coun-

tries the blue arrows are short and stay close to the 45◦ line throughout. Within-age skill

premia for old and young were already similar in 2004 and have moved little since. Read

together with Figure 5, the two pictures point in the same direction: in rich countries the

labour markets for skill appear to have been converging in supply across groups, while

relative skill prices have remained stable; in poor countries the supply gap is still widening

at the college margin while the wage gap is compressing.

Take-away Three lessons emerge from this section. First, the drivers of age-income

divergence differ systematically across development levels: employment dynamics domi-

nate in high-income countries while wage dynamics dominate in middle-income ones — a

pattern that is robust within income groups and justifies the global scope of our analysis.

Second, the rise in AGIR in rich countries is not driven by pension reforms or gender-

specific trends, pointing instead to structural forces that affected older workers broadly

and across both genders. Third, the educational composition of late- and early-career

cohorts has moved in opposite directions across the development spectrum: the old have

caught up with the young in rich countries, especially at the high-school margin, while the

young have pulled ahead in poor countries, especially at the college margin; within-age

skill premia have moved consistently with these supply shifts. Technology, demographics,

education, and preferences all offer plausible explanations for these patterns, but dis-

criminating among them requires a structural framework capable of quantifying general

equilibrium effects. Section 4 develops such a framework.

4 Model

To discriminate among competing explanations for AGIR divergence, we develop a quan-

titative overlapping generations model with endogenous education choices, skill-specific

production, and labour supply decisions. The model is designed for exact identification:

given standard elasticity parameters, it perfectly matches all observed moments—wage

gaps, employment rates, education shares, and transfers—for each type of country and

sub-period, recovering unique structural parameters. This allows us to conduct counter-

factual experiments that vary each of six mechanisms independently—skill-biased tech-

nological change, experience premia, transfers, demographic aging, skill congestion, and

labour preferences—and decompose each effect into partial equilibrium (direct compo-
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sitional effects) and general equilibrium (endogenous wage, employment, and education

responses).12

General Environment Time is discrete, indexed by t = 1, 2, 3, . . .. In each period

t, a new cohort of measure Nt enters the economy. Each individual lives for 5 periods,

corresponding to ages 25–34 (period 1), 35–44 (period 2), 45–54 (period 3), 55–64 (period

4), and 65–74 (period 5), after which they exit the model. We use superscript a ∈ A =

{1, 2, 3, 4, 5} to denote age, with A = 5 representing the terminal period.

Education Choice and Human Capital Accumulation Education choices are made

when young. Young workers select a skill level s from a discrete set S and pay education

costs equal to a share (1− κ(s)−1) of their income in each period. Young workers with

skill s earn a wage ws,t. In each subsequent period, they gain experience, earning a wage

of ws,t+1(1 + gas,t+1), where gas,t captures the difference in efficient labour units between a

worker of skill s at age 1 and age a, with g1s,t = 0 for all t, s. Education costs are assumed

time-invariant, which is necessary for identification.13

Labor Choice We model labour supply as an extensive margin, adopting Hansen’s

indivisible labour assumption, which convexifies labour supply and allows us to interpret

employment as a zero-one decision while keeping the model tractable (Hansen, 1985).

This is consistent with our empirical analysis, where variations in aggregate hours worked

primarily reflect changes in the number of employed individuals rather than hours per

worker—a pattern we confirm for all countries in our sample in Appendix E. Specifically,

in each period a worker with skill s at age a chooses either to be unemployed (las,t = 0) or

to work full-time (las,t = 1).

In line with the work of Adão et al. (2024), we assume that individuals gather into

large households pooled by skill and age. These households decide on the proportion

of individuals who are working (las,t ∈ [0, 1]), then pool their income and consumption.

12In Appendix I.5 we discuss how to validate this model, as all relevant observable characteristics
are exactly matched. The intuition is that preferences act as the residual that allows to exactly match
employment variations across age and time, and we can test the joint relevance of all other mechanisms
in explaining such age income and employment profiles.

13The assumption of time-invariant education costs is not unreasonable. In the U.S., institution-
weighted real college prices net of scholarships and aid increased by 15.5%, driven by a doubling of public
4-year institution net fees from $1,690/year to $3,380/year, approximately constant fees for non-profit
private institutions at $12,800/year, and a fall of $1,000 in 2-year public institution net fees (from −$50
to −$1,080) (Ma et al., 2015). In the same period, real college graduate earnings increased by around 8
percentage points more than high-school graduate earnings. Several European countries in our sample
have always provided free (Finland, Sweden, Denmark) or near-free (Germany, France) public education.
Moreover, our costs capture not only the financial cost of education but also its utility effort.
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Consequently, households can be viewed as type-specific mutualistic associations that pro-

vide unemployment insurance for non-workers.14 Since the households consist of identical

individuals, we refer to them by their age level a and skill level s.

Additionally, workers have access to an internationally traded risk-free asset with a

return of rt. We assume that rt = 0 for all t, and that young workers do not discount

future utility. We denote by Ba
s,t+1 the asset level chosen at time t by a household of

age a and skill s, which matures at time t + 1 when the household is age a + 1. Young

generations are born with no assets (B0
s,t = 0), and aged-A workers optimally choose zero

assets, as in equilibrium it is not optimal to save and it is infeasible to borrow (since they

will not repay). Finally, non-working agents of age a obtain a transfer τas,t(1− las,t), which

can be interpreted as a skill-specific pension payment when a = A and unemployment

transfers when a < A.

Household Problem Each period, households maximize their lifetime utility. Using a

standard formulation of the instantaneous utility function with endogenous labor supply

choice (see (Keane, 2011)), the problem of an old household at their terminal age A, with

skill s at time t is:

max
cAs,t,l

A
s,t

UA
s,t(c

A
s,t, l

A
s,t) = cAs,t −

1

αA
s,t

(lAs,t)
1+b,

s.t.


cAs,t ≤ BA−1

s,t + ws,t(1 + gAs,t)l
A
s,tκ(s)

−1︸ ︷︷ ︸
Labor Income

+ τAs,t(1− lAs,t)κ(s)
−1︸ ︷︷ ︸

Transfer Income

,

lAs,t ∈ [0, 1], cAs,t ≥ 0.

(9)

Here, αA
s,t is the inverse of the utility cost of working, b is the curvature of the cost of

effort, and κ(s) is the cost of acquiring skill s (as a proportional salary sacrifice).15

Households of age a ∈ {2, 3, 4} maximize lifetime utility, taking into account the cost

κ(s) of acquiring skill s:

max
{ca+j

s,t+j ,l
a+j
s,t+j ,B

a+j
s,t+j+1}

A−a
j=0

Ua
s,t(c

a
s,t, l

a
s,t) +

A−a∑
j=1

Et

(
Ua+j
s,t+j(c

a+j
s,t+j, l

a+j
s,t+j)

)

s.t.


ca+j
s,t+j +Ba+j

s,t+j+1 ≤ Ba+j−1
s,t+j + ws,t+j(1 + ga+j

s,t+j)l
a+j
s,t+jκ(s)

−1

+τa+j
s,t+j(1− la+j

s,t+j)κ(s)
−1, ∀j ∈ {0, . . . , A− a}

la+j
s,t+j ∈ [0, 1]; ca+j

s,t+j ≥ 0, ∀j ∈ {0, . . . , A− a}.

(10)

14This assumption has real-world grounding in household formation and several countries’ welfare and
pension systems, which originate from occupation-specific mutualistic associations.

15In this formulation, the cost can be interpreted as financing education through a “graduate tax”, or
a student loan system with long repayment dates and maximum monthly payments, such as in the UK.
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Finally, at age a = 1, the young are free to choose their skill level s to maximize their

lifetime utility:

max
s,{c1+j

s,t+j ,l
1+j
s,t+j ,B

1+j
s,t+j+1}

A−2
j=0

U1
s,t(c

1
s,t, l

1
s,t) +

A−1∑
j=1

Et

(
U1+j
s,t+j(c

1+j
s,t+j, l

1+j
s,t+j)

)

s.t.



c1+j
s,t+j +B1+j

s,t+j+1 ≤ Bj
s,t+j + ws,t+j(1 + g1+j

s,t+j)l
1+j
s,t+jκ(s)

−1

+τ 1+j
s,t+j(1− l1+j

s,t+j)κ(s)
−1, ∀j ∈ {0, . . . , A− 1}

B0
s,t = 0,

l1+j
s,t+j ∈ [0, 1]; c1+j

s,t+j ≥ 0, ∀j ∈ {0, . . . , A− 1}.

(11)

Remark. The structure of education choice, the linearity of consumption in the utility

function, and the alignment of the interest rate with the rate of intertemporal discount-

ing imply that young workers’ borrowing and lending do not affect the optimal decisions

regarding labor and education. In fact, for any labor and education choice, all com-

binations of saving and consumption across periods that adhere to the intertemporal

budget constraint yield the same maximum lifetime utility. Thus, the equilibrium with

free borrowing is equivalent to the no-borrowing equilibrium. To simplify our analysis,

we assume that Ba
s,t+1 = 0 for all a, s, and t throughout the remainder of this discussion.

The optimal labour and education allocations derived under this assumption are therefore

not constrained by externally imposed borrowing limits but reflect unconstrained optimal

choices.

To simplify notation, define τ̃as,t = w−1
s,t τ

a
s,t the transfers expressed in units of the

current wage. Solving the old household problem for an interior solution of effort, we

obtain the old household’s indirect utility:

V A
t (s) =

τAs,t
κ(s)

+

(
ws,t(1 + gAs,t − τ̃As,t)

κ(s)

) 1+b
b
(

αA
s,t

1 + b

) 1
b

b

1 + b
. (12)

For an interior solution of household employment rates in all periods, the indirect

utility function of younger households of age a < A that have chosen skill s is

V a
t (s) =

τas,t
κ(s)

+

(
ws,t(1 + gas,t − τ̃as,t)

κ(s)

) 1+b
b
(

αa
s,t

1 + b

) 1
b b

1 + b
+ Et

(
V a+1
t+1 (s)

)
. (13)

Production We assume perfect competition. Firms produce a final consumption good

by combining labor from all skills according to a CES production function:

Yt =

(∑
s∈S

As,t (Ls,t)
θ−1
θ

) θ
θ−1

,

where Ls,t is the total supply of labor of skill s at time t, and As,t is the productivity of a

unit of labor provided by a skill-s worker. The price of the good is the numeraire of the
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economy.

Firms maximize profits, given the skill-specific wage rates {ws,t}s∈S, by choosing the

optimal employment level for each skill:

π∗
t = max

{Ls,t}s∈S
Yt −

∑
s∈S

ws,tLs,t.

The solution to the firm’s problem satisfies the first-order conditions:(∑
s′

As′,t (Ls′,t)
θ−1
θ

) θ
θ−1

−1

As,tL
θ−1
θ

−1
s,t = ws,t, ∀s, t. (14)

Appendix I.1 formally characterises the sequential competitive equilibrium.

4.1 Bringing the model to the data

A key property of the model is its tractability: all endogenous variables of interest—

employment rates, labour income, and education shares by age—can be written in closed

form as functions of the exogenous parameters: skill-specific TFP As,t, returns to expe-

rience gas,t, cohort sizes ∆t,t′N , and labour preferences αa
s,t. This allows us to invert the

model and recover unique structural parameters from observed data moments, taking the

elasticity of substitution between skills, θ, and Frisch elasticity b−1 as calibrated from the

literature, as described below.

Model limitations The tractability that allows exact identification comes at the cost of

several simplifications, which we briefly acknowledge here. First, the model abstracts from

within-period heterogeneity: workers within each age–skill cell are treated as identical,

so the decomposition captures between-group dynamics but not changes in within-group

wage or employment dispersion. Second, human capital accumulation is assumed to

be complete at entry: the returns to experience gas,t are treated as exogenous shifters

rather than outcomes of post-entry investment decisions. To the extent that on-the-job

training and learning-by-doing differ systematically between age groups, our framework

would attribute these effects to the experience-premium channel rather than isolating

them separately. Third, retirement is modelled as an optimal extensive-margin labour

supply decision within each period rather than as a dynamic stopping problem, so the

model does not capture the option-value of delayed retirement or the effect of pension

wealth on the timing of exit. Each of these extensions would enrich the analysis, and we

view them as natural directions for future work.
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Calibration The endogenous variables have clear observable counterparts. We assume

there are three skills characterized by education level: college-educated (s = High),

high-school educated (s = Med), and less-than-high-school educated (s = Low). For

a given country and year t, we observe: (i) relative wages across skills (ws,t/ws′,t); (ii)

employment rates by age and skill (las,t); (iii) education shares by age (ρas,t); (iv) relative

size of generations (Na
t /N

1
t ); and (v) average transfers received by the non-employed, in

proportion to wage per employee (τ̃as,t).

Since countries within-group (richer or poorer) experienced similar dynamics, our

goal is to provide credible estimates for parameters of interest in 2004 and 2018 for

two countries: a representative “rich” country and a representative “poor” country. The

observable endogenous variables are the respective averages across all poor/rich countries.

We estimate the model’s parameters to perfectly match observed relative wages by skill,

education shares by age, and employment rates by age and skill, taking as given the return

to experience gas,t and aging ∆t,t′N .

Since we do not observe a full generation forward from 2004,16 we assume that in 2004

the future return to experience gas,t+1 and wage growth ∆ws,t+1 equal their 2018 values.

We perform three normalizations: (i) set the wage rate of low-skilled in 2004 to unity

(wL,2004 = 1); (ii) normalize the 2018 less-than-high school wage to account for absolute

productivity growth between periods; (iii) treat low-skill education as the outside option

with zero cost (κ(L) = 1).

Finally, we calibrate two parameters from the literature. Following (Adão et al., 2024)

and (Hsieh and Moretti, 2019), we set the elasticity of substitution between skills to θ = 3.

Following (Blundell et al., 2013), we set the (inverse) extensive-margin labor elasticity to

b = (0.3)−1.

Given these assumptions, the model exactly replicates all observed moments—relative

wages, employment rates, education shares, and transfers—for both country groups in

2004 and 2018, with no unexplained residual. Appendix I.2 details the estimation equa-

tions and Appendix I.3 the estimation procedure. Finally, in Appendix I.5 we provide

evidence of the validation of the model.

16According to our definition of workers used in the empirical section, we track individuals across five
age groups spanning from 25–74 years old. However, we only have a 15-year gap available in our sample
between 2004 and 2018.
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4.2 Estimates across the life-cycle

Our five age group framework allows us to estimate how returns to experience and labour

preferences vary across the lifecycle. Figure 7 displays estimated parameters for high- and

low-skilled workers; the full list of estimates appears in Appendix I.4. In rich countries,

panel (a), skill-specific TFP—which does not depend on age—diverged sharply: high-

skilled productivity rose substantially while low-skilled productivity declined, widening

the skill premium. Returns to experience exhibit intuitive lifecycle patterns. Importantly,

between 2004 and 2018, these returns increased for high-skilled workers only at older

working ages (45–54 and 55–64), while low-skilled workers experienced increases across

all ages. Labour supply preferences are systematically higher for high-skilled workers,

reflecting stronger work attachment. Notably, preferences shifted markedly toward greater

labour supply for high-skilled workers approaching pension age, consistent with delayed

retirement trends. Recall that the preference parameter αa
s,t serves as a reduced-form

wedge that captures unmodelled forces—such as institutional changes or shifting norms

around work and retirement—that affect workers’ employment attachment across all age

groups beyond what wages and experience premia alone can explain. Poor countries

exhibit similar qualitative patterns but different magnitudes. Skill-specific TFP increased

for both groups, though the skill premium widened even more due to faster high-skilled

productivity growth. Returns to experience and labour preference follow comparable

lifecycle gradient.
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Figure 7. Lifecycle Profiles of Estimated Parameters
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Notes: The figure displays estimated lifecycle profiles for high-skilled (circles) and low-skilled (squares) workers in 2004
(solid line) and 2018 (dashed line). Panels (a)–(c) show rich countries and panels (d)–(f) poor countries. Panel (a) shows
skill-specific productivity (As), panel (b) returns to experience relative to the youngest age group (gas ), and panel (c) labour
supply preferences (αa

s ). Medium-skilled parameters appear in Appendix I.4. Parameters are estimated using representative
moments averaged across countries within each income group.

4.3 Decomposition of AGIR growth

Having established that our model successfully replicates the observed patterns in both

rich and poor countries, we now use it as a laboratory to decompose the sources of

AGIR changes. We construct counterfactual equilibria by varying one parameter or initial

condition at a time while holding all others at their 2004 values. Then, we compare the

resulting AGIR in 2018 to the 2004 baseline. This approach isolates the contribution of

each mechanism through both direct effects and general equilibrium adjustments.

We consider six counterfactuals, each targeting a specific channel: (i) Productiv-

ity (As): set skill-specific TFP to 2018 values, capturing skill-biased technical change;

(ii) Returns to experience (gas ): set age-skill-specific returns to 2018 values, capturing
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changes in the returns to accumulated human capital; (iii) Transfers (τas ): set transfer

rates to 2018 values, capturing changes in social insurance generosity; (iv) Aging (Na
t ):

set cohort sizes to 2018 values, capturing demographic shifts; (v) Skill congestion (ρas,t

for a > 1): set the initial education distribution of older cohorts to 2018 values, capturing

educational catch-up; (vi) Labour preferences (αa
s): set preference parameters to 2018

values, capturing shifts in work attachment. Finally, we report the decomposition com-

bining all channels simultaneously, which, by construction, replicates the observed AGIR

growth exactly. Note, however, that the sum of the individual channels need not equal

the total change, since the channels are not orthogonal.

The skill congestion counterfactual deserves further elaboration. The shares ρas,t for

a > 1 are initial conditions of the model: they record the educational composition of

cohorts who are already in the market before time t and whose skill choices are therefore

predetermined. Setting these shares to their 2018 values simulates a world in which

the older cohorts present in 2004 had the educational composition of the older cohorts

observed in 2018, that is, a more educated older workforce, and traces the consequences

for equilibrium wages, employment rates, and the education choices of younger cohorts

entering the labour market.

Table III summarises the AGIR growth contributions from each counterfactual.

TABLE III. Decomposition of AGIR Growth

Rich Countries Poor Countries
Total Empl Wage Transfer Total Empl Wage Transfer

Data (2004-2018) +19.7 +18.6 +7.1 -7.1 -8.0 +8.6 -15.9 -3.4

(i) Productivity -16.7 -5.9 -11.1 -0.2 -5.2 +6.6 -3.1 -9.3
(ii) Returns to exp. +3.5 +1.6 +4.2 -1.5 -1.8 -2.9 -0.7 +1.6
(iii) Transfers +0.3 -1.3 -0.1 +1.7 -7.3 +7.9 -0.5 -13.9
(iv) Aging -0.5 -0.3 -0.2 +0.0 -0.5 -0.2 -0.3 +0.0
(v) Skill congestion +37.5 +12.1 +17.7 +0.0 -10.4 -1.7 -10.8 +2.1
(vi) Preferences +7.8 +14.7 -0.4 -7.4 +11.9 +7.3 +2.7 -0.0

All channels +19.7 +18.6 +7.1 -7.1 -8.0 +8.6 -15.9 -3.4

Notes: AGIR growth contributions in percentage points. Each counterfactual changes one parameter at a time to its 2018
value, holding all others at 2004 levels. “All channels” varies all mechanisms simultaneously and exactly replicates the
observed AGIR growth by construction. Notice that the change in AGIR growth reported in this table is not identical to
the one reported in Table II because in that table the statistics are computed as averages across country, while here we
pool together all the observations for each country-type and then compute the statistics. Finally, the sum of the individual
channels need not equal the total change, since the channels are not orthogonal.

Productivity changes reduced AGIR in both rich (−16.7pp) and poor (−5.2pp) coun-

tries. In rich countries, this operated primarily through the wage margin (−11.1pp), with
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a further employment contribution of −5.9pp. TFP growth was concentrated among

high-skilled workers, who are disproportionately young, thus favouring younger cohorts’

wages and reducing AGIR. In poor countries, productivity increased across all skills,

creating incentives for older workers to remain in the labour force (+6.6pp through em-

ployment) while favouring younger workers’ skill accumulation and high-skilled wages

(−3.1pp through wages), with transfers absorbing the remaining effect (−9.3pp).

Skill congestion is the dominant driver of rising AGIR in rich countries (+37.5pp),

operating through both employment (+12.1pp) and wages (+17.7pp). As older cohorts

acquire more education, they compete more intensely with younger workers in skilled

labour markets, depressing equilibrium wages and employment rates for the young while

raising them for the old. General equilibrium responses amplify this mechanism: as

older workers crowd into skilled markets, equilibrium wages for the young fall, further

discouraging their labour market attachment. In stark contrast, this channel reduces

AGIR in poor countries (−10.4pp, through both employment−1.7pp and wages−10.8pp),

due to the fact that the education upgrading of the old was not as fast as the one desired

by the young when looking at current skill prices and expectations.

Labour preferences constitute the second-largest contributor to rising AGIR in rich

countries (+7.8pp), operating almost entirely through employment (+14.7pp). Older

workers increasingly prefer continued work over retirement, directly raising their relative

employment rates. A similar and quantitatively notable pattern is observed in poor coun-

tries, where this channel raises AGIR by +11.9pp (+7.3pp through employment).

Returns to experience contribute modestly in rich countries (+3.5pp) and are slightly

negative in poor countries (−1.8pp), where the age premium of mid- and low-skilled

workers declined between 2004 and 2018.

Transfers and aging play minor roles in rich countries (+0.3pp and −0.5pp respec-

tively). In poor countries, transfers contributed substantially to a reduction in AGIR

(−7.3pp): while the reduction in the transfer-to-wage ratio raised older workers’ employ-

ment (+7.9pp), the net effect reduced older workers’ income through both lower transfers

per retiree and a smaller retiree base (transfer component −13.9pp).

Our decomposition reveals that improved skill-specific technology worldwide favoured

younger workers’ incomes through higher wages. This force dominates in poor countries,

accounting for their entire AGIR decline. In rich countries, however, skill congestion—

older workers becoming more educated and crowding out the young—more than counter-
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balances technology, raising older workers’ incomes through both employment and wages.

Additionally, stronger preferences for continued work among older workers further in-

creased their relative employment. The divergence thus stems not from technological

differences but from differential educational dynamics and labour supply responses across

development stages.

4.4 General equilibrium effects

Table IV decomposes each channel’s total effect into partial equilibrium (PE) and general

equilibrium (GE) components, shedding further light on the two dominant drivers of rising

AGIR in rich countries: skill congestion and labour preferences. In each counterfactual,

the PE effect captures the direct impact of a parameter change on income composition,

holding wages and education shares fixed at their 2004 values. The GE effect is defined

as the residual between the total and PE effects, and reflects the endogenous responses of

education choices, employment decisions, and equilibrium wages to the parameter change.

By construction, mechanisms that operate primarily through labour market prices and

human capital accumulation will generate large GE effects, while mechanisms that directly

shift income through composition alone will be predominantly PE phenomena.

Despite being the largest contributor to AGIR growth, skill congestion operates almost

entirely through general equilibrium forces. Its direct compositional effect is modest

(+5.1pp PE), but endogenous labour market responses amplify this into a total effect of

+37.5pp (+32.4pp GE). As older cohorts crowd into skilled labour markets, equilibrium

wages for younger workers fall and their relative employment rates decline, generating a

powerful feedback loop that would be entirely missed by a partial equilibrium or reduced-

form approach.

Labour preferences, by contrast, operate almost entirely through a direct composition

effect. As older workers increasingly prefer continued work over retirement, their relative

employment rises mechanically, with only negligible general equilibrium feedback (+7.1pp

PE vs +0.7pp GE). This makes the preferences channel essentially a reduced-form shift in

labour supply, requiring no equilibrium amplification to generate its +7.8pp contribution

to AGIR growth.

The remaining channels play secondary roles and are largely GE phenomena. Pro-

ductivity generates its entire −16.7pp reduction in AGIR through general equilibrium

forces (+0.0pp PE): TFP changes have no direct impact on income composition when

wages are held fixed—their entire effect operates through endogenous wage adjustments.
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Returns to experience show a partial PE/GE offset: a positive direct effect (+6.0pp PE)

is partially reversed by endogenous responses (−2.4pp GE). Transfers and aging generate

negligible effects through both channels. The bottom row confirms that while individual

mechanisms trigger large and opposing GE responses, these largely cancel in aggregate,

leaving overall AGIR growth of +19.7pp driven primarily by PE forces (+19.9pp).

Taken together, skill congestion and labour preferences account for +26.8pp of employ-

ment margin growth, partially offset by the −5.9pp employment effect of productivity—

confirming that the employment margin dominance documented in Section 3 reflects the

combined action of these two structural forces operating through fundamentally different

channels: one almost entirely through general equilibrium feedback, the other through a

direct labour supply shift.

TABLE IV. Partial and General Equilibrium counterfactuals for GRD (percentage points)

Rich Countries

Total Employment Wage
PE GE Total PE GE Total PE GE Total

(i) Productivity +0.0 -16.7 -16.7 +0.0 -5.9 -5.9 +0.0 -11.1 -11.1
(ii) Returns to exp. +6.0 -2.4 +3.5 +2.9 -1.3 +1.6 +5.2 -1.0 +4.2
(iii) Transfers +0.5 -0.2 +0.3 -1.3 -0.0 -1.3 -0.1 -0.0 -0.1
(iv) Aging +0.0 -0.5 -0.5 +0.0 -0.3 -0.3 +0.0 -0.2 -0.2
(v) Skill congestion +5.1 +32.4 +37.5 +2.2 +9.9 +12.1 +2.6 +15.1 +17.7
(vi) Preferences +7.1 +0.7 +7.8 +14.2 +0.5 +14.7 -0.5 +0.1 -0.4

All channels +19.9 -0.2 +19.7 +18.7 -0.0 +18.6 +7.2 -0.1 +7.1

Notes: The table decomposes counterfactual AGIR growth contributions (percentage points) for a representative rich
country, constructed by averaging moments across all rich countries. Partial equilibrium (PE) effects hold wages and
education shares fixed at their 2004 values; general equilibrium (GE) effects are the residual. Each counterfactual sets one
parameter to its 2018 value: (i) skill-specific TFP As; (ii) returns to experience gas ; (iii) transfer rates τas ; (iv) relative
cohort sizes; (v) skill congestion, i.e. initial education distribution of older cohorts; (vi) labour preference parameters αa

s .
“All channels” sets all parameters simultaneously and exactly replicates observed AGIR growth by construction.

4.5 AGIR and Lifetime Income Profile

Figure 8 complements the AGIR decomposition by examining how the four main channels

(productivity, returns to experience, skill congestion, and labour preferences) shape the

lifecycle income profile of the young alive when the shock happens. We calculate each

lifetime income curve in two steps. First, we estimate the (general) equilibrium once at

t = 1, similarly to the counterfactuals presented in the previous section. This yields a set

of wages, employment rates and—most importantly—education levels of the young (age

a = 1). Then, we iterate the model forward in time, yielding potentially different wages

and employment rates by skill in each period, with the only constraint that the skill shares

of each following cohort must be equal to those of the young at t = 1. This allows us to
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discipline the dynamics of the model.17 Finally, we calculate the average lifetime income

of the young as the average of the incomes perceived by the cohort born in period t = 1,

between t = 1 and t = 5.

The outcomes of the exercise are: an “initial” AGIR in the first period of the coun-

terfactual economy (t = 1), and the average lifetime income, wages and employment of

the cohort born at t = 1. Table V summarises how each counterfactual changes these

outcomes of interest, while Figure 8 plots the implied lifetime income profiles of the cohort

born at t = 1, i.e., the income of a single cohort born at t = 1 and followed from age 25

to age 74 under each counterfactual.

In rich countries, the two dominant drivers of a rising AGIR, skill congestion and

labour preferences, have strikingly different distributional implications beyond their effect

on the old/young income ratio. Skill congestion strongly depresses the present and future

income of the young, increasing the initially observed AGIR (1.46 vs 1.08) while reducing

the young cohort’s lifetime income (0.79 vs 1.28). That is, a higher AGIR today does not

translate into higher incomes tomorrow for the new cohorts. The reason is that, without

further skill-biased technical change, a higher level of education among the old reduces

the education incentives of the young. An individual who experienced only higher skill

congestion when born (a = 1) would acquire considerably less education than what is

observed in the 2004 data, reducing individuals’ average first-period income by over 20%

relative to the data baseline (from 1.12 to 0.88), as well as future incomes and income

growth. On the contrary, the counterfactual mechanically increases the education level of

the old alive at t = 1, increasing AGIR.

Notice that the lifetime income profile of such individuals follows an unusually decreas-

ing path. This happens because, while the skill congestion shock reduces their willingness

to acquire education relative to the baseline, their optimal education level is still higher

than that of previous cohorts due to the high returns to education. When further cohorts

enter the economy with an equal level of education at t = 2, 3, . . ., the amount of skill

congestion experienced by all cohorts alive increases, resulting in a further reduction of

average wages across all skill levels over time. Hence, an increase in present-period AGIR

17This choice stems from the fact that our model yields, from the data, expectations over the future
returns to education that do not necessarily match the simulated ones, since they cannot be disentangled
agnostically. Fixing education allows us to preserve the direction of each mechanism relative to the initial
case. Notice that this choice yields underestimates of the size of each mechanism relying heavily on skill
acquisition choices, such as the TFP or skill congestion counterfactuals. For example, if a cohort ends up
below the steady-state education share due to skill congestion, assuming that the following cohorts also
have below-steady-state education shares understates the total skill congestion faced by the initial young
cohort across its lifetime.
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does not imply an increase in future incomes for newly born cohorts.18

Changes in preferences for work increase both AGIR and lifetime income, since in-

dividuals work and earn higher wages for longer. This is consistent with the expected

effects of a pure labour supply push. Similarly, an increase in the return to experience

mechanically increases AGIR, but also lifts the lifetime income of future generations. A

positive shock to TFP reduces AGIR and increases the lifetime income of the young as

well (from 1.28 to 1.58).

The picture is strikingly different in poor countries, where an increase in the education

level of the old increases the lifetime income of the young. This is because — in poorer

countries — the shock mainly reduces the share of old workers with less-than-high-school

education, with only a marginal increase in old college graduates. This strongly reduces

congestion in the lowest-skilled labour market, while creating incentives for the new young

cohort to acquire even higher education levels, increasing their lifetime income (from 1.58

to 2.03) and reducing t = 1 AGIR (from 1.12 to 1.02). However, recall that higher edu-

cation levels also imply higher education costs κ: while the income of the new generation

increases, utility does not.19

The remaining mechanisms work similarly to rich countries: TFP shocks increase

lifetime income, and reduce AGIR since they are skill-biased in favour of college-educated

workers. The fall in returns to experience in poorer countries between 2004 and 2018

reduced AGIR while also decreasing lifetime income. The increased preferences for work

among older individuals, and a reduction among the young, led to higher AGIR and

approximately similar lifetime income.

18Notice that the AGIR we consider is the one calculated in the same period as the shock. Projecting
the economy forward, an individual born 5 periods after the shock has an age-1 income of just 0.57, less
than half of the level observed in the 2018 data, versus an income of age-5 individuals (the ones born
at the beginning of the counterfactual experiment) of 0.67. Hence, AGIR calculated 5 periods after the
shock is 1.13. This explains the apparent disconnection between a downward-sloping lifetime income
profile of the young born in the first period of the counterfactual, and the increase in AGIR: Figure 8
plots the lifetime income of a single cohort, but AGIR is calculated across cohorts.

19In other words, the congestion shock in poorer countries incentivises the young to acquire further
education, increasing their income while also increasing education costs. In richer countries, congestion in
both high-school and college-level education decreases the education incentives of the young all around.
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Figure 8. Lifecycle Profiles of New Cohorts, by Counterfactual Exercise
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Notes: The figure displays the lifecycle profile of an individual born at t = 1 under four counterfactual scenarios for rich
countries (panel a) and poor countries (panel b). The plotted lifecycle profiles are the ones obtained by re-estimating the
model’s equilibrium forward, while keeping the education level of each following generation equal to the equilibrium one
of the t = 1 young. These counterfactuals are: 2004 baseline (black), 2018 data (gray), productivity (orange), returns
to experience (purple), skill congestion (green), and labour preferences (cyan). Each counterfactual takes the 2004 initial
condition as baseline and changes only one set of parameters from its 2004 to its 2018 value, holding all parameters associated
with other counterfactuals constant. In the “skill congestion” counterfactual, only the initial education of the cohorts alive
at t = 1 is changed from its 2004 to its 2018 value.

TABLE V. AGIR and Lifetime Income: Counterfactual Decomposition

Rich Countries Poor Countries

AGIR Lifetime Lifetime Lifetime AGIR Lifetime Lifetime Lifetime
Income Wage Employment Income Wage Employment

2004 - Data 1.08 1.28 1.51 0.61 1.12 1.58 1.87 0.58
2018 - Data 1.28 1.44 1.64 0.64 1.04 2.34 2.79 0.64

TFP 0.92 1.51 1.76 0.65 1.07 1.96 2.31 0.67
Return to Experience 1.12 1.35 1.57 0.62 1.10 1.49 1.78 0.57
Skill Congestion 1.46 0.79 0.97 0.51 1.02 2.03 2.36 0.63
Preference 1.16 1.31 1.53 0.64 1.24 1.59 1.94 0.57

Notes: The table reports AGIR (ratio of average disposable income of individuals aged 55–64 to those aged 25–34), average
lifetime income, and its standard deviation across age groups, for representative rich and poor countries constructed by
averaging moments within each income group. Each counterfactual row sets one mechanism to its 2018 value while
holding all other parameters at 2004 levels.

5 Conclusions

The growing income divergence between older and younger workers has become a defining

concern across industrialised economies, yet existing evidence relies almost exclusively on

the wages of employed individuals in a small set of developed countries. This paper

provides a more complete picture by analysing disposable income inequality across 32

countries over 2004–2018, introducing a structural framework capable of discriminating
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among competing explanations.

Our empirical analysis documents a striking divergence. The Age Group Income

Ratio—the ratio of disposable income of individuals aged 55–64 to those aged 25–34—

rose by 18 percentage points in high-income countries but fell by 8 percentage points in

middle-income economies, starting from nearly identical levels in 2004. This divergence

operates primarily through the employment margin: differential changes in employment

rates between older and younger workers account for two-thirds of rising AGIR in rich

countries, a margin that conventional age-earnings measures miss entirely.

To explain these patterns, we develop an overlapping generations model with endoge-

nous education choices and skill-specific production, estimated through exact identifi-

cation. Skill congestion—older cohorts becoming more educated and crowding younger

workers out of skilled labour markets—is the dominant driver of rising AGIR in rich coun-

tries (+37.5pp), operating almost entirely through general equilibrium feedback: as older

workers crowd into skilled markets, equilibrium wages and employment rates for the young

fall while those of the old rise. Labour preferences constitute the second-largest contrib-

utor (+7.8pp), operating as a pure labour supply shift. Skill-biased technical change acts

as a counterforce (−16.7pp), disproportionately raising younger cohorts’ productivity. In

poor countries, TFP growth dominates and skill congestion reduces rather than raises in-

equality, because older cohorts still lag substantially behind the young educationally.

Beyond their effects on the old/young income ratio, these mechanisms carry fun-

damentally different lifetime income implications. Skill congestion can decrease future

generations’ incomes, as it is the case in richer countries where the old are naturally

converging to higher education levels. On the other hand, preferences for labor supply

(which include pension reforms) and higher returns to experience raise both AGIR and

lifetime incomes. Our results show that rising young-old inequalities in rich countries are

also associated with very modest increases in lifetime incomes due to the prevalent skill

congestion mechanism.

Our findings open several avenues for future research. Will new technologies such as

artificial intelligence invert current trends by introducing age-biased technical change, or

will continued educational convergence between old and young intensify skill congestion

across both rich and poor countries? Do higher age-income gaps affect location choices and

political preferences differently depending on whether they are driven by skill congestion

or productivity growth? Addressing these questions requires extending the structural

framework developed here—a natural next step given the urgency of intergenerational
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inequality as a policy challenge. For example, Guaitoli et al. (2026) show that, when

high-income old and low-income young compete for space in productive labour markets,

the presence of financial frictions on the housing market leads to too few young moving to

cities to accumulate human capital, depressing long-run aggregate human capital, output

and welfare and allowing for welfare-improving place-age-based policies.
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APPENDIX FOR ONLINE PUBLICATION

A Additional Information on Data Availability and

Selection

From the LIS database, we select all countries that satisfy four availability and consistency
criteria.

1. Individual-level data. We keep only country-year data points with individual-level
income data. Household-level income data are unsuitable for comparing the income of
young and old individuals for two reasons. First, it is unclear how to attribute incomes
within multi-generational households. Second, there is selection in household formation
choices, and its effects can be time-varying.20

2. Long time series. To coherently analyze the medium-term trends in age-income gaps,
we need a long enough time series (for each country) located within the same time frame
(across countries). Thus, we discard all countries not surveyed at least once between 2004
and 2006 and once between 2015 and 2018.

3. Consistent income definition. When a country changes its income reporting ap-
proach (gross, net, or mixed) across surveys, we only keep the surveys whose reporting
approach has the largest number of observations between 2004 and 2018. We drop all
data points with a “mixed” reporting approach.

4. Further cleaning. After applying criterion (3), we discard any remaining countries
that no longer satisfy criterion (2) due to the reduction in available surveys. Finally,
we drop Luxembourg, where almost 50 percent of workers do not reside in the country,
making it unsuitable for our analysis.

20For example, consider how young individuals who do not exit their parents’ household may do so
because they cannot afford their own accommodation, or expect low returns from moving to better labor
markets. If rent growth outpaces the income growth of lower-income young individuals, the selection
may strengthen, making households with a young household head less representative of the average
young person’s income.
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TABLE VI. Data availability

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5

Country Group Income obs 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

Australia Rich Gross 126602 ✓ ✓ ✓ ✓ ✓ ✓
Austria Rich Gross 131374 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Belgium Rich Gross 137874 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Brazil Poorer Gross 3655919 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Canada Rich Gross 636266 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Chile Poorer Net 915446 ✓ ✓ ✓ ✓ ✓ ✓
Colombia Poorer Gross 7046752 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Czechia Rich Gross 187342 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Denmark Rich Gross 1902934 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Estonia Poorer Gross 45266 ✓ ✓ ✓ ✓ ✓

Finland Rich Gross 86735 ✓ ✓ ✓ ✓ ✓
France Rich Gross 983724 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Germany Rich Gross 349293 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Ireland Rich Gross 112052 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Israel Rich Gross 211407 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Italy Rich Net 85001 ✓ ✓ ✓ ✓ ✓ ✓ ✓
Mexico Poorer Net 695928 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Netherlands Rich Gross 249000 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Norway Rich Gross 1315064 ✓ ✓ ✓ ✓ ✓
Paraguay Poorer Gross 212886 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Peru Poorer Gross 924913 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Poland Poorer Net 1053175 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Romania Poorer Gross 152931 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Serbia Poorer Net 126953 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Slovakia Poorer Gross 99142 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Slovenia Rich Net 38930 ✓ ✓ ✓ ✓ ✓
Spain Rich Gross 339402 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Sweden Rich Gross 265330 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Switzerland Rich Gross 142393 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
United Kingdom Rich Gross 470438 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

United States Rich Gross 1852568 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Uruguay Poorer Net 1163380 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: The table reports the data points included in our analysis. Countries are listed in alphabetical order. The second
column reports whether the country is classified as “Rich” or “Poorer” according to the algorithm described in the main
text. The third column indicates whether income variables are reported net or gross of taxes; for gross-reporting countries,
we construct net income using the reported tax variables. Each remaining column indicates with a check mark whether
a survey is available for a given country in that year; years are grouped by wave. Each country’s first and last available
survey years are used to calculate the GRD.

42



B AGIR Trends and Robustness Checks

B.1 AGIR with years as observation unit

For completeness, Figure 9 displays the AGIR and the Age-Earning Gaps when using
years as the observation unit.

Figure 9. AGIR, 50-64 vs 25-34 years old
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Notes: The figure depicts the Age Group Income Ratio (AGIR) between late-career individuals (55-64 years old) and
early-career individuals (25-34 years old) in the left panel, and the age-earnings gap, the ratio between the labor earnings
of similarly defined categories of employed old and young, in the right panel. The data points represent the simple average
across countries of a given group (dashed blue for richer countries, solid red for poorer countries). The shaded area
represents the 95 percent confidence interval of the mean of the two groups, calculated with the delta method.

B.2 Trends in Age-Earnings Gaps

In Table VII, we report the same regressions using as a dependent variable the age-
earnings gap. Relative to AGIR, the fitted trend effect of GDP on the age-earnings gap
(column 2) is smaller at the top of the GDP distribution (+0.6 percent for earning gap
vs +1.5 percent for AGIR in rich countries). Even at the 75th percentile of GDP, the
time trend of the age-earnings gap is small (+0.5 percent per year) and not statistically
different from zero (p-value>0.10) for waves, less than half the trend in AGIR (+1.2
percent, p-value<0.001).
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TABLE VII. Trend in Earnings gap

Wave Year

Dependent ln(earnings gap)
(1) (2) (3) (4)

[1] β: Trend 0.0004 0.004 0.0007 0.004∗∗

(0.005) (0.003) (0.003) (0.002)

[2] β̃: Trend × Richer 0.006 0.005
(0.006) (0.004)

[3] α̃: Richer 0.223∗∗∗ 0.240∗∗∗

(0.043) (0.033)
[4] θ: Initial log-GDP (Dev) 0.114∗∗∗ 0.164∗∗∗

(0.019) (0.021)
[5] γ: Trend × Initial log-GDP(Dev) 0.002 0.004∗

(0.002) (0.002)

Observations 159 159 387 387
R2 0.470 0.403 0.491 0.412
F-Test:[1]+[2]=0 or [1]+[5]=0 4.55 2.79 10.87 9.05
Trend effect at min GDP 0.000 -0.002
Trend effect at 25% GDP 0.003 0.002
Trend effect at 75% GDP 0.005 0.006∗∗

Trend effect at max GDP 0.006 0.007∗∗

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Standard errors are heteroscedasticity-robust and corrected for the degrees
of freedom. Columns (1) and (3) report the estimates of Equation (5) for wave and yearly observations, respectively,
when using the age-earnings gap, defined similarly to AGIR but comparing only the labor earnings of individuals in
employment, as dependent variable. Columns (2) and (4) report the estimates of Equation (6). The bottom four rows
report implied annual earning gaps trends at the min, 25th, 75th percentiles and max of the 2004 GDP distribution,
calculated as β + γ ×GDPp where GDPp is demeaned log GDP at the pth percentile.

B.3 Robustness Checks

We perform several robustness checks, which corroborate the wave and annual specifica-
tions in Table I. Results are reported in Table VIII. In columns (1) and (4), we introduce
second-order terms for the initial GDP relationship, time trend, and their interaction. In
columns (2) and (5), we account for the uncertainty in our estimates of the dependent
variable by using a weighted least-squares estimator, with weights equal to the inverse
of the standard errors of log(AGIR) computed with the delta method from the standard
errors of each country-year (wave) average age group income. Finally, columns (3) and
(6) show that the time trends in AGIR are not shared by the second moments of the
income distribution, confirming that the phenomenon does not capture a different evolu-
tion of within-group inequality. For this purpose, we use as the dependent variable the
ratio of the coefficients of variation of disposable income for late-career and early-career
individuals, denoted AGcvR.21 The data display no statistically significant time trend in
this second-moment measure, motivating our focus on AGIR.

21The coefficient of variation for age group j is the ratio of the standard deviation of disposable income
for that group to its mean. AGcvR is the ratio of these coefficients for late-career and early-career age
groups.
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TABLE VIII. Trend in AGIR

Wave Year

Dependent ln(AGIR) ln(IGcvR) ln(AGIR) ln(IGcvR)
(1) (2) (3) (4) (5) (6)

[0] α: Constant 0.024 0.136∗∗∗ 0.205∗∗∗ 0.020 0.092∗∗∗ 0.248∗∗∗

(0.034) (0.026) (0.040) (0.024) (0.016) (0.030)
[1] β: Trend 0.013 0.004 0.010 0.012∗ 0.005∗∗ 0.001

(0.010) (0.004) (0.008) (0.007) (0.002) (0.004)
[4] θ: Initial log-GDP (Dev) 0.014 -0.032 0.065 -0.007 -0.057∗∗ 0.056

(0.025) (0.028) (0.051) (0.026) (0.026) (0.053)
[5] γ: Trend × Initial log-GDP(Dev) 0.009∗∗∗ 0.009∗∗ -0.004 0.015∗∗∗ 0.015∗∗∗ -0.0008

(0.003) (0.004) (0.009) (0.003) (0.003) (0.007)

Observations 159 159 159 388 388 388
R2 0.187 0.101 0.027 0.182 0.132 0.009
Weights No Yes No No Yes No
2nd order terms Yes No No Yes No No
F-Test:[1]+[2]=0 or [1]+[5]=0 16.60 14.76 0.27 16.60 42.08 42.08
Trend effect at min GDP -0.005 -0.009 0.015 -0.014∗∗ -0.016∗∗ 0.003
Trend effect at 25% GDP 0.003 -0.000 0.011 -0.000 -0.002 0.002
Trend effect at 75% GDP 0.012∗∗ 0.008∗∗ 0.008 0.014∗∗∗ 0.012∗∗∗ 0.001
Trend effect at max GDP 0.014∗∗∗ 0.011∗∗∗ 0.007 0.019∗∗∗ 0.017∗∗∗ 0.001

Notes: ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001. Standard errors are heteroscedasticity-robust and corrected for the
degrees of freedom.. All columns report the estimates of equation (6). Columns (1) and (4) use a weighted-least-squared
estimator, with the weights equal to the inverse of the standard error of each country-year(wave) observation computed
with the delta method. Columns (2) and (5) include the second-order terms. Finally, columns (3) and (6) use the ratio of
the coefficient of variations for the two age groups of interest as the dependent variable. The last four rows illustrate the
implied trend effect at different quantiles of GDP. “Weights” refers to whether observations are weighted so to give less
importance to data points where the dependent variable has a large standard error. “2nd order terms” refers to whether
the specification includes the squared terms of the independent variables [4] and [5].

B.4 AGIR and Household-level Benefits

Some benefits are paid at the household level rather than at the personal level and there-
fore do not enter our baseline personal income definition. In this section, we allocate these
household-wide benefits to household members and compare the resulting AGIR with our
baseline figures.

We add three categories of household-wide benefits: (i) child benefits, (ii) general
assistance (such as minimum income integrations or universal benefit systems), and (iii)
housing benefits (such as rent subsidies).

Child benefits are allocated to individuals proportionally to the number of their own
children living in the household. For example, in a household with two parents, one small
child (who generates a child benefit) and one adult child (who does not), we allocate 50%
of the child benefit to each parent and zero to the adult child. The reason is that if the
adult child moved out, they would not receive any child benefit of their own. General
assistance and housing benefits are split equally among all adults in the household. Since
not all countries report all benefit types in each year, we exclude benefits that are not
reported throughout the whole sample of a country.22

We plot the two statistics side-by-side in Figure 10. Since more young individuals

22These are child benefits for Australia, Belgium, Denmark, and Poland; housing benefits for Australia,
Israel, Slovakia, and Switzerland; and general assistance for Denmark, France, Paraguay, and Uruguay.
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(aged 25–34) are renters and have children, a large share of household benefits accrues
to younger individuals. Hence, the level of AGIR is slightly smaller when accounting for
these benefits (1 pp smaller in richer countries in 2004). However, the trend is virtually
unaffected: between 2004 and 2018, AGIR with household benefits fell by 0.2 percentage
points less than the baseline in poorer countries (out of 6.1) and 0.3 less in richer ones
(out of 18.5).

We conclude that household-level benefits are, on average, only slightly age-biased in
favour of the young,23 and that this bias has not substantially changed over time.

Figure 10. AGIR, 55–64 vs 25–34 years old
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Notes: The left panel depicts the Age Group Income Ratio (AGIR) comparing late-career (55–64 years) to early-career
(25–34 years) individuals using our baseline personal income definition. The right panel shows the same statistic computed
after allocating household-level benefit payments to individual members. Lines represent simple averages across countries
within each income group (dashed blue: high-income; solid red: middle-income). Shaded areas show 95% confidence
intervals calculated using the delta method.

23Exceptions are Denmark and Germany, where accounting for household-level benefits reduces AGIR
by 4 to 5 percentage points. The trend remains unaffected.
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C GRD and AGIR

To unravel the relationship between age group income growth and the evolution of the
income ratio R(t), let us define the change in AGIR between period T and T +h as:

∆R ≡ R(T + h)−R(T ).

Using the notion of age group income growth, we obtain

∆R =
yold,T (1 + g(yold))

yyoung,T (1 + g(yyoung))
− yold,T

yyoung,T

= R(T )

(
1 + g(yold)

1 + g(yyoung)
− 1

)
.

Rearranging, we have:

∆R

R(T )
=

g(yold)− g(yyoung)

1 + g(yyoung)
.

Then, for small g(yyoung), the annualised income growth rates differential g(yold) −
g(yyoung) approximates the annualised growth rate of the income ratio R(T ):

GRD ≡ 1

h
(g(yold)− g(yyoung)) ≈

1

h

∆R

R(T )
.

47



D Employment and Wage margin by age group

Figure 11 disaggregates the employment margin by age group.

Figure 11. Employment margin of income growth rate
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Notes: The figure depicts the employment margin of the Growth Rate Differential for late-career individuals (55–64 years
old, “old”) and early-career individuals (25–34, “young”), by country. The employment margin captures the contribution
to the (annualized) real income growth of an age group arising from changes in the average employment rate. Hence,
an employment margin of 1% implies that changes in employment rates contributed towards total income growth by 1
percentage point per year between 2004 and 2018.

Figure 12 disaggregates the wage margin by age group.

Figure 12. Labor earnings margin of income growth rates
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Notes: The figure depicts the earnings margin of the Growth Rate Differential for late-career individuals (55–64 years old,
“old”) and early-career individuals (25–34., “young”), by country. The earning margin captures the contribution to the
(annualized) real income growth of an age group arising from changes in the average labor earnings of employed individuals.
Hence, an earning margin of 1% implies that changes in average wages contributed towards total income growth by 1
percentage point per year between 2004 and 2018.
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D.1 The Role of Education Enrolment

As shown in Figure 11, the positive employment margin of AGIR growth seen in most
countries is mainly driven by a positive component for the old and a small, either positive
or negative, component for the young. We now exclude that this latter phenomenon is
due to an increase enrolment of the young into education, rather than work.

In Figure 13 we plot the 2004-2018 annualised changes in employment rates of the
young (panel a) and old (panel b) together with changes in the share of individuals who
are only enrolled in education and do not work and the sum of the two. Both panels are
reported with the same scale to directly compare the different magnitudes of employment
changes of young and old. As a reminder, the differential in employment rate changes is
the main driver of the “employment margin of income growth” plotted in Figure 11.

The figures suggest three considerations are in order. First, similarly to Figure 11,
we see that the main action happens in the employment of the old, which grows rapidly
between 2004 and 2018, rather than in the employment rate of the young, which is either
stationary or slightly falling in most countries. Second, changes in enrolment rates among
the young were marginal in most countries, with the exception of Switzerland. Third, the
sum of changes in employment and enrolment is an upper bound of how much employment
would have changed between 2014 and 2018, had some individuals not engaged in the
education, since some of the increase in enrolment may be coming from individuals that
would have otherwise been out of the labour force or unemployed. Hence, we can conclude
that the effect of education choices of the young on the employment margin of income
growth are small. Hence, education choices were not an important driver of either the
employment margin of the GRD of AGIR, or the growth of AGIR itself.
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Figure 13. Employment and education enrolment changes, 2004-2018, by age group

(a) Young
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(b) Old
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Note: The figure depicts the employment change, education enrolment change and the sum of the two
for the young (25-34 y.o.) and the old (55-64 y.o.). Enrolment is defined as being enrolled in education
without being employed. Hence, employment and enrolment are mutually exclusive categories.
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E The Role of Hours Worked

In this section, we separately account for the intensive and extensive margins of labour in
determining changes in AGIR—that is, we separately identify the roles of hours worked
and employment.

To do so, we decompose the contribution of labour earnings to the Growth Rate Dif-
ferential between old and young incomes into the contribution of hourly earnings growth
and the contribution of hours worked growth. A few countries do not report hours worked
at either or both endpoints of the sample and are therefore dropped from this analysis:
Denmark, Finland, Norway, Poland, Serbia, Slovenia, and Sweden.

Table IX reports our findings aggregated by country group. The relative change in
hours worked between old and young contributed negligibly to AGIR dynamics in both
country groups: 0.02 pp per year in high-income countries and 0.12 pp per year in middle-
income countries. These contributions are substantially smaller than those arising from
other components and account for less than 8% of the total labour earnings contribution
to AGIR, with the remaining 92% explained by changes in the relative hourly earnings of
old and young.

TABLE IX. Growth Rate Differential contributions, with hours decomposition

GRD contribution (percentage points)

Country Group Hourly Earnings Hours Employment Transfer Income Transfer Share

Poorer -1.135 0.123 0.655 0.568 -0.463
Richer 0.283 0.023 1.260 -0.087 -0.381

Notes: The table reports the average annualised GRD contributions (percentage points) for high-income and middle-income
countries. Unlike Table II in the main text, the wage margin is further decomposed into hourly earnings and hours worked.
The hours margin moved in the same direction as the employment margin in both country groups but contributed negligibly:
+0.02pp in high-income and +0.12pp in middle-income countries.

Finally, Figure 14 reports the GRD decomposition by country under the extended
margin breakdown. The hours margin (shown in pink) contributes negligibly in most
countries.
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Figure 14. GRD Decomposition, by income components
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Notes: The figure depicts the decomposition of the Growth Rate Differential (GRD) calculated for disposable income,
comparing late-career individuals (55–64 years old) with early-career individuals (25-34). “Hourly earnings” refers to
the contribution to the GRD of differences in growth of the average labor earnings per hours received, conditional on
being employed. “Hours” refers to the contribution of differences in growth in average hours worked, conditional on
being employed. “Employment” refers to the contribution toward the total GRD of differences in employment rate growth.
“Transfer Income” refers to the contribution of differences in growth of the average transfer received, conditional on receiving
one. “Transfer Share” refers to the contribution of differences in the growth of the share of individuals receiving a transfer.
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F AGIR and GRD across Demographics

Two concerns might complicate interpretation. First, if high-income countries raised
retirement ages faster than middle-income countries, the employment margin might simply
reflect pension reforms rather than market forces. Second, if rising female labor force
participation disproportionately benefited older women, the employment margin might
confound gender and age effects.

Table X addresses both concerns by recomputing GRD and its components for re-
stricted samples: (i) individuals below statutory retirement age, (ii) males only, (iii)
females only. The employment margin persists across all specifications. Restricting to
below-retirement-age workers reduces the employment margin slightly in high-income
countries (from +1.2 pp to +1.0 pp) but leaves it dominant. Disaggregating by gen-
der reveals positive employment margins for both males (+0.9 pp) and females (+1.5 pp)
in high-income countries. The wage margin remains negative in middle-income countries
(-1.3 pp) across all samples. The patterns documented above reflect general labor market
dynamics, not specific demographic or policy shifts.

TABLE X. GRD for different demographics

Rich Countries Poor Countries

GRD Employment Wages GRD Employment Wages

Men 1.05 0.45 1.23 -0.76 -1.32 0.61

Women 2.30 0.91 2.06 0.03 -0.91 0.87
Below retirement age 1.26 0.48 1.37 -0.44 -0.77 0.83
NA† 1.35 0.43 1.58 -0.62 -1.34 0.77

†: Due to the official retirement age being equal or lower to lower bound of the old group (55 y.o.), this subsample excludes
Italy, Australia, Romania, Serbia, Brazil, Paraguay and Peru from the sample. Hence, it is not directly comparable to the
previous rows.
Notes: The table reports the GRD and its main components for the full sample and three subsamples: only men; only
women; only individuals below the country’s retirement age.

Next, we focus on the employment component, which is the novel contribution of the
paper and the most important margin of AGIR in rich countries, and we present this
margin for different demographic subsets in each country.

F.1 Employment margin decomposition by demographic

Increased Female Participation First we compute the employment component of the
GRD for females only, so to investigate the role of the increased female labor force par-
ticipation during the entire lifecycle (Costa, 2000; Olivetti and Petrongolo, 2016; Goldin
and Katz, 2018b). Figure 15a reports the size of the employment margins for females
(y-axis) and, as a reference, for the whole population (x-axis). On average, women’s em-
ployment margins are only slightly larger (average 1.1 pp.) than in the whole population
(average 0.9 pp.). This difference is driven by rich countries (1.5 pp. for female and
1.1 pp. for the whole population), while it disappear in poorer countries (0.5 pp. for
both women and the whole population). As a measure of statistical similarity between
the magnitudes of the employment margins of women and the population as a whole, we
consider the concordance correlation coefficient (CCC), which is a measure of agreement
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between two variables. 24 It is equal to 1 when the two measures alligns in the 45 degree
line. The CCC for females and the whole population is equal to 0.85, an excellent match
according to (Altman, 1990)’s interpretation. Therefore, the increase in late-career female
labor market participation appears to have excacerbated the income gap between old and
young workers in rich countries. Nevertheless, the employment margin contributed to
an increase in the income gap also among males. As a result, albeit quite important,
the increased female participation alone cannot explain the overall large contribution of
increased employment for the old.

Increased Pension-Age Finally, we investigate whether the large employment mar-
gin of AGIR is mainly due to a delay in retirement (Pilipiec et al., 2021; Staubli and
Zweimüller, 2013). We construct an alternative definition for the old age-group, defined
as all individual older than 50 and younger than the minimum pension age for each coun-
try and gender within our sample. This specification aims to insulate our statistic from
changes in the age threshold for old-age retirement, as well from aging (insofar it changes
the relative composition of old individuals above or below the retirement age).25. The
employment margin of this alternative AGIR measure (0.8 pp.) is similar to the headline
figure (0.9 pp.), as displayed in Figure 15b. Hence, the employment margin of AGIR does
not depend only on changes in the target age of retirement in each country. In this case
the CCC is equal to 0.91.

Figure 15. Employment component of GRD across demographics subsets
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(b) Pension age cutoff
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Note: The figure depicts the employment component of the Growth Rate Differential (GRD), comparing late-career in-
dividuals (50-64 y.o.) with early-career individuals (25-34 y.o) of different sub-populations. Panel (a) compares females’
employment margin to the whole population’s. Panel (c) the one calculated by including in the old age group only individ-
uals below the minimum old-age retirement age in 2004.

24The CCC for two variables x and y, denoted with ρc is defined as: ρc =
2sx,y

s2x+s2y+(x̄−ȳ)2 , where sx,y is

the sample covariance between x and y, s2x is the sample variance of x, and x̄ is its sample mean.
25We consider the minimum pension age in 2004 because in none of the countries in our sample it has

declined in the sample 2004-2018.
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F.2 GRD by demographic

Below, we report the Growth Rate Differentials in each country splitting the sample in
different demographic characteristics, specifically for female and male in Figure 16, and
for the definition of old that have age below the minimum pension age in Figure 17.

Figure 16. GRD decomposition: Male and Female
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(b) Female
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Notes: panel (a) depicts the employment contribution (lighter red bar) to the GRDs for male late-career
individuals (50-64 y.o.) and male early-career individuals (25-34 y.o), and the labor earnings contribition (black
bar). Panel (b) depicts the two contributions for female.
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Figure 17. GRD decomposition: all individuals and below retirement age only

(a) All individuals
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(b) Below retirement age
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Notes: panel (a) depicts the employment contribution (lighter red bar) to the GRDs for all late-career individuals (50-64
y.o.) and early-career individuals (25-34 y.o), and the labor earning contribution (black bar). Panel (b) depicts the two
contributions for individuals below the minimum old-age pension retirement age. Retirement age is defined according to
the prevailing legislation at the beginning of our sample, differentiation between countries, and - where necessary - gender.

F.3 Under-60 years old

Since the official retirement ages may not fully capture differences in retirement behaviour,
we perform a further robustness check by restricting our definition of “old” individuals to
individuals aged 50-59 years old.

In Table XI we replicate the GRD decomposition for richer and poorer countries.
Restricting our definition of old does not qualitatively change our findings. Moreover, the
quantitative differences with our baseline results are also small. The total GRD of richer
countries is virtually unchanged (1.18 pp./year vs 1.21), similarly to labour earning (0.49
pp./year vs 0.44) while the employment component is just 0.13 pp. lower than the baseline
(1.06 pp./year vs 1.18). The differences in poorer countries are larger, with the GRD being
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-0.69 pp./year vs -0.84 of the baseline, but preserve the same initial intuition.

TABLE XI. Growth Rate Differential contributions, with a different definition of old

GRD contribution (percentage points)

Country Group Old Definition Labour Earnings Employment Transfer Income Transfer Share Total

Poorer 50-59 y.o. -1.075 0.960 0.276 -0.911 -0.749
Poorer Baseline -1.336 0.772 0.682 -0.733 -0.615
Richer 50-59 y.o. 0.475 1.516 -0.185 -0.427 1.379
Richer Baseline 0.435 1.580 -0.173 -0.496 1.346
NA Baseline -0.230 1.277 0.159 -0.600 0.606

Notes: The table reports the average contributions to the GRD for richer and poorer countries. We separately report our
baseline results, already presented in the main text, and the results obtained when restricting the definition of “old” to
individuals aged 50 to 59, rather than 50 to 64.
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G Retirement Age definition

First, we describe the data sources for our definition of retirement age at the beginning of
the sample. The thresholds, for males and females when different, are presented in Table
XII together with a link to the source datasets. All the retirement ages are based on
either OECD’s Pension at a Glance 2005 report or the U.S. Social Security Administration
“Social Security Programs Throughout the World” publication closest to 2004 (2004 for
Europe and Asia, 2005 for Americas). Where available, we pick the “early” retirement
age. This represents the minimum retirement age for individuals with a long enough
contribution history, or willing to accept lower replacement rates. This aims to capture
the retirement age generally attainable by any individual. For this reason, we do not
account for special regimes for particular occupations or exceptions for very early career
starts.26 Finally, recall that it is always possible to retire earlier than the legal minimum
retirement age. The minimum retirement age defines the age at which it is possible to
claim public pensions (and, in some cases, tax-free regimes on private pensions), but a
worker may decide to retire earlier on private funds (or other non-old age benefits).

We make four minor discretionary adjustments. First, we set the minimum retire-
ment age in our sample to 53 years old to avoid reducing our sample size for the old
group (normally defined as 50-64 years old) too much. This choice affects only the female
retirement ages for Serbia and Peru, where the female minimum retirement age was 50 in
2004. Second Czech Republic set the minimum retirement age for women to 60, minus a
discounts for each child. Thus, we set the female retirement age at 58, the approximate
retirement age for women with two children. Third, Israel introduced a pension reform
in late 2004. Since most individuals surveyed in 2004 retired under the previous regime,
and the new regime only slowly increased the retirement age over time, we take as ref-
erence the early-2004 regime (65 years for men, 60 for women). Finally, Brazil had no
minimum retirement age in 2004 but a minimum social security payment record (35 years
for men, 30 for women). We thus pick 55 and 53 years old as reasonable early retirement
ages for individuals who started working at around 18 years old and experienced a few
employment/contribution gaps.

26For example, France provides some opportunities to retire at 56 y.o. for individuals who started
working at age 17 and have a sufficiently long contribution history. Several countries, such as Italy,
provide early retirement opportunities for individuals in physically-heavy occupations.
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TABLE XII. Retirement Age

Country Males Females Reference Year Source

Australia 55 55 2005 OECD, Pension at a glance 2005
Austria 65 60 2005 OECD, Pension at a glance 2005
Belgium 60 60 2005 OECD, Pension at a glance 2005
Brazil 55 53 2004 (a)
Canada 60 60 2005 OECD, Pension at a glance 2005

Chile 65 60 2008 Social Security Administration, SSPTW Americas 2004
Colombia 62 57 2004 Social Security Administration, SSPTW Americas 2004
Czechia NA NA NA NA
Denmark 65 65 2005 OECD, Pension at a glance 2005
Estonia 63 59 2004 Social Security Administration, SSPTW Europe 2004

Finland 60 60 2005 OECD, Pension at a glance 2005
France 60 60 2005 OECD, Pension at a glance 2005
Germany 65 63 2005 OECD, Pension at a glance 2005
Ireland 65 65 2005 OECD, Pension at a glance 2005
Israel 65 60 2004 Social Security Administration, SSPTW Asia 2004

Italy 60 60 2005 OECD, Pension at a glance 2005
Mexico 65 60 2005 OECD, Pension at a glance 2005
Netherlands 60 60 2005 OECD, Pension at a glance 2005
Norway 67 67 2005 OECD, Pension at a glance 2005
Paraguay 55 55 2005 Social Security Administration, SSPTW Americas 2005

Peru 55 53 2005 Social Security Administration, SSPTW Americas 2005
Poland 65 60 2005 OECD, Pension at a glance 2005
Romania 55 55 2004 Social Security Administration, SSPTW Europe 2004
Serbia 53 53 2004 Social Security Administration, SSPTW Europe 2004
Slovakia 62 62 2005 OECD, Pension at a glance 2005

Slovenia 63 60 2004 Social Security Administration, SSPTW Europe 2004
Spain 60 60 2005 OECD, Pension at a glance 2005
Sweden 61 61 2005 OECD, Pension at a glance 2005
Switzerland 63 62 2005 OECD, Pension at a glance 2005
United Kingdom 65 65 2005 OECD, Pension at a glance 2005

United States 62 62 2005 OECD, Pension at a glance 2005
Uruguay 60 60 2005 Social Security Administration, SSPTW Americas 2005

(a) Brazil had no minimum retirement age in 2004, but anybody with 35 (males) or 30 (females) years of contribution was
allowed to retire. We pick 55 (males) and 53 (females) to reflect a reasonable working life of non-college workers with some
social security contribution gaps.
Notes: The table reports the retirement age used to limit the sample size in Appendix F.1. The retirement age is intended,
where available, as the “early” retirement option, as listed by either the OECD or the U.S. Department of Social Security in
their reports. The “Reference Year” column indicates the year the data have been collected. This means all the retirement
ages are correct for that year but may have been in place for longer. In the final column, we link the sources we used to
compile the table. We set a minimum retirement age of 53 to have enough observations in our old (50+) age group.
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H Additional facts on Education

In Figure 18 we plot the enrolment rates into college education, as a ratio of the population
eligible for first college enrolment (ages 18-24 or 19-25), for the two country groups.
College enrolment was considerably higher in richer countries already in the year 2000:
the average poorer country in out sample only caught up with this level (57.6%) 11 years
later. However, we see that the two enrolment rates between the two country groups
have been converging exactly at the start of our sample, between the year 2000 and 2010.
In 2000, the college enrolment gap between richer and poorer countries was exactly 30.0
percentage points (27.7% for poorer countries, vs 57.6% in richer countries). However,
by 2009 — the last year that ensures that a person who enrolled into college in that
year is present as a 25-years old in our 2016-2018 wave — college enrolment in poorer
countries had nearly doubled and the gap with richer countries had shrunk to 14.2 pp.,
and stabilised at this level for the rest of the decade.

Hence, college expansion was particularly rapid in lower-income countries during the
window that allows us to see the new college graduates in the last wave of our sample. In
higher income countries, college achievement expanded at a much slower rate.

Figure 18. GRD Decomposition, by income components
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Notes: The figure depicts, using World Bank data, the average enrolment in higher education by country group, between
the year 2000 and 2018. The vertical lines on 2003 and 2009 delimit the window that allows us to see an 18-years old who
enrolled into college during this period as a 25-34 years old during the last wave of our LIS data sample (2016-2018). The
horizontal dotted line is set at y = 57.6%, the first observation of the richer group of countries in 2000, as a reference point.
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I Model Solution and Estimation

I.1 Equilibrium

Definition 1. Given the initial skill distribution {ρs,2−a}a>1,s∈S and the sequence of co-
hort sizes {Nt}∞t=−3, a sequential market equilibrium is a sequence of household alloca-

tions {{ĉas,t, l̂as,t}∞t=1}a∈A,s∈S, household education choices {{ŝi}Nt
i=0}∞t=−3, firm allocations

{{L̂s,t}∞t=1}s∈S, and prices {{ŵs,t}∞t=1}s∈S such that:

1. ∀ t ≥ 1, s ∈ S, given {{ŵs,t}∞t=1}s∈S, {{ĉas,t, l̂as,t}∞t=1}a∈A,s∈S solve the household
problems from Equations (9), (10), and (11).

2. ∀ t ≥ 1, education choices {ŝi}Nt
i=0 satisfy

si ∈ arg max
s,{c1+j

s,t+j ,l
1+j
s,t+j ,B

1+j
s,t+j+1}

A−2
j=0

U1
s,t(c

1
s,t, l

1
s,t) +

A−1∑
j=1

Et

(
U1+j
s,t+j(c

1+j
s,t+j, l

1+j
s,t+j)

)

s.t.


c1+j
s,t+j +B1+j

s,t+j+1 ≤ Bj
s,t+j + ws,t+j(1 + g1+j

s,t+j)l
1+j
s,t+jκ(s)

−1

+τ 1+j
s,t+j(1− l1+j

s,t+j)κ(s)
−1, ∀j ∈ {0, . . . , A− 1}

B0
s,t = 0,

l1+j
s,t+j ∈ [0, 1]; c1+j

s,t+j ≥ 0, ∀j ∈ {0, . . . , A− 1}.

3. For all t ≥ 1,

(a) (Goods Market Clears)∑
s∈S

∑
a∈A

ρs,t−a+1Nt−a+1c
a
s,t = Yt(L̂t),

(b) (Labor Markets Clear)∑
a∈A

ρs,t−a+1Nt−a+1(1 + gas,t)l̂
a
s,t = L̂s,t, ∀s ∈ S, (15)

(c) (Education Indifference) Given {{ŵs,t}∞t=1}s∈S, households are indifferent be-
tween all education options s ∈ S:

V 1
t (s) = V 1

t (s
′), ∀s, s′ ∈ S.

I.1.1 Equilibrium Characterization

Employment The solution to the households’ maximization problem yields an optimal
employment rate for individuals of age a and skill s equal to:

las,t =

[
ws,t(1 + gas,t − τ̃as,t)

κ(s)
(1 + b)αa

s,t

] 1
b

. (16)
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Hence, the relative employment rate across generations with the same skill s is

las,t
la

′
s,t

=

[
αa
s,t

αa′
s,t

(1 + gas,t − τ̃as,t)

(1 + ga
′

s,t − τ̃a
′

s,t)

] 1
b

. (17)

Relative Wages The equilibrium aggregate supply of each skill satisfies the labor mar-
ket clearing condition for each skill s ∈ S. Using the expression for the households’
optimal employment rates (Equation 15), we can express Ls,t as:

Ls,t =
∑
a∈A

ρs,t−a+1Nt−a+1(1 + gas,t)l
a
s,t

=
∑
a∈A

ρs,t−a+1Nt−a+1(1 + gas,t)

[
ws,t(1 + gas,t − τ̃as,t)

κ(s)
(1 + b)αa

s,t

] 1
b

=

(
ws,t(1 + b)

κ(s)

) 1
b ∑
a∈A

ρs,t−a+1Nt−a+1(1 + gas,t)(1 + gas,t − τ̃as,t)
1
b

(
αa
s,t

) 1
b .

(18)

Hence, the equilibrium wages satisfy:

ws,t = κ(s)
Lb
s,t

(1 + b)

(∑
a∈A

ρs,t−a+1Nt−a+1(1 + gas,t)(1 + gas,t − τ̃as,t)
1
b

(
αa
s,t

) 1
b

)−b

. (19)

Using the solution to the firm’s problem (see Equation 14), we derive the relative
equilibrium wages of skills s and s′ as:

ws,t

ws′,t
=

(
As,t

As′,t

)1− 1
θ
(
Ls,t

Ls′,t

)− 1
θ

. (20)

Using Equations (19) and (20) yields the following expression for relative wages as a
function of productivity As, education costs κ, and the determinants of skill supply ρ, N ,
g, and α:

ws,t

ws′,t
=

(
As,t

As′,t

) b(θ−1)
1+bθ

(
κ(s)

κ(s′)

) 1
1+bθ

(
Xs′,t

Xs,t

) b
1+bθ

, (21)

where Xs,t =
∑

a∈A ρs,t−a+1Nt−a+1(1 + gas,t)(1 + gas,t − τ̃as,t)
1
b

(
αa
s,t

) 1
b .

Skill Shares Finally, utility is equalized across all young workers of different skills,
as they must be ex-ante indifferent between education choices. Hence, assuming perfect
foresight,

∑
a∈A

(
ws,t+a−1(1 + gas,t+a−1 − τ̃as,t+a−1)

κ(s)

) 1+b
b

Ca
s,t+a−1 +

∑
a∈A

τas,t+a−1

κ(s)
=

∑
a∈A

(
ws′,t+a−1(1 + gas′,t+a−1 − τ̃as′,t+a−1)

κ(s′)

) 1+b
b

Ca
s′,t+a−1 +

∑
a∈A

τas′,t+a−1

κ(s′)
,

(22)
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where Ca
s,t+a−1 =

(
αa
s,t+a−1

1+b

) 1
b b

1+b
.

Noting that ws,t+k = ws,t(1 + ∆t,t+kws), we obtain the following expression for the
relative education costs of different skills:

κ(s)

κ(s′)
=

ws,t

ws′,t



∑
a∈A

(
αa
s,t+a−1

) 1
b

(
(1 + ∆t,t+a−1ws)(1 + gas,t+a−1 − τ̃a

s,t+a−1)
) 1+b

b +
κ(s)

1
b

w

1
b
s,t

(∑
a∈A(1 + ∆t,t+a−1ws)τ̃

a
s,t+a−1

)
∑

a∈A

(
αa
s′,t+a−1

) 1
b

(
(1 + ∆t,t+a−1ws′ )(1 + ga

s′,t+a−1
− τ̃a

s′,t+a−1
)
) 1+b

b +
κ(s′)

1
b

w

1
b
s′,t

(∑
a∈A(1 + ∆t,t+a−1ws′ )τ̃

a
s′,t+a−1

)
︸ ︷︷ ︸

Ωt(s,s
′)



b
1+b

.

(23)

Calling the bracketed term (excluding the exponent b
1+b

) Ωt(s, s
′), and substitut-

ing Equation (21), yields an expression for the relative education levels only as a func-
tion of parameters and the growth in education shares between different generations
∆t,t−a+1ρs:

ρs,t
ρs′,t


∑
a∈A

(1+gas,t)(1+gas,t−τ̃as,t)
1
b (αa

s,t)
1
b

(1+∆t−a+1,tρs)(1+∆t−a+1,tN)

∑
a∈A

(1+ga
s′,t)(1+ga

s′,t−τ̃a
s′,t)

1
b

(
αa
s′,t

) 1
b

(1+∆t−a+1,tρs′ )(1+∆t−a+1,tN)

 =

(
κ(s′)

κ(s)

)θ (
As,t

As′,t

)θ−1

Ωt(s, s
′)

1+bθ
1+b . (24)

Since the sum of education shares must equal 1, the education shares satisfy:

1 = ρL,t
∑
s

ρs,t
ρL,t

. (25)

Finally, the wage level is pinned down by the system of equations given by (18), (24),
(25), and the firm’s first-order condition (14).
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I.2 Estimation Equations

Using the characterization of the equilibrium conditions, we can write the following system
of equations with as only unknowns the parameters αa

s,t, κ(s), and As,t:
27

ln

(
ws,t

wL,t

)
= 1−θ

θ
ln

(
As,t

AL,t

)
− 1

θ
ln

( ∑
a∈A

(1+gas,t)(1+∆t−a+1,tN)las,tρs,t−a+1∑
a∈A

(1+gaL,t)(1+∆t−a+1,tN)laL,tρL,t−a+1

)
∀t, s ̸= L

− ln

(
αa
s,t

κ(s)

)
=

[
ln(1 + gas,t − τ̃s,t) + ln

(
ws,t

wL,t

)
+ ln(wL,t)

]
+ ln(1 + b)− b ln(las,t) ∀a, s, t

ρs′,t
ρs,t

=

(
κ(s)

κ(s′)

)θ (
As,t

As′,t

)1−θ


∑
a∈A

(1+gas,t)(1+gas,t−τ̃as,t)
1
b (αa

s,t)
1
b

(1+∆t−a+1,tρs)(1+∆t−a+1,tN)

∑
a∈A

(1+ga
s′,t)(1+ga

s′,t−τ̃a
s′,t)

1
b

(
αa
s′,t

) 1
b

(1+∆t−a+1,tρs′ )(1+∆t−a+1,tN)

Ωt(s, s
′)−

1+bθ
1+b ∀s ̸= L, t = 1

(∑
s′
As′,t (Ls′,t)

θ−1
θ

) θ
θ−1

−1

AL,tL
θ−1
θ

−1

L,t = wL,t

ln(As,t) =
θ

θ−1
(ln(ws,t) + θ−1 ln(Ls,t))

ρL,t =
(∑

s
ρs,t
ρL,t

)−1

(26)

I.3 Estimation Details

I.3.1 Moments

In Table XIII we report the moments used in the estimation of the model.

27Notice that gas,t is identified directly from the empirical moments.
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TABLE XIII. Data moments used for the model estimation

Ret. to experience Transfers Size

Country Wave Age g College g HS g LHS τa Co τa HS τa LHS N

Poorer 2004 1 0.00 0.00 0.00 0.12 0.12 0.13 0.26
Poorer 2004 2 0.28 0.19 0.05 0.25 0.20 0.17 0.24
Poorer 2004 3 0.43 0.30 0.07 0.67 0.42 0.33 0.23
Poorer 2004 4 0.46 0.25 -0.09 1.12 0.84 0.62 0.16
Poorer 2004 5 0.31 -0.01 -0.40 1.11 0.95 0.77 0.12

Poorer 2018 1 0.00 0.00 0.00 0.13 0.13 0.14 0.24
Poorer 2018 2 0.28 0.12 0.03 0.24 0.18 0.17 0.24
Poorer 2018 3 0.38 0.16 -0.01 0.63 0.32 0.22 0.21
Poorer 2018 4 0.48 0.13 -0.11 0.94 0.66 0.46 0.18
Poorer 2018 5 0.60 -0.07 -0.36 1.02 0.87 0.67 0.13

Richer 2004 1 0.00 0.00 0.00 0.37 0.37 0.31 0.22
Richer 2004 2 0.33 0.16 0.09 0.50 0.42 0.38 0.24
Richer 2004 3 0.49 0.23 0.13 0.58 0.51 0.43 0.23
Richer 2004 4 0.49 0.20 0.08 0.90 0.73 0.58 0.18
Richer 2004 5 0.36 -0.13 -0.23 0.92 0.74 0.63 0.12

Richer 2018 1 0.00 0.00 0.00 0.34 0.37 0.31 0.21
Richer 2018 2 0.35 0.18 0.17 0.55 0.49 0.37 0.21
Richer 2018 3 0.57 0.27 0.24 0.64 0.52 0.43 0.23
Richer 2018 4 0.58 0.26 0.20 0.92 0.74 0.60 0.20
Richer 2018 5 0.27 -0.13 -0.18 1.02 0.86 0.77 0.15

Relative Wage to LHS Employment Rate Education Shares

Country Wave Age w College w HS l College l HS l LHS ρ College ρ HS ρ LHS

Poorer 2004 1 2.87 1.62 0.84 0.74 0.61 0.17 0.49 0.34
Poorer 2004 2 2.87 1.62 0.90 0.80 0.64 0.16 0.47 0.38
Poorer 2004 3 2.87 1.62 0.87 0.75 0.62 0.14 0.42 0.44
Poorer 2004 4 2.87 1.62 0.62 0.45 0.41 0.12 0.34 0.55
Poorer 2004 5 2.87 1.62 0.24 0.17 0.21 0.08 0.25 0.67

Poorer 2018 1 3.47 2.20 0.83 0.76 0.60 0.29 0.46 0.25
Poorer 2018 2 3.47 2.20 0.89 0.82 0.68 0.24 0.45 0.31
Poorer 2018 3 3.47 2.20 0.90 0.80 0.64 0.19 0.45 0.36
Poorer 2018 4 3.47 2.20 0.71 0.57 0.46 0.16 0.41 0.43
Poorer 2018 5 3.47 2.20 0.25 0.20 0.21 0.13 0.34 0.53

Richer 2004 1 1.51 1.18 0.83 0.78 0.61 0.37 0.47 0.16
Richer 2004 2 1.51 1.18 0.89 0.82 0.67 0.32 0.47 0.21
Richer 2004 3 1.51 1.18 0.89 0.80 0.63 0.28 0.44 0.28
Richer 2004 4 1.51 1.18 0.63 0.50 0.37 0.24 0.39 0.38
Richer 2004 5 1.51 1.18 0.13 0.08 0.05 0.16 0.32 0.51

Richer 2018 1 1.51 1.20 0.82 0.76 0.57 0.47 0.39 0.13
Richer 2018 2 1.51 1.20 0.89 0.82 0.63 0.47 0.39 0.15
Richer 2018 3 1.51 1.20 0.89 0.82 0.63 0.37 0.43 0.20
Richer 2018 4 1.51 1.20 0.74 0.62 0.45 0.32 0.41 0.27
Richer 2018 5 1.51 1.20 0.15 0.11 0.07 0.27 0.38 0.36

Notes: In this table, we list all the moments used in the estimation of the model. Each row reports a given country-year
data point. Each other column lists, separating by skill when necessary, the estimated moments for w (wages), g (return
to experience), N (population), l (employment rate) and ρ (educational achievement shares), which we use to identify
the model parameters. All figures are rounded to the second decimal digit for display in this table.
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I.3.2 Algorithm

We estimate the parameters of the model straightforwardly from the system of equations
(26), according to the following algorithm:

1. Compute gas,t by taking the ratio of old and young wages in each period: gas,t =
wa

s,t

w1
s,t
.

2. Compute skill-specific total labor supply Ls,t from education shares, employment
rates, return to age, and cohort size.

3. Recover relative productivities As,tA
−1
L,t from wages and skill-specific total labor sup-

ply.

4. Recover the level of AL,t by matching minimum wage wL,t; use this to recover the
remaining As,t from As,tA

−1
L,t.

5. Recover αa
s,tκ(s)

−1 from wages and employment rates.

6. Use 2004 data to estimate ∆t−a+1,tρs =
ρ1s,2004
ρas,2004

− 1 and ∆t−a+1,tN =
n1
2004

na
2004

.

7. Use 2018 estimates for αa
s,tκ(s)

−1 from (5), return to age from (1), and the assump-
tion ∆t,t+a−1ws =

ws,2018

ws,2004
− 1 to compute the relative expectation term

Ω̃2018(s, s
′) =

(
κ(s)

κ(s′)

)− 1
b

Ω2018(s, s
′).

Notice that the value of Ω̃2018(s, s
′) is known, since it depends on αa

s,tκ(s)
−1 but not

on κ(s).

8. Compute eduction costs κ(s) by plugging in Ω̃2018(s, s
′) in Equation (23) so that:

κ(s)

κ(s′)
=

(
ws

ws′

) 1+b
b

Ω̃2018(s, s
′)

9. Use the estimates from (5) and (8) to recover αa
s,t.
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I.4 Parameter Estimates

TABLE XIV. Parameter estimates

Poor Rich
Skill a=1 a=2 a=3 a=4 a=5 a=1 a=2 a=3 a=4 a=5

High 0.20 0.22 0.26 0.19 0.01 0.29 0.27 0.25 0.12 0.00
α2004 Mid 0.11 0.13 0.12 0.05 0.02 0.20 0.20 0.19 0.06 0.00

Low 0.05 0.06 0.07 0.04 0.06 0.06 0.08 0.07 0.02 0.00

High 0.16 0.17 0.24 0.15 0.00 0.26 0.29 0.25 0.19 0.00
α2018 Mid 0.09 0.11 0.11 0.06 0.02 0.17 0.21 0.19 0.11 0.01

Low 0.03 0.05 0.04 0.03 0.04 0.05 0.06 0.06 0.03 0.00

High 0.00 0.28 0.43 0.46 0.31 0.00 0.33 0.49 0.49 0.36
g2004 Mid 0.00 0.19 0.30 0.25 -0.01 0.00 0.16 0.23 0.20 -0.13

Low 0.00 0.05 0.07 -0.09 -0.40 0.00 0.09 0.13 0.08 -0.23

High 0.00 0.28 0.38 0.48 0.60 0.00 0.35 0.57 0.58 0.27
g2004 Mid 0.00 0.12 0.16 0.13 -0.07 0.00 0.18 0.27 0.26 -0.13

Low 0.00 0.03 -0.01 -0.11 -0.36 0.00 0.17 0.24 0.20 -0.18

∆n 0.00 0.06 0.13 0.58 1.18 0.00 0.02 0.16 0.34 0.89

TABLE XV. Parameter estimates

Poor Rich
Skill 2004 2018 2004 2018

High 2.01 2.39 1.30 1.50
As Mid 1.30 1.50 0.96 0.93

Low 0.52 0.65 0.48 0.40

High 3.90 3.90 2.22 2.22
κs Mid 1.90 1.90 1.45 1.45

Low 1.00 1.00 1.00 1.00

I.5 Validation

In this section, we validate our model. A drawback of matching all the relevant observable
outcomes (education, earnings, employment) to perform a structural but still exact de-
composition is that we cannot validate our model against unmatched moments. Hence, we
take the following approach for validation: we consider the time-age-skill-varying prefer-
ences for leisure, α, as the set of parameters that allows us to have an exact identification of
the other parameters, given earnings, employment, and education shares. We then study
how much the time-varying and age-varying component of these preferences impacts the
observed cross-sectional income profiles of young and old.

The intuition behind this exercise is the following. In our model, we match employ-
ment at all ages and times through an age-time-skill-varying αa

s,t. Had we imposed a
unique αs for each skill, we could still have achieved exact identification by targeting the
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average employment of each skill across waves. However, we would not have achieved per-
fect matching. Hence, we could have used the age-employment and age-income profiles as
untargeted moments for validation. If, when fixing the “residual” preference parameters,
the model is unable to reproduce the age-employment and age-earning curves, or their
change over time, then it must be that other mechanisms are unable to explain the dif-
ferent labour market incentives of young and old, and the preference heterogeneity is the
only driver. Since the preference heterogeneity is treated as a residual to achieve perfect
matching, this would imply that the other mechanisms have little explanatory power and
are thus jointly irrelevant. Therefore, a valid model should be able to explain at least part
of the age and time variation of income and employment rates through general equilibrium
effects on labour/leisure and education choices, even with fixed preferences.

To perform the exercise, we run a counterfactual exercise where we fix, within each
skill group s, the preference parameters αa

s,t to their age-1 (a = 1), 2004 value. That
is, we assume all individuals, in all periods, have the same preferences for leisure as the
young in 2004: αa

s,t = α1
s,2004, ∀a, t. We then plot the income and employment profiles of

each cohort alive in the first and last waves, and compare them to the data.

We present the results in Figure 19. In richer countries, the counterfactual matches
well the income profiles of all generations up to age 3 (equivalent to the 45–54 age group),
while presenting some small deviations (approximately 5–8 percentage points) from age 4
onwards. In poorer countries, the match is less perfect for younger generations but more
consistent across multiple generations.

With regard to employment, the gap between the data and the counterfactual is again
near zero up to age 3, both in 2004 and 2018, but it opens up at age 4. Nevertheless,
fixing preferences would still lead to a larger increase in the employment rates of the old,
relative to the young, between 2004 and 2018, consistently with the other mechanisms
being able to capture a relevant share of the shrinking age-employment gap discussed
in the main text. In poorer countries, the match appears to be overall quite good both
across ages and time: the 2004 counterfactual closely matches the data at all ages. The
2018 counterfactual presents some small deviations at ages 1 and 4. However, notice that
— since the deviations go in the same direction — they would tend to cancel each other
out when computing any statistic of the relative employment of young and old.
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Figure 19. Age-income and employment profiles
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Notes: The figure displays estimated age-income and age-employment profiles in 2004 (solid lines) and 2018 (dashed lines),
comparing results from the data (circle marker) and a counterfactual where we set, within each skill group s, the preference
parameters αa

s,t to their age-1 (a = 1), 2004 value. All other parameters are kept fixed at their estimated values for 2004
and 2018, as reported in Appendix I.4.
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J Determinants of the Level of AGIR

While in the rest of the paper we have studied the evolution of AGIR, in this section we
study the determinants of its level. First, we perform an agnostic accounting exercise to
decompose AGIR level in differences (between age groups) in the level of wages, employ-
ment, and transfers. Then, we use the model with transfers detailed in Appendix ?? to
account for how wages and employment are endogenously determined. Hence, we use the
structural parameters to determine the causes of the age-income gap.

J.1 Accounting Decomposition

Recall that AGIR is defined as:
AGIR =

yold
yyoung

,

where we have ignored the time index for convenience of notation. Our income measure is
composed of labor income eyn and transfer income pΘn, where yn is the average earnings
of the employed, e is the employment rate, Θn is the amount of transfers received by those
who receive non-zero transfers, and p the share of transfer-receiving individuals. Calling
p̃ = p

e
and Θ̃n = Θn

yn
, we decompose AGIR as

AGIR =
eoldy

n
old + poldΘ

n
old

eyoungynyoung + pyoungΘn
young

=
eoldy

n
old

eyoungynyoung
× 1 + p̃oldΘ̃

n
old

1 + p̃youngΘ̃n
young

=
ynold
ynyoung︸ ︷︷ ︸

Age-earnings gap

× eold
eyoung︸ ︷︷ ︸

Age-employment gap

× 1 + p̃oldΘ̃
n
old

1 + p̃youngΘ̃n
young︸ ︷︷ ︸

Transfer multiplier

.

(27)

The first component is the age-earning gap, commonly studied in the rest of the litera-
ture. The second component is the age-employment gap, which scales the earnings gap
according to the relative extensive margin of work between age groups. In order to obtain
an exact additive decomposition, we shift our focus to the natural logarithm of AGIR,
ln(AGIR):28

ln(AGIR) = ln

(
ynold
ynyoung

)
+ ln

(
eold
eyoung

)
+ ln

(
1 + p̃oldΘ̃

n
old

1 + p̃youngΘ̃n
young

)
. (28)

We show the results, separately for 2004 and 2018, in Figure 20. Recall that in 2004,
high and lower-income countries had very similar AGIR levels. In fact, their AGIR present
very similar compositions. Besides very high-GDP countries, both high- and lower-income
countries have similar profiles. However, we notice within-group heterogeneity in terms
of whether similar gap levels are caused by large transfer multipliers in favour of the
old, compensated by large employment gap in favour of the young, or by low levels of
both gaps. The only clear, difference between high- and low-income countries was in the
age-earnings gap, as already show in the main text (see Figure 1b).

28Notice how log-AGIR approximates the sum of percentage deviation of wages, employment and
transfer multiplier between old and young
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However, in 2018 presents a much clearer separation between high-income and lower-
income countries, as well as less heterogeneity within group. AGIR is high in richer
countries because both the age-earning gap became more favourable to the old, and the
employment gap less favourable to the young. In countries such as Denmark, Sweden
and Italy, the old are now slightly more likely to be in employment than the young.
Conversely, lower-income countries saw further reductions in their age-earning gaps, as
well as the transfer multiplier, but without a considerable reduction in the age-employment
gap (unlike richer countries). The reason is that wages and employment among the young
grew considerably faster than wages, employment and subsidies for the old. Several poorer
countries feature both an earning and an employment gap in favour of the young. Hence,
the lower AGIR in poorer countries in 2018 was clearly determined by an overall advantage
of the young on the labour market.
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Figure 20. log-AGIR decomposition

(a) Wave 1 (2004-2006)
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(b) Wave 5 (2016-2018)
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Notes: the figure plots the decomposition of ln(AGIR) for each country in our dataset, for wave 1 (panel a) and wave 5

(panel b), approximately corresponding to 2004 and 2018 data points. “Age-Earnings gap” corresponds to ln

(
yn
old

yn
young

)
, the

log-ratio of labor earnings of employed old and young. “Age-Employment gap” corresponds to ln
(

eold
eyoung

)
, the log-ratio

of employment rates of old and young. “Transfer multiplier” corresponds to

(
1+p̃oldΘ̃

n
old

1+p̃youngΘ̃n
young

)
, the log-ratio of one plus

transfers in proportion to labor earnings, for old and young.

J.2 Model-based AGIR decomposition

We now explore, through the lenses of our model, the fundamental determinants of the
level of AGIR, and how they changed over time. In particular, we ask whether the level
of AGIR was caused by differences in: i) education, ii) returns to age, iii) transfers. To
do so, we compare the realised AGIR in the data with the AGIR that would have realised
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in case:

1. The education of the old had been identical to the one of the young: ρys = ρos, foralls.
This capture the composition and GE effects of different education levels between
young and old.

2. The returns to age gs were equal to zero. This captures how the return to age
mechanically increases AGIR, by increasing the income of the old, as well as its GE
effects on wages and supply.

3. The rate of transfer was identical and equal to zero for both generations: τ ys = τ os .

Notice that the implied AGIR of shutting down each of these three channels is not nec-
essarily one, due to two factors. First, differences in the price of leisure. Second, the
expectations of the young for the following period, which we take as fixed. We call the
implied level of “neutral AGIR”.

We present the results of the model-based decomposition of the level of AGIR in Table
XVI. In 2004, the difference in education between old and young contributed negatively
for -11 percentage points in rich countries, and -20 percentage points in poorer countries.
While this number remained mostly unchanged for rich countries in 2018 (+1 percentage
point in favour of the old), the (negative) contribution of the education gap to AGIR
increased by a further 4 percentage points in poorer countries tp -25 percentage points.
Although the total contribution of the gap to AGIR was stable between the two periods,
we know - from the analysis performed in the previous section - that this was the result of
a large increase in both the young and the old education levels between the two periods,
meaning that the educational catch-up of the old more than compensated the larger
incentives of new young generations to acquire high skill levels.

The largest determinant of AGIR came from the return to age. However, while this
increased over time in rich countries (from +32 to +45 percentage points), it decreased
in poorer countries (from +35 pp. to +27 pp.). Returns to age are, taken in isolation,
highly influential because they both increase income directly (due to the mechanical effect
of supplying a larger amount of effective labor units) as well as indirectly (by increasing
the incentives to work).

Transfers provide a smaller contribution to total AGIR, although similar between
the two groups of countries (0.06 for richer countries and 0.09 for poorer countries).
Moreover, their effect on AGIR declined to approximately zero by 2018. While transfers
have considerable direct effects on AGIR, they also reduce work incentives and thus have
negative GE effects.

Finally, notice how the total effect of these three channels on the level of AGIR is not
equal to the sum due to second-order interaction between them. For example, the effects
of increasing returns to age on AGIR are inflated when the baseline assumption is - as in
this case - that old and young have the same skill distribution.
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TABLE XVI. Determinants of AGIR, transfer model

Poor Rich
2004 2018 2004 2018

Neutral AGIR 0.92 0.69 0.92 0.85

Education gap effect -0.31 -0.04 -0.22 -0.06
Return to age effect 0.81 0.34 0.56 0.54
Transfer gap effect 0.17 0.08 0.14 0.09

Total 0.20 0.35 0.17 0.43

Notes: The table reports, for a representative poorer and richer country, the level of “neutral AGIR”, as defined in the text,
together with the additional effects of different counterfactuals, which reflect the first-order effect on AGIR of the education
gap between old and young, the return to age, and the difference in transfers. The “Total” row represents the joint effect
of all these three channels. The sum of “Neutral AGIR” and “Total” yields the AGIR level observed in the data.
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K Historical Trends

In this section, we leverage historical data for a few countries for which we have consistent
time series for additional decades. In particular, we exclude countries which experienced
changes in their survey methodology that gave rise to unreasonable changes in their AGIR
statistic before 2004.

After this selection, we obtain time series for the United States (from 1963), United
Kingdom (1968), Germany (1973), Italy (1977), Brazil (1981), Netherlands (1983), Canada
(1986), and Spain (1990). In the case of Spain, a further change in methodology in 2004
does not allow for a direct comparison of pre- and post-2004 AGIR. Hence, we define the
pre-2004 period as “Spain - Household Budget Survey (HBS)”.

We plot the resulting time series for AGIR in Figure 21. Overall, we can observe
a clear upward trend in all countries, besides Brazil (the only developing country) after
2006. The first most striking fact is that many countries had an AGIR below 1, meaning
that young individuals had a higher income than older individuals, at the beginning of the
sample and, for some, throughout the 1990s. This fact helps corroborate our theory that
changes in AGIR have mainly arisen from shifts in the relative education achievement
of old and young. Since returns to age (how income scales with age) are positive for all
education groups, consistently with experience providing additional labour market value,
an AGIR smaller than 1 can only arise from young workers being more skilled than older
generations. The second striking fact is that even countries which have experienced small
increases in AGIR after 2004 (Canada, US, UK) have experienced considerable increases
in AGIR before then. Hence, our post-2004 facts capture fairly long-run trends that have
affected all rich countries’ age-income gaps in our sample, once we extend the time series
back in time.

Overall, this historical evidence corroborates the long-run and composition-led inter-
pretation of changes in AGIR in richer countries.
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Figure 21. AGIR, 50-64 vs 25-34 years old
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Notes: The figure depicts the Age Group Income Ratio (AGIR) between late-career individuals (50-64 years old) and
early-career individuals (25-34 years old) for a selected number of countries for which consistent data are available before
2004. The horizontal dashed line represent the intercept at AGIR=1, indicating that the young and old incomes are
identical for that given year and country. The vertical line indicates the date we choose as cutoff for our main analysis.
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