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Abstract

This paper examines the impact of demographic change on household income
inequality in the United States, both historically and prospectively. We empha-
size the distinct roles of population aging and cohort replacement and develop a
methodology to study their joint compositional effect. We document that cohorts
born later in the 20th century embody higher levels of income inequality com-
pared to earlier-born cohorts, and we argue that most of the increase in inequality
over the past two decades can be accounted for by demographic change. More-
over, we predict that future demographic change will continue to put significant
upward pressure on household income inequality in the United States.
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I Introduction

Income inequality in the United States is much higher today than half a century ago. A

large body of empirical work has identified changes in the technological and institutional

environment that have contributed to rising inequality, such as skill-biased technological

change and de-unionization.1 At the same time, the characteristics of the population

have also changed substantially. Newer generations are smaller in size and live longer,

leading to population aging. They are also generally better educated, tend to marry

partners with similar education levels, and are selected differently for higher education

and professional careers compared to earlier generations. Such demographic changes

can affect inequality, even without technological or institutional changes.

In this paper, we study how demographic change affects household income inequal-

ity by altering the composition of the population in terms of age groups and birth

cohorts. Our goal is to explain how demographic change has affected the evolution of

income inequality in the past and to project how income inequality will evolve under

future demographic change. While predicting future changes in the technological and

institutional environment is difficult, demographics can be reliably projected several

decades into the future.

We emphasize that demographic change affects inequality both through population

aging and cohort replacement. Changes in the age structure of the population affect

inequality because the distribution of income among older households differs system-

atically from that among younger households. Experience, on-the-job training, and

subsequent retirement produce a hump-shaped age profile for average income. More-

over, heterogeneous returns to experience, persistent idiosyncratic shocks, and differ-

ential rates of wealth accumulation all imply that income inequality is higher among

older households. Replacement of older cohorts by more recent birth cohorts affects

income inequality because the distribution of income-relevant characteristics, such as

the distribution of human capital (Altonji et al., 2012), the allocation of talent across

professions (Hsieh et al., 2019), and the degree of positive assortative mating (Eika et

al., 2019), differs between cohorts.

We study how demographic change affects household income inequality by con-

sidering the following question: How would income inequality evolve over time if the

economic environment is held fixed in a given base year and only demographic change is

allowed to occur? The goal of this thought experiment is to isolate the role of changing

1See, for example, Acemoglu and Autor (2011) and Firpo et al. (2009).
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population characteristics while holding the returns to these characteristics fixed. In

this thought experiment, households age within a static economic environment. New co-

horts enter the economy with characteristics that are identical to those of the youngest

cohort in the base year whose cohort-specific characteristics were shaped in the same

economic environment. Older cohorts eventually exit the economy and the population

age structure evolves as observed in the past or projected in the future.

A challenge to implementing our thought experiment is that cohorts likely differ in a

large number of income-relevant characteristics, not all of which are readily observable.

We therefore develop a parametric methodology that allows us to account for cohort

differences in both observed and unobserved characteristics. Using household income

data for the United States, we estimate life-cycle profiles and cohort differences in mean

incomes and income Gini coefficients using an additive age-period-cohort model. We

document important cohort differences in income distributions that are not accounted

for by differences in age and educational attainment. The estimated cohort effects

suggest that birth cohorts have become progressively more unequal in their income-

relevant characteristics since the mid-20th century. We then use the estimated age

and cohort effects to predict how the moments of subgroup income distributions evolve

under demographic change when the economic environment is held fixed.

We derive the aggregate Gini coefficient from subgroup moments using a novel ag-

gregation methodology that follows the principle of maximum entropy. In particular,

we model subgroup income distributions, using the parametric distribution that maxi-

mizes entropy for given mean and Gini coefficient. This distribution imposes the least

amount of information in addition to knowing the mean and Gini coefficient. We show

that our methodology is able to aggregate subgroup Gini coefficients into the aggregate

Gini coefficient with only limited loss of information. We then use this aggregation

methodology on the predicted subgroup moments and population shares to study how

demographic change affects the aggregate Gini coefficient.

We find that demographic change plays an important role in the evolution of house-

hold income inequality in the United States – both in the past and in the future. Our

thought experiment suggests that the compositional effects of demographic change can

account for all the increase in income inequality over the past two decades. Moreover,

we predict that demographic change will further increase inequality in the near future,

with our estimates suggesting an increase in the income Gini coefficient of between one

and six percentage points by the year 2040.

Our methodology allows us to isolate the effect of population aging and cohort
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replacement. We find that both population aging and cohort replacement have con-

tributed substantially to the rise in household income inequality in the recent past.

However, projected further aging of the US population in the near future will not affect

household income inequality. Instead, the predicted increase in inequality will be driven

almost exclusively by cohort replacement.

In our main analyses, we estimate cohort differences under a range of normaliza-

tions for linear trends in the age-period-cohort model. Acknowledging the important

role of the choice of normalization for our results, we assess the plausibility of the esti-

mated cohort differences using additional data for selected birth cohorts. Specifically,

we use data on birthplace, education, spousal and parental education, race, as well as

cognitive test scores from the National Longitudinal Surveys of Youth (NLSY) for the

birth cohorts 1957-1961 and 1980-1984 to estimate the influence of changing cohort

characteristics on income inequality. Adjusting the characteristics of the older NLSY79

cohorts to reflect those of the younger NLSY97 cohorts reveals important differences

in inequality for both college-educated and non-college-educated households. Reassur-

ingly, these differences align closely with the cohort differences implied by our preferred

choice of normalization in the age-period-cohort model.

Our findings suggest a more important role for demographic change in explaining

the evolution of household income inequality than is generally found in the literature

(e.g., Kuhn et al. (2020)). Previous studies of compositional effects typically rely on

using re-weighting methods, following DiNardo et al. (1996), and explicitly account

for differences in only a limited number of characteristics. For comparison, we also

implement our thought experiment using a re-weighting method that accounts for com-

positional changes in terms of the age structure and educational attainment of the US

population. In this exercise, we find no effect of demographic change on household

income inequality; however, we argue that the results from this re-weighting analysis

are misleading. By assigning more weight to older households in a given cross-section

to track population aging, we also assign more weight to earlier and more equal birth

cohorts. As a result, re-weighting fails to capture the effect of cohort replacement and

confounds the effect of population aging.

The rest of the paper is structured as follows. In section I.1, we discuss how our

paper relates to the existing literature, and we introduce our data sources in section I.2.

In section II, we develop a parametric method to implement the thought experiment. In

section III, we present the main results. Section IV implements the thought experiment

using a re-weighting analysis and discusses its shortcomings. Section V concludes.
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I.1 Related literature

Recent papers on the compositional effects of demographic change on income and wealth

distributions include Kuhn et al. (2020) and Auclert et al. (2021), who study the effects

of population aging, and Eika et al. (2019), who study the impact of changing house-

hold characteristics.2 Kuhn et al. (2020) assemble a new micro data set for household

income and wealth in the United States going back to 1949 and study, among other

things, the effect of demographic change on income and wealth inequality in the past.

They find that population aging has moderately increased income inequality through-

out their sample period. Auclert et al. (2021) use population projections to predict

the compositional effect of demographic change on the future evolution of the wealth-

to-output ratio in the United States and a number of other countries. They predict

that population aging will have a significant impact on the wealth-to-output ratio in

the United States over the coming decades. Eika et al. (2019) study the role of educa-

tional assortative mating on household income inequality. They find that educational

assortative mating accounts for a non-negligible share of cross-sectional inequality but

that the trend in sorting has hardly affected income inequality. They also find that the

increases in college attendance and completion rate by women have slowed the increase

in household income inequality.

There is also a literature on compositional effects of a changing population structure

on wage inequality, where the focus has predominantly been on the skill composition of

the population and the role of skill-biased technical change (Juhn et al., 1993; Lemieux,

2006; Autor et al., 2008; Altonji et al., 2012; Hoffmann et al., 2020). Lemieux (2006),

for example, studies how changes in the composition of the US population in terms

of experience and educational attainment affect residual wage inequality, using a re-

weighting analysis. He finds that increases in within-group inequality are concentrated

in the 1980s and that the increase in population-level wage inequality in the subsequent

decade is driven by composition effects.

Cohort differences in income distributions play an important role in our paper. The

role of cohort differences in the dynamics of inequality are also emphasized by Guvenen

et al. (2022), who show that increased inequality in lifetime incomes is mostly resulting

from more recent cohorts having higher initial income inequality while the increase

in inequality over the life cycle remains similar across cohorts. Unlike Guvenen et

al. (2022), we study the effect of cohort differences on the evolution of cross-sectional

2Older papers in this literature include Burtless (1999), Daly and Valletta (2006), Larrimore (2014),
and Greenwood et al. (2014).
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inequality and also discuss the implications of cohort differences for future inequality.

Altonji et al. (2012) study differences in income-relevant characteristics between

the cohorts surveyed in the NLSY79 and NLSY97 surveys. They find that the skill

distribution has widened between cohorts born around the year 1960 and the cohorts

born in the early 1980s and use this observation to predict that wage inequality will

increase substantially by 2025. We also use data from the NLSY79 and NLSY97 surveys

and show that the more recent cohorts have characteristics that lead to higher inequality

in household incomes compared to the earlier cohorts. Our paper differs from Altonji

et al. (2012) in that we extend estimates of cohort differences in income distributions

to cover all cohorts born between 1888 and 1994 using repeated cross-sections from

Current Population Survey and Survey of Consumer Finances data and an age-period-

cohort model. We also study the role of demographic change in the past as well as in

the future.

Secular trends in cohort-specific characteristics giving rise to important cohort differ-

ences have been studied in a number of papers. Card and Lemieux (2001) attribute the

rising college premium to a slowdown in educational attainment for cohorts born after

1950. Hendricks and Schoellman (2014) explain the same phenomenon by documenting

growing test-score gaps between college-bound and non-college-bound students. More

recently, Hsieh et al. (2019) argue that cohort-specific improvements in the allocation

of talent have contributed significantly to US economic growth. Similarly, the litera-

ture on structural change has documented that a large share of labor reallocation can

be accounted for by new cohorts entering growing industries (Lee and Wolpin, 2006;

Hobijn et al., 2019; Porzio et al., 2022).

An additional source of cohort differences in income distributions that has recently

received increased attention is scarring. The literature on this topic has documented

long-lasting negative effects on earnings and employment for cohorts entering the labor

market in a bad economy, and common findings are that these effects are heterogeneous

and therefore affect inequality (Raaum and Røed, 2006; Kahn, 2010; Oreopoulos et al.,

2012; Rothstein, 2019; Schwandt and Von Wachter, 2019).

To construct counterfactuals, we estimate how income distributions depend on age

and birth cohort, using a standard age-period-cohort model. In this respect, our pa-

per is also related to the literature devoted to studying life-cycle profiles of economic

inequality. In particular, we build on Deaton and Paxson (1994a,b), who estimate age

profiles for within-cohort income and consumption variance in the United States and

propose a normalization for dealing with the linear dependence of age, period, and
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cohort effects.3 Heathcote et al. (2005) point out the importance of the choice of nor-

malization in estimating the age profile of income inequality. To deal with this issue,

we follow Lagakos et al. (2018), who suggest exploring the results under a range of

different normalizations.

I.2 Data sources

In our main analyses, we use data on household income for the years 1968-2020 from

the Current Population Survey (CPS). Our measure of household-level income is the

total money income during the previous calendar year of all adult household members.4

Total money income is the sum of wages and salaries, income from professional practice

and self-employment, rental income, interest, dividends, and transfer payments, as well

as business and farm income. We complement the CPS data with a longer series of

harmonized repeated cross-sections based on archival data from historical waves of the

Survey of Consumer Finances that was recently made available by Kuhn et al. (2020).

This data set spans the time period 1949-2019 and reports household-level total income,

which has the same definition as total money income in the CPS. We follow Kuhn et al.

(2020) and refer to these data as the SCF+ data set.5 The CPS and SCF+ data sets

complement each other. While the CPS data set has a larger sample size, the SCF+

data cover two more decades.

About 0.16% of all households in the CPS data and 0.31% of all households in the

SCF+ data report negative total incomes.6 We censor the income distribution by re-

coding negative values as zeros.7 To avoid problems associated with topcoding in the

CPS and SCF+ data sets, we focus on income inequality among the bottom 99%.

For the CPS data, we use annual surveys between 1968 and 2020. For the SCF+

data, we use triennial waves constructed by Kuhn et al. (2020), which leaves us with

data for every third year between 1950 and 2019, with the exception of the years 1974,

3Other papers that also use an age-period-cohort model to study life-cycle behavior include At-
tanasio (1998), Gourinchas and Parker (2002), Storesletten et al. (2004), Low et al. (2010), Huggett
et al. (2011), Aguiar and Hurst (2013), Heathcote et al. (2014), Lagakos et al. (2018), and Jedwab et
al. (2023).

4Specifically, we use the variable HHINCOME from the IPUMS CPS harmonized microdata (Rug-
gles et al., 2020).

5The data set in Kuhn et al. (2020) covers the time period 1949-2016. We added to this data set
the 2019 Survey of Consumer Finances.

6After applying sampling weights, households with negative income make up 0.13% of the popula-
tion in both the CPS and the SCF+ data sets.

7Negative income levels pose a challenge for the interpretation of differences in income inequality
across different subgroups of the population because they can inflate the Gini coefficient even if the
dispersion of income is low.
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Figure 1: Evolution of household income inequality in the United States.

1980, and 1986. We correspondingly aggregate the data into three-year age groups and

birth cohorts. We assign households to their respective birth cohort based on the age

of the household head. Furthermore, we restrict our attention to households in which

the household head is between 26 and 79 years old in the CPS data and between 26 and

80 in the SCF+ data.8 Figure 1 shows the evolution of household income inequality in

the CPS and SCF+ data after applying our sample restrictions.

We also use data from the NLSY79 and NLSY97 surveys to study cohort differences

in household income distributions for selected cohorts. We restrict the sample to birth

cohorts born in 1957-1961, which we refer as the older cohort, and 1980-1984, which

we refer as the younger cohort. We use the 1996 wave from NLSY79 when the older

8The definition of the household head in the SCF+ data is the male partner in mixed-sex couples,
the older partner in same-sex couples, and the single core individual in households without a core
couple. In the CPS data, the definition of household head changed in the year 1980. While it was
similar to the SCF+ definition in the years prior to 1980, the CPS has since discontinued the use of
the term “household head” and has replaced it with “householder.” A householder is the person in
whose name the housing unit is owned or rented, or in the case of a married couple jointly owning or
renting the house, it is either spouse. In our main results, we assign households to their respective age
groups based on the age of the individual who is considered the household head/householder in the
respective data set. As a robustness check, we re-define household heads in the CPS to be always the
male partner in mixed-sex couples and the older person in same-sex couples, to be consistent with the
definition in the SCF+ data. The results hardly change under this alternative definition. Finally, we
drop household heads aged 80 in the CPS data from the analysis because individuals that are older
than 80 are coded as 80 for some waves of the survey.
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cohort was aged 35-39, and the 2019 wave from NLSY97 when the younger cohort was

similarly aged 35-39. We drop observations for which family income is not observed

and focus on inequality among the bottom 95% to avoid issues with topcoding.

To track the evolution of the age composition of the US population, we rely on pop-

ulation projections from the US Census Bureau. The median age in the US population

has increased from 27 in 1970 to 38 in 2019, and is predicted to increase to 42 by the

year 2060.9 The leftmost panel in figure 2 shows the age distribution in the US popu-

lation in the years 1970 and 2010, as well as projections for the year 2050. Over this

time period, older people progressively make up a higher fraction of the US population.

The middle and the right panels show the corresponding age distribution among

household heads in the CPS and the SCF+ data sets. As we want to study the role of

demographic change not only in the past but also in the future, we need to translate

the predicted changes in the age structure of the US population into corresponding

changes in the age structure of household heads in the survey data. We do this by

using the constant headship rate method. That is, we compute the probability that an

individual of a given age in the latest survey wave is recorded as the household head,

and we assume that these probabilities remain fixed in the future.

II Methodology

In this section, we develop a parametric approach to implement our thought experi-

ment of holding the economic environment fixed while allowing demographic change

to take place. The methodology proceeds in three steps. First, we estimate the life-

cycle profiles of average income and income inequality for different birth cohorts and

education groups. Second, we use these estimates to model how subpopulation income

distributions evolve as cohorts age. In line with our thought experiment of fixing the

economic environment, we assume that cohorts entering the economy after any given

base year have the same characteristics as the youngest cohort in that base year and

thus share the same life-cycle profiles of average income and income inequality. Third,

we use predicted population shares to construct a population-level income distribution

and to study the evolution of its Gini coefficient. In the remainder of this section, we

discuss each of these steps in detail.

9United States Census Bureau (2017).
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Figure 2: The evolution of the age composition of the US population and the implied age
distributions of household heads in the CPS and the SCF+ data sets.

II.1 Estimating age, period, and cohort profiles

We assume that two key moments of the income distribution, the logarithms of the

mean and the Gini coefficient, are described by an additively separable age-period-

cohort model. This allows us to use repeated cross-sections in the CPS and SCF+

data sets to estimate how the distribution of income differs across birth cohorts and

how it evolves within cohorts as they age. We motivate the age-period-cohort model

by showing that a simple income process leads to additively separable age, period, and

cohort profiles in the logarithms of mean income and the income Gini coefficient.

II.1.1 A simple income process

In each period, the income distribution of households with given age and education re-

ceives an income shock that has two components: a level component and an inequality

component. The level component increases or decreases all incomes by a given factor,

while leaving inequality between the households unchanged. The inequality compo-

nent stretches or compresses the income distribution, while leaving the average income
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unchanged. In particular,

yi,t =
(
1 + β(e, a, t)

)(
yi,t−1 + γ(e, a, t)

(
yi,t−1 − E[yi,t−1|e, a]

))
where yi,t denotes household i’s income in period t, and β ∈ [−1,∞) and γ ∈ [−1,∞)

denote the level and inequality component, respectively; e and a are the level of ed-

ucation and the age of the household head; and E[yi,t−1|e, a] is the mean income in

the household’s demographic subgroup. A positive β means that the shock increases

average income, while a positive γ means that the shock increases inequality. Negative

values of β and γ achieve the opposite.

We assume that the level and the inequality components of the income shocks are

separable in age and period, so that

1 + β(e, a, t) =
(
1 + βa(e, a)

)(
1 + βt(e, t)

)
,

1 + γ(e, a, t) =
(
1 + γa(e, a)

)(
1 + γt(e, t)

)
.

Finally, we allow the initial income distribution for each cohort to be arbitrary, reflecting

differences due to characteristics such as assortative mating, sorting into occupation,

or the quality of education.

With this income process, we can model how changes in the technological and

institutional environment affect the distribution of income in the economy. For example,

skill-biased technological progress that disproportionately increases the incomes of high

earners corresponds to an income shock where βt and γt are both greater than zero. A

recession on the other hand corresponds to an income shock where βt is negative. These

income shocks also allow us to model life-cycle dynamics. For example, accumulation

of labor market experience that complements skills is captured by positive βa and γa.

We obtain an expression for the income of household i in terms of initial income

and the complete history of income shocks:

yei,a,t =
a∏
k=1

(
1 + βa(e, k)

) t∏
k=t−a+1

(
1 + βt(e, k)

)
×
[
yei,0,t−a +

( a∏
k=1

(
1 + γa(e, k)

) t∏
k=t−a+1

(
1 + γt(e, k)

)
− 1

)(
yei,0,t−a − E[ye0,t−a]

)]
.

Computing the mean and Gini coefficient within a given demographic subgroup reveals

that this income process generates additively separable age, period, and cohort profiles
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for the logarithms of mean income and the income Gini coefficient:

ln
(
E[yei,a,t,c]

)
=

a∑
k=1

ln
(
1 + βa(e, k)

)
︸ ︷︷ ︸

age effect

+
t∑

k=1−amax+1

ln
(
1 + βt(e, k)

)
︸ ︷︷ ︸

period effect

+ lnµe,c0 −
c∑

k=1

ln
(
1 + βt(e, k)

)
︸ ︷︷ ︸

cohort effect

and

ln
(
G(yei,a,t,c)

)
=

a∑
k=1

ln
(
1 + γa(e, k)

)
︸ ︷︷ ︸

age effect

+
t∑

k=1−amax+1

ln
(
1 + γt(e, k)

)
︸ ︷︷ ︸

period effect

+ lnGe,c
0 −

c∑
k=1

ln
(
1 + γt(e, k)

)
︸ ︷︷ ︸

cohort effect

,

where µe,c0 and Ge,c
0 are the initial mean and the Gini coefficient of birth cohort c = t−a

with education e before receiving any income shocks; and amax is the maximum age.10

Hence, this income process is equivalent to a standard age-period-cohort model for the

logarithms of mean income and the Gini coefficient.

II.1.2 Age-period-cohort model

We partition our main sample into year-by-age-by-education subsamples and compute

the mean and Gini coefficient in each subsample. As a result, we obtain two balanced

panels in age and survey waves—one for households with a college-educated household

head and another for households without a college-educated household head. We model

the income moments as being generated by additive age, period, and cohort effects.

The model can be written as

Mapc = αa + πp + κc + εapc, (1)

where Mapc is the observed moment at age a, in period p, and in cohort c. The age,

period, and cohort effects are captured by αa, πp, and κc, respectively. A mean zero

10The additive separability for the logarithm of the Gini coefficient follows from the fact that the
inequality shock multiplies the Gini coefficient by 1 + γ, see proposition 6 in Heikkuri and Schief
(2022). Note also that additive separability does not strictly require that the income of each household
evolves according to this income process as long as the percentiles of the income distributions follow
this process. Put differently, only the distribution of incomes matters—not the positions of individual
households in it.
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error term, εapc, captures both sampling variance and unmodeled noise.11 We specify

this model separately for college-educated and non-college-educated households. Note

that in this model we are not imposing any functional form on the age, period, and

cohort profiles.

Unfortunately, equation (1) is not identified and cannot be estimated from the data.

An obvious problem is that we need to normalize at least one each of the age, period, and

cohort effects. A more fundamental identification problem, however, arises because of

the linear dependency between age, period, and cohort. The nature of the identification

problem can be seen more clearly when we decompose age, period, and cohort effects

into two parts: (1) linear trends in age, period, and cohort, and (2) fixed effects that

capture deviations from these trends. In particular, if we require that the fixed effects

sum to zero and be orthogonal to a trend,12 then the model can be rewritten as

Mapc = θ + α a+ π p+ κ c+ α̌a + π̌p + κ̌c + εapc (2)

with the following restrictions on the parameters:

∑
a

α̌a a = 0 and
∑
a

α̌a = 0, (3)∑
p

π̌p p = 0 and
∑
p

π̌p = 0, (4)∑
c

κ̌c c = 0 and
∑
c

κ̌c = 0. (5)

In this formulation, the overall trends in the age, period, and cohort profiles are captured

by the coefficients α, π, and κ, respectively, and θ is a constant. Note that while we

cannot estimate all three linear trends in the age, period, and cohort profiles, the

deviations from the linear trends are identified and can be estimated from the data

11The average sample size for a given survey year in the SCF+ data is only about 43% of the average
sample size in the CPS data, causing larger sampling variation in the estimated mean income levels
and income Gini coefficients at the subgroup level. Sampling variation induces classical error in our
dependent variables and does not bias our results. However, the lack of precision in the SCF+ data still
leads to unwelcome uncertainty in our estimation results, especially for very early and very late birth
cohorts that are observed less often in our sample. We address this problem by including neighboring
age groups when estimating average income levels and income Gini coefficients at the subgroup level in
the SCF+ data. For example, when we compute the income Gini coefficient for birth cohorts 1959-1961
in the year 2001, we include not only households with household heads aged 40-42, but also those with
households heads aged 37-40 and 43-46.

12This normalization of the age, period, and cohort effects is due to Deaton and Paxson (1994b).
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even without knowing what the linear trends are. Moreover, differences between the

linear trends in the age, period, and cohort profiles are identified, so that normalizing

any one of the linear trends in equation (2) is enough to estimate this model. For

example, if we set π = κ, as we do in our baseline normalization, then our estimated

parameters are

α̂ = α∗ +
π∗ − κ∗

2
(6)

π̂ = κ̂ =
π∗ + κ∗

2
(7)

where α̂, π̂, and κ̂ are the estimated linear trends for age, period, and cohort, and

α∗, π∗, and κ∗ are the true linear trends in the data generating process.

II.1.3 Normalizing the linear trends

The normalization of the linear trends does not affect the predicted values of the model,

and therefore, it cannot be estimated from the data. To address this issue, we follow

Lagakos et al. (2018) and derive our results under three different normalizations. As

extreme cases, we set either the period or the cohort trend in the income Gini coefficient

to zero. As an intermediate case, we assume that the trends in period and cohort effects

are equal in magnitude.13 We treat the intermediate case as our baseline normaliza-

tion.14 In section III.4, we derive an additional normalization from estimated cohort

differences using the NLSY data. Although the normalization matters quantitatively,

our qualitative findings are invariant to the choice of normalization.

We consider a trend in both period and cohort effects plausible. Technological

progress that increases incomes independently of age and education naturally consti-

tutes a trend in period effects for average income. However, increasing levels of human

capital, to the extent they are generated by more schooling and higher quality of edu-

13Lagakos et al. (2018) also consider a fourth type of normalization. In the case of labor income,
one can argue that average income should not increase right before retirement due to low incentives
to human capital accumulation. Thus, choosing a linear trend that makes the age profile flat before
retirement age provides an alternative normalization for the linear trends. This “flat spot” strategy is
also used in Heckman et al. (1998), McKenzie (2006), Huggett et al. (2011), and Bowlus and Robinson
(2012). We do not use this method because it is not obvious that the age profile of average household
income should be flat before retirement. Households may be still be saving and thus increasing their
capital income before retirement and there may also be changes in transfer income. Similarly, there is
no reason to assume that income inequality should be flat before retirement.

14In the case of log mean income, we always use the baseline normalization. We have also derived
our results under different normalization of the trends in log mean income. The results do not vary
meaningfully.
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cation or cohort-specific improvements in health, are a cohort trend for average income.

Jones (2002) calculates that almost a third of the growth in GDP per capita between

1950 and 1993 can be accounted for by rising educational attainment, while roughly

two-thirds is accounted for by improved productivity.15 Moreover, Hsieh et al. (2019)

show that a significant share of productivity growth is explained by improved sorting

of talent, which occurs between cohorts.

Assessing trends in income inequality is more difficult. To the extent that rising

inequality is driven by technology or policies that increase inequality independent of

household characteristics, it should be captured by period effects. A reduction in redis-

tribution from rich to poor, for example, is a period effect that increases inequality. On

the other hand, increasing inequality due to secular trends in cohort-specific character-

istics, such as the distribution of human capital, sorting to education and occupations,

or positive assortative mating, should be attributed to the trend in cohort effects. Since

a trend in both period and cohort effects is plausible, we consider the intermediate nor-

malization of equal period and cohort trends in income inequality a sensible baseline

normalization.16

II.1.4 Estimation results

The additively separable age-period-cohort model is able to account for a large share

of the variation in mean incomes and income Gini coefficients at the subgroup level.

Focusing on the Gini coefficients for households without a college-educated household

head, for example, we plot the life-cycle profiles for selected birth cohorts and the time

trends for selected age groups in figure 3. Inequality increases with age and more recent

cohorts experience higher levels of inequality at any given age. Moreover, age-specific

inequality levels have increased over time. Importantly, however, the increase is much

more pronounced among younger ages, especially during the 1970s and 1980s. The

age-period-cohort model is able to account for these differential patterns in the data.

Moving beyond the model fit for a selected demographic subgroup, table 1 reports

the coefficients of determination for all demographic subgroups as well as for mean

15Jones (2021) updates these shares to one-quarter and two-thirds for years between 1950 and 2007.
The remainder is explained by the increase in the ratio of labor force to population.

16Huggett et al. (2011) find that more than 60% of lifetime earnings and wealth inequality is due
to characteristics that are fully formed by early adulthood. It is therefore plausible that a significant
share of the rising income inequality can be explained by changing cohort-level characteristics.
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(b) Time trends for selected age groups

Figure 3: Gini coefficients for households without a college-educated household head (CPS
data). The solid lines show the fit of the age-period-cohort model.

income.17 R2 exceeds 90% in all estimated models. We further decompose R2 into

the respective parts accounted for by the linear trends in age, period, and cohort,

and the deviations from these trends in the age, period, and cohort profiles using a

Shapley decomposition. Nonlinear cohort effects account for between 11% and 30% of

the explained variation in the estimated models, underscoring the importance of cohort

differences in the process of demographic change. These cohort effects are not driven

by differences across cohorts in the share of college-educated households as the model

is estimated separately for college and non-college educated households. Note that the

results regarding model fit do not depend on the choice of normalization for the linear

trends in age, period, and cohort.

In figures 4 and 5, we plot the age, period, and cohort profiles of mean income

and income inequality estimated separately on the CPS and the SCF+ data sets. The

profiles are plotted after normalizing the linear trends in cohort and period effects to

be equal in magnitude. As discussed in section II.1, nonlinearities in the profiles are

identified from the data and do not depend on the normalization of the linear trends.18

We find that average income increases with age until about age 50 and decreases

thereafter. Similarly, income inequality also increases over the working life and plateaus

after retirement age. Compared to households without a college-educated household

17The table also reports the number of observations in each model, which is given by the number
of year-age combinations in each data set. We include analogues of figure 3 for college-educated
households and for mean income in appendix C.

18In appendix A, we plot the profiles for alternative normalizations of the linear trends.
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Panel A: CPS (Log) mean income (Log) income Gini
College Non-college College Non-college

N 2,862 2,862 2,862 2,862
R2 0.95 0.97 0.92 0.90

Shapley decomposition of R2

Linear trends 0.23 0.32 0.80 0.74
Nonlinear age effects 0.55 0.43 0.05 0.07
Nonlinear period effects 0.03 0.03 0.03 0.02
Nonlinear cohort effects 0.19 0.22 0.11 0.17

Panel B: SCF+ (Log) mean income (Log) income Gini
College Non-college College Non-college

N 399 399 399 399
R2 0.94 0.97 0.90 0.91

Shapley decomposition of R2

Linear trends 0.15 0.36 0.54 0.46
Nonlinear age effects 0.41 0.23 0.03 0.09
Nonlinear period effects 0.24 0.17 0.19 0.15
Nonlinear cohort effects 0.21 0.24 0.25 0.30

Table 1: Sample sizes and explained variation in the age-period-cohort model.

head, households with a college-educated household head experience a steeper increase

in income over the working life and a sustained increase in income inequality even at

older ages. We estimate very similar age profiles in both data sets.

In the period profiles, we document cyclical movement in log mean income reflecting

business cycles, which can be seen more clearly in the annual CPS data. The period

profiles also document a stark increase in income inequality in the early 1980s among

non-college-educated households that is followed in the 1990s by a similar increase for

college-educated households. Interestingly, while income inequality at the population

level has increased substantially in the past two decades, we find much less of an increase

or even a decrease in period effects for income inequality over this time period. Finally,

when we estimate period effects going back to 1950 in the SCF+ data, we find that

period effects for the income Gini coefficient show little evidence of a trend before the

1980s.

Most strikingly, we find pronounced nonlinear cohort profiles for both average in-

come and income inequality. The cohort effects for log mean income increase up to
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approximately the birth cohort 1947 and become flat or decrease thereafter. In con-

trast, the cohort effects for income inequality follow a U-shaped profile and increase

during the second half of the 20th century. These patterns are found in both the CPS

and the SCF+ data.

A potential concern is that the estimated profiles are affected by the fact that we

observe different cohorts in different time periods and at different ages, and that we

observe some cohorts more often than others. We address this concern by re-estimating

the age-period-cohort model on different restricted time windows and by comparing

the resulting cohort profiles. For both data sets, we find that the estimated profiles

from restricted samples align well with the ones from the full sample. We describe the

procedure in more detail and show the estimated profiles in appendix B.

II.2 Constructing counterfactual moments

We use the estimated age, period, and cohort effects for log mean income and the log

Gini coefficient to construct a counterfactual mean, µ̃a,p,c,e, and a Gini coefficient, g̃a,p,c,e,

for each subgroup as implied by our thought experiment. We give each age-education

group its corresponding age effect, the period effect of the base year, and the estimated

cohort effect for cohorts that are present in the base year. The cohorts that enter the

economy after the base year are given the cohort effect of the youngest age-group a0 in

base year p̄. In particular, for base year p̄ and target year p′ > p̄, we set the subgroup

moments as

µ̃a,p′,c,e =

exp
(
θµe + αµea+ πµe p̄+ κµe c+ α̌µa,e + π̌µp̄,e + κ̌µc,e +

σ2
e,µ

2

)
if c < c̄0

exp
(
θµe + αµea+ πµe p̄+ κµe c̄0 + α̌µa,e + π̌µp̄,e + κ̌µc̄0,e +

σ2
e,µ

2

)
if c ≥ c̄0,

(8)

g̃a,p′,c,e =

exp
(
θge + αgea+ πge p̄+ κgec+ α̌ga,e + π̌gp̄,e + κ̌gc,e +

σ2
e,g

2

)
if c < c̄0

exp
(
θge + αgea+ πge p̄+ κge c̄0 + α̌ga,e + π̌gp̄,e + κ̌gc̄0,e +

σ2
e,g

2

)
if c ≥ c̄0,

(9)

where c̄0 := p̄ − a0 is the youngest cohort present in the base year, superscripts µ and

g indicate the statistical moment and subscript e the education group for which the

parameters have been estimated, and σ2
e,µ and σ2

e,g are the estimated variances of the
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(e) Cohort profile: log mean income
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(f) Cohort profile: log Gini coefficient

Figure 4: Age, period, and cohort profiles of log mean income and log Gini coefficients in
the CPS data. The period effect 1995 and cohort effect 1945 are normalized to zero.
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(e) Cohort profile: log mean income
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Figure 5: Age, period, and cohort profiles of log mean income and log Gini coefficients in
the SCF+ data. The period effect 1995 and cohort effect 1945 are normalized to zero. The
period fixed effects for the years 1974, 1980, and 1986 are linearly interpolated.
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error term for the log mean income and the log Gini coefficient.19

II.3 An aggregation methodology for the Gini coefficient

To study the evolution of income inequality at the population level, we need to aggre-

gate the predicted subgroup means and Gini coefficients into a population-level Gini

coefficient. Unfortunately, the Gini coefficient is not an aggregative inequality measure.

That is, knowing the mean, Gini coefficient, and the population share of each subgroup

is not sufficient to reconstruct the population-level Gini coefficient (Bourguignon, 1979).

To overcome this issue, we propose a method to map the moments of subgroup dis-

tributions into the population-level Gini coefficient. The idea is to fit a parametric

distribution for each set of subgroup moments and aggregate these distributions to

generate a population-level income distribution.

We follow the principle of maximum entropy20 by Jaynes (1957) and assume that

income distributions at the subgroup level follow the parametric distribution that max-

imizes entropy subject to being supported on the positive real line and having given

mean and Gini coefficient. This distribution was derived by Eliazar and Sokolov (2010),

and we refer to it as the maximum entropy distribution (ME).21

The cumulative distribution function (CDF) of the ME distribution is given by

FME(y;σ, ρ) = 1− 1

σ exp(ρy) + (1− σ)
for y ≥ 0, (10)

where the parameters σ and ρ are related to the mean income, µ, and the income Gini

19To convert predicted logarithms into levels, we take into account that the expected value is ap-

proximately given by exp
(
λ+ σ2

2

)
, where λ is the predicted value of the logarithm and σ2 is the

variance of the expected value of the logarithm, which corresponds to the variance of the error term
in the age-period-cohort model. This approximation is exact if the error term is normally distributed.

20The principle of maximum entropy states that “in making inferences on the basis of partial in-
formation we must use that probability distribution that has maximum entropy subject to whatever
is known.” Entropy is defined as −E log (p(xi)), where p(xi) is the probability/density of outcome
xi. Intuitively, entropy is the expected value of uncertainty in a random variable’s outcomes or the
average level of information gained from observing the variable’s outcomes. By using a maximum
entropy distribution to model within-cohort income distributions, we make the least amount of ad-
ditional assumptions on the shape of the income distribution after imposing the mean and the Gini
coefficient.

21This is a slight abuse of language as the distribution we use here is a particular member of the
class of maximum entropy distributions. In appendix H, we use lognormal and gamma as alternative
distributions, which are also maximum entropy distributions but for different information constraints.
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coefficient, g, as follows:

µ =
log σ

(σ − 1)ρ
(11)

g = 1 +
1

σ − 1
− 1

log σ
. (12)

Since the expressions for µ and g are invertible for µ > 0 and 0 < g < 1, we can write

the subgroup CDF as a function of the subgroup moments,

Fa,p,c,e(y) = FME(y;µa,p,c,e, ga,p,c,e). (13)

After fitting all income distributions at the subgroup level using the observed sub-

group means and Gini coefficients, we construct the population-level income distribution

as a weighted sum of the subgroup CDFs:

Φp(y) =
∑
a,e

sa,p,c,eFa,p,c,e(y), (14)

where sa,p,c,e is population share of age-cohort-education group (a, c, e) in period p. The

population-level Gini coefficient can then be computed as

Gp = 1− 1

µp

∫ ∞
0

(
1− Φp(y)

)2
dy, (15)

where µp is the population-level mean income in period p.

To test our aggregation methodology, we compute the population-level income Gini

coefficient for each survey year by applying our aggregation method to the observed

subgroup moments and compare it with the population-level Gini coefficient computed

directly from the data. Figure 6 depicts the results of this comparison. The solid black

line shows the aggregated Gini coefficients, while the blue stars depict the population-

level Gini coefficients computed directly from survey data. The aggregated Gini co-

efficients follow closely the path of the true Gini coefficients for both the CPS and

SCF+ data. This observation lends confidence that our aggregation method is able to

aggregate the Gini coefficients with only a limited loss of information.

To construct our main counterfactuals, we apply this aggregation methodology to

the counterfactual subgroup moments and predicted population shares. Counterfactual

subgroup moments are constructed as in equations (8) and (9). Similarly, we construct
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Figure 6: Aggregated Gini coefficients using ME distribution.

predicted population shares as

s̃a,p′,c,e =

φa,p′ ψc if c < c̄0

φa,p′ ψc̄0 if c ≥ c̄0,
(16)

where φa,p denotes the population share of age group a in year p, which is either observed

in the survey data or taken from the census forecasts; ψc is the college share of cohort

c, which is assumed to be constant after age 26; and c̄0 is the youngest cohort present

in the base year.

III Results

III.1 The role of demographic change in the past

Figure 7 shows how demographic change in the past has affected the evolution of income

inequality. We show the results for both the CPS and the SCF+ data for purposes of

comparison. The blue stars show the actual evolution of income inequality in the

survey data. The solid black line shows the aggregated Gini coefficients, using the
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Figure 7: Counterfactual evolution of income inequality in the past. The blue stars show
the observed evolution of income inequality. The dashed lines starting from different base
years show the evolution of income inequality driven by demographic change.

predicted values from the age-period-cohort model.22 Starting from each possible base

year, a dashed gray line plots how income inequality would have evolved if demographic

change unfolded as it actually did but the economic environment was held fixed in the

base year.23

We find that demographic change had an important effect on the evolution of income

inequality in the past. Moreover, it turns out that demographic change has become more

important over time. In particular, we find that demographic change has little effect

on income inequality if the economic environment is held fixed in the 1950s, 1960s, or

1970s. The counterfactual trajectories of income inequality for these base years show

a slight decrease and then recover back to the initial level. However, the slopes of

the counterfactual trajectories are steeper for more recent base years. For example, if

22In contrast to figure 6, differences between our aggregated time series and the observed population-
level Gini coefficients now stem from two sources. First, as in figure 6, using parametric income
distributions introduces error if incomes at the subgroup level do not exactly follow the assumed
parametric distribution. Second, using predicted values from our age-period-cohort models to fit the
parametric distributions introduces additional error if the estimated model does not explain all the
variation in the data. Overall, we match the shape of the time series well, and the differences between
the aggregated and the observed population-level Gini coefficients are small.

23To compute the counterfactual evolution starting from base years 1974, 1980, and 1986, for which
we do not have survey waves in the SCF+ data, we linearly interpolate the period fixed effects and
the population share of each age-by-education group.
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the economic environment is held fixed after the mid-1990s, then our counterfactuals

not only show an increase in the income Gini coefficient, but demographic change can

actually account for the entire observed increase in income inequality. These results are

consistent across both data sets.

How much of the actual increase in the income Gini coefficient can be accounted

for by demographic change depends on the normalization of the linear age, period, and

cohort trends. A stronger positive cohort trend, which also implies a stronger positive

trend in age effects, increases the effect of both cohort replacement and population

aging on income inequality. However, as we show in appendix D, a large share of

the observed increase in income inequality since the 1990s can be accounted for by

demographic change even if we assume no trend in the cohort profile and we instead

allow the period effects to exhibit a strong positive trend. A potential concern is

that even a “no cohort trend” normalization is not conservative enough and that the

true linear trend in cohort effects is negative. To address this concern, we assess the

plausibility of a positive cohort trend in section III.4 using additional data for selected

birth cohorts from the NLSY surveys. We show that these data support the estimated

cohort effects under our baseline normalization.

In figure 7, we use age, period, and cohort effects that are estimated on the full

sample. As an additional exercise, we compute vintage predictions in appendix E, in

which for each base year, we only use data up until that year. We obtain similar results,

especially for the SCF+ data for which the vintage predictions are almost identical to

the past counterfactuals depicted in figure 7.

In our main analysis we measure aggregate inequality using the Gini coefficient.

However, the Gini coefficient does not capture all changes in the distribution of house-

hold income. It is therefore important to know whether our main findings also apply to

other inequality measures. In appendix F, we study the effect of demographic change

on the evolution of the share of income received by households in the top five percentiles

and find similar results.

III.2 The role of demographic change in the future

The important role of past demographic change, especially in the most recent decades,

raises the question whether demographic change will further increase income inequality

in the future. To address this question, we choose the latest survey wave as the base

year and plot the evolution of income inequality under predicted demographic change

until the year 2060 in figure 8. We plot the evolution of the Gini coefficient in the future
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Figure 8: Counterfactual evolution of income inequality in the future.

under three different normalizations, depicted as dashed lines.

We find that demographic change will lead to an increase in income inequality over

the next four decades. This is the case in both the CPS as well as the SCF+ data,

irrespective of whether we attribute trends to cohort effects or period effects; however,

the increase is more dramatic in the former case. The difference between the three

specifications is due to two interlinked factors. First, assuming no period trend in

income Gini coefficient in the past implies a stronger positive cohort trend. Thus,

cohort replacement will put a stronger upward pressure on overall income inequality.

Second, the estimated age profile of within-cohort income Gini coefficient is steeper

if we assume no period trends, which implies that projected population aging has a

greater effect on income inequality.

III.3 Decomposing the effects of demographic change

We have shown above that demographic change has mattered for the evolution of in-

come inequality in the recent past and will likely further increase income inequality

in the future. These results, however, do not reveal whether projected demographic

change will increase income inequality predominantly through the effect of population

aging or that of cohort replacement. To investigate the respective contributions of these

two channels, we construct additional counterfactuals by shutting down either the pop-
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ulation aging or the cohort replacement channel. These counterfactuals are computed

under the baseline normalization where we assume equal trends in period and cohort

effects in both log mean income and log Gini coefficient.

To isolate the effect of cohort replacement, we fix the marginal age distribution of

the population. In particular, for each target year p′, we construct the counterfactual

population-level CDF as

Φ̃p′(y) =
∑
a,e

s̃a,p′,c,eF̃a,p′,c,e(y), (17)

where counterfactual income distributions, F̃a,p′,c,e(y), are constructed as before, and

population shares, s̃a,p′,c,e, are constructed as

s̃a,p′,c,e =

φa,p̄ ψc if c < c̄0

φa,p̄ ψc̄0 if c ≥ c̄0,
(18)

where φa,p̄ is the population share of age group a in the base year p̄, and ψc is the

college share of cohort c.

To isolate the effect of population aging, we remove all cohort differences and allow

only population shares of different age groups to change. In particular, we first equalize

college shares across birth cohorts by setting the college share in each cohort equal to

the aggregate college share in the base year. We then equalize cohort effects by setting

cohort effects equal to a common cohort effect, κ̄p̄,e, in each education group e. The

common cohort effects are chosen such that the predicted aggregate Gini coefficient in

the base year remains unchanged. We thus set means and Gini coefficients as

µ̃a,p′,e = exp

(
θµe + αµea+ πµe p̄+ α̌µa,e + π̌µp̄,e + κ̄p̄,e +

σ2
e,µ

2

)
(19)

g̃a,p′,e = exp

(
θge + αgea+ πge p̄+ α̌ga,e + π̌gp̄,e + κ̄p̄,e +

σ2
e,g

2

)
(20)

and form subgroup CDFs by plugging these moments into equation (13). Finally, we

construct the population-level CDF as

Φ̃p′(y) =
∑
a,e

s̃a,p′,eF̃a,p′,e(y), (21)
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where s̃a,p′,e is constructed as

s̃a,p′,e = φa,p ψp̄, (22)

where φa,p is the population share of age group a in year p and ψp̄ is the college share

in the population in the base year p̄.

Figure 9 plots the future evolution of income inequality under these counterfactu-

als. The dashed line shows the full effect of demographic change under the baseline

normalization. The two dotted lines show the isolated effects of population aging and

cohort replacement. The main observation from this figure is that cohort replacement is

driving most of the increase in income inequality in the future, while population aging

has a small positive effect.

The finding that population aging will hardly affect income inequality in the future

raises the question of whether this lack of effect was also the case in the past. In

figure 10, we compare the increase in income inequality over different 21-year periods

in our baseline counterfactual to the obtained increase if we shut down either the cohort

replacement or the population aging channel.

We find that population aging increased income inequality in the 1950s and in the

time period after 1980. The effect of population aging peaked in the 21-year period

starting around the year 2000, when it explained about one-third of the full effect

of demographic change.24 We can also see that the effect of population aging has

returned to almost zero by the time period starting with the latest survey wave, which

is consistent with the findings in figure 9. Overall, cohort replacement accounts for

most of the increase in income inequality driven by demographic change.

III.4 Normalizing the cohort trends using NLSY data

In our main analyses, we estimate cohort effects in income inequality using an age-

period-cohort model. We interpret the estimated cohort effects as summary statistics

for all cohort-level differences in income-relevant characteristics. In the absence of

detailed data on the changing characteristics of birth cohorts throughout the 20th

century, our approach offers a viable strategy for studying how population aging and

cohort replacement are affecting the evolution of income inequality. However, the results

24As the aggregation of age, period, and cohort effects into a population-level Gini coefficient is
highly nonlinear, the individual effects of population aging and cohort replacement need not sum up
exactly to the full effect of demographic change in our counterfactual. In practice, however, we find
that the sum of the effects of the individual channels is not too far from the full effect of demographic
change.

28



1960 1980 2000 2020 2040 2060

year

0.34

0.36

0.38

0.4

0.42

0.44

0.46

0.48

0.5

0.52

0.54
G

in
i c

oe
ffi

ci
en

t
Observed Gini
Aggregated Gini
Both channels
Only cohort replacement
Only aging

(a) CPS

1960 1980 2000 2020 2040 2060

year

0.36

0.38

0.4

0.42

0.44

0.46

0.48

0.5

0.52

0.54

G
in

i c
oe

ffi
ci

en
t

Observed Gini
Aggregated Gini
Both channels
Only cohort replacement
Only aging

(b) SCF+

Figure 9: Decomposition of the effect of demographic change in the future.

rely on a normalization of the linear trends in the age-, period-, and cohort profiles,

and while we have argued for the reasonableness of the chosen normalization, we have

so far relied on theoretical rather than empirical arguments.

In this section, we use rich data on the birth cohorts 1957-1961 and 1980-1984 from

the National Longitudinal Surveys of Youth (NLSY) to confirm that recent birth cohorts

are more unequal and to derive a normalization for the cohort trend that is based on

observed cohort-level differences. Using the methodology developed in DiNardo et al.

(1996), we study how inequality among the NLSY79 cohorts (those born between 1957-

1961) changes if we impose on them the distribution of characteristics of the NLSY97

cohorts (those born between 1980-1984). Specifically, we adjust the distributions of

birthplace (US versus abroad), parental education, marital status, spousal education,

as well as education and race, both interacted with cognitive test scores. Note that

adjusting the joint distribution of education and cognitive test scores accounts for trends

in selection into education. We run this analysis separately for college-educated and

non-college-educated respondents to conform with our age-period-cohort-model.

Table 2 reports the results. We find an increase of 0.08 and 0.12 in the log Gini

coefficient for college-educated and non-college-educated households, respectively. Since

these differences in the Gini coefficient reflect cohort-level differences in characteristics

that should be stable after early adulthood, they correspond to the differences in cohort

effects between the two cohorts. For comparison, the age-period-cohort model under the
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Figure 10: Decomposition of the effect of demographic change in the past and future.

baseline normalization estimates these differences to be 0.12 and 0.14 in the CPS data,

and 0.08 and 0.10 in the SCF+ data. Thus, the results from this analysis corroborate

our finding that more recent birth cohorts have distributions of characteristics that

induce higher inequality in household income compared to earlier cohorts. Moreover, the

estimated cohort differences using detailed NLSY data are also quantitatively similar to

what we estimate with the age-period-cohort model under our preferred normalization.

In appendix G, we use the results derived on the NLSY data to derive a normal-

ization for the linear trends in the age-period-cohort model. We derive the effects of

demographic change under this new normalization and show that they are very similar

to our main results.

college non-college

NLSY 0.08 0.12
APC-model (CPS, baseline) 0.12 0.14
APC-model (SCF+, baseline) 0.08 0.10

Table 2: Difference in the cohort effects of cohorts 1959 and 1981 in the NLSY data and in
the estimated age-period-cohort model.
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IV A re-weighting analysis

Our findings suggest a more important role for demographic change in explaining the

evolution of household income inequality than generally found in the literature (e.g.,

Kuhn et al. (2020)). Previous studies of compositional effects typically rely on using

a re-weighting method following DiNardo et al. (1996), and explicitly account for dif-

ferences in only a limited number of characteristics. For comparison, we re-implement

our thought experiment using a re-weighting method. In this exercise, we account for

changes in terms of the age structure and educational attainment of the US population.

These are the most common characteristics used in studies of compositional effects on

inequality (e.g., see Lemieux (2006), Kuhn et al. (2020), Hoffmann et al. (2020)), and we

observe these characteristics in both surveys. Moreover, educational attainment is fairly

constant after age 26 which simplifies the implementation of the thought experiment.

Let FY X,p be the CDF for the joint distribution of income Y and characteristics

X in year p, and let FX,p be the CDF for the marginal distribution of characteristics

X in year p. Given a pair of base year p̄ and target year p′ with p′ > p̄, our goal

is to compute a counterfactual income distribution for the target year, F̃Y X,p̄,p′ , by

fixing the conditional distribution of income in the base year, FY |X,p̄, and implementing

a distribution of characteristics, F̃X,p′ , as implied by our thought experiment. This

counterfactual income distribution can be obtained under the re-weighting approach by

suitably re-weighting the cross-sectional data in the base year. In our implementation,

the characteristics X include age and a dummy for college education.

We construct two sets of re-weighting factors. The first set of factors re-weight the

data in the base year to match the marginal distribution of age in the target year. The

second set of re-weighting factors adjusts the share of college-educated household heads

in each age group to account for the fact that any given age corresponds to a more

recent birth cohort in the target year compared with the base year. For birth cohorts

older than 26 in the base year, we assume that their college share remains fixed. For

birth cohorts that turn 26 only after the base year, we assume that they have the same

college share as the youngest cohort in the base year.

For each pair of base and target year (p̄, p′), the first set of age-specific re-weighting

factors, φp̄,p′(a), is given by the ratio of the marginal density of age in the target year

to the density in the base year:

φp̄,p′(a) =
dFA,p′(a)

dFA,p̄(a)
. (23)
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Using the fact that birth cohort equals year minus age, the second set of age and

education-specific re-weighting factors, ψp̄,p′(a, e), can be written as

ψp̄,p′(a, e) =


dFE|A,p̄(e|a−(p′−p̄))

dFE|A,p̄(e|a)
for a ≥ a0 + p′ − p̄

dFE|A,p̄(e|a0)

dFE|A,p̄(e|a)
for a < a0 + p′ − p̄

(24)

where FE|A,p̄(e|a) denotes the conditional distribution of education, E, given age, A, in

the base year, p̄, and a0 is set to 26. Since age and education take discrete values in

our data sets, we can use relative frequencies as estimators for densities.25

We can study the compositional effects of demographic change by multiplying the

sample weight of each observation in the base year by the product of the two re-

weighting factors, which results in the desired counterfactual distribution of income for

the target year. In particular, we can compute the counterfactual Gini coefficient G̃p̄,p′

as

G̃p̄,p′ =

∑N p̄

i

∑N p̄

j=i+1wiwj|yi − yj|∑N p̄

i wi
∑N p̄

i wiyi
, (25)

where (yi)
N p̄

i=1 is the vector of income observations from the base year p̄, and wi =

ωiφp̄,p′(ai)ψp̄,p′(ai, ei), where ωi is the sample weight for observation i in the base year.

Because we only change the weights and not the underlying observations in the

base year, the income distributions within population subgroups are held fixed and the

overall income Gini coefficient can only change as a result of changing shares of different

subgroups. Hence, as long as cohort differences in income distributions are captured

by age and education of the household head, this exercise corresponds to the thought

experiment of fixing the economic environment in its state in the base year and only

allowing the compositional effects of demographic change to shape income inequality

in the subsequent years.

In figure 11, we plot the actual evolution of the income Gini coefficient together

with counterfactual evolutions for different base years. The blue stars again show the

observed evolution of income inequality in the survey data. The dashed lines starting

from different base years show the evolution of income inequality driven by demographic

change. In contrast to our main results, the re-weighting analysis suggests that demo-

graphic change has contributed little to the observed increase in income inequality.

25DiNardo et al. (1996) suggest estimating densities using a regression analysis and Bayes theorem.
Their approach is equivalent to ours when densities are estimated using a fully saturated model.
Estimating a fully saturated model is feasible in our context because the common support assumption
holds.
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Figure 11: The effect of demographic change as suggested by the re-weighting analysis. The
blue stars show the observed evolution of income inequality. The dashed lines starting from
different base years show the evolution of income inequality driven by demographic change.
The dashed red lines highlight the counterfactuals following the most recent survey wave in
each data set.

IV.1 Shortcomings of the re-weighting analysis

The re-weighting method gets the effect of demographic change right only if the con-

ditional distribution of unobserved characteristics does not change over time. This is

typically called the ignorability or conditional independence assumption (Fortin et al.,

2011). In our case, this means that all characteristics that affect a cohort’s income

distribution must be summarized by that cohort’s share of college-educated household

heads. This is unlikely to be true. To the extent that subgroup income distributions

evolve according to the age-period-cohort model in section II.1, the estimated cohort

profiles clearly show that differences in age and educational attainment alone cannot

satisfactorily explain cohort-level differences in income distributions.

To complicate matters, population aging requires the researcher to increase the

weights on older households in order to match the evolution of the population age

structure. However, increasing the weight on older households is problematic because

older individuals in any given cross-section belong to earlier birth cohorts. Any attempt

to match the evolution of the age structure therefore implies up-weighting households

33



whose unobserved characteristics are furthest from those of the typical household in

the target year. Hence, the re-weighting analysis fails to capture the effect of cohort

replacement and confounds the effect population aging.26

V Conclusion

In this paper, we study how demographic change affects the evolution of household

income inequality in the United States. We consider a thought experiment in which the

economic environment is held fixed but demographic change is allowed to take place.

In this thought experiment, demographic change affects inequality not only because

population aging increases the share of older households, but also because older birth

cohorts are gradually replaced by younger birth cohorts that have different distributions

of income-relevant characteristics. Moreover, we use the thought experiment to study

how projected demographic change will affect inequality in the near future.

The main contributions of this paper are to highlight the importance of cohort

differences and to implement a parametric methodology that can account for both pop-

ulation aging and cohort replacement. We model the evolution of subgroup income

distributions by an additive age-period-cohort model, which allows us to account for

cohort differences in both observed and unobserved characteristics. Using household

income data for the United States, we estimate life-cycle profiles and cohort differences

in mean incomes and income Gini coefficients. We document important cohort dif-

ferences in income distributions that are not accounted for by differences in age and

educational attainment. We then use the estimated age and cohort effects to predict

how the moments of subgroup income distributions evolve under demographic change

when the economic environment is held fixed. Finally, we use these counterfactual mo-

ments, together with predicted population shares, to study the effect of demographic

change on aggregate inequality.

We find that demographic change plays an important role in the evolution of house-

hold income inequality in the United States—both in the past and in the future. We

argue that the compositional effects of demographic change can account for all of the

increase in income inequality over the past two decades. Moreover, we predict that de-

mographic change will further increase inequality in the near future, with our estimates

suggesting an increase in the income Gini coefficient of between one and six percentage

26Interestingly, the literature on adjusting Gini coefficients for differences in age structures following
Paglin (1975) often ignores that income distributions can depend on birth cohorts, and therefore, it
derives age-adjusted Gini coefficients that are also confounded by cohort effects.
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points by the year 2040.

To derive these results, we impose a number of restrictions on the data. First, we

assume additively separable age, period, and cohort profiles for the logarithms of mean

income and the income Gini coefficient at the level of the demographic subgroup. In the

main text, we discuss a simple income process that gives rise to additive age, period,

and cohort effects for these moments. Second, we restrict linear trends in period and

cohort effects to be weakly positive. We show that detailed information on income-

relevant characteristics of selected cohorts is consistent with this assumption. Finally,

our thought experiment abstracts from general equilibrium effects and is therefore a

simple counterfactual treatment (Fortin et al., 2011).

An important insight from this paper is that changes in aggregate inequality are not

always indicative of contemporaneous changes in the economic environment. Instead,

changes in aggregate inequality can result from the gradual replacement of older cohorts

whose characteristics were shaped several decades earlier. In the case of the United

States, we argue that cohorts born in the second half of the 20th century have become

progressively more unequal in their income-relevant characteristics, which in turn affects

the evolution of aggregate income inequality in the first half of the 21st century.
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Appendix

A Age, period, and cohort profiles under different

normalizations

Figures 12 to 15 show the estimated age, period, cohort profiles under alternative

normalizations suggested by Lagakos et al. (2018). The green lines show the profiles

under no trend in period effects normalization, the red line shows the profiles under no

cohort trend normalization and the blue line shows the profiles under the intermediate

case of assuming equal trends in period and cohort profiles. Hence, the profiles plotted

in blue correspond to those shown in section II.1.4.
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Figure 12: Age-, period-, and cohort profiles of log mean income and income Gini coefficients
for households with non-college educated household head in the CPS data under different nor-
malizations for the linear trends. The period effect 1995 and cohort effect 1945 are normalized
to zero.
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Figure 13: Age-, period-, and cohort profiles of log mean income and log Gini coefficients
for households with college educated household head in the CPS data under different normal-
izations for the linear trends. The period effect 1995 and cohort effect 1945 are normalized
to zero.
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Figure 14: Age-, period-, and cohort profiles of log mean income and log Gini coefficients for
households with non-college educated household head in the SCF+ data under different nor-
malizations for the linear trends. The period effect 1995 and cohort effect 1945 are normalized
to zero.
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Figure 15: Age-, period-, and cohort profiles of log mean income and log Gini coefficients for
households with college educated household head in the SCF+ data under different normal-
izations for the linear trends. The period effect 1995 and cohort effect 1945 are normalized
to zero.
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B Robustness of estimation results from age-period-

cohort model

We estimate our age-period-cohort model on a balanced sample in age and survey waves.

As a consequence, only a fraction of birth cohorts are observed at all ages, while most

cohorts are observed when they are either relatively young or relatively old. It also

means that for some cohorts we have much fewer observations that for others. One

may thus be concerned that this panel structure affects our estimation results. For

example, if the age profile of income inequality differed across decades, the age-period-

cohort model would partially attribute the induced variation to cohort effects. In this

case, estimating the age-period-cohort models on different sub-periods would result in

different age and cohort profiles.

We address this concern by re-estimating the age-period-cohort model on different

restricted time windows and by comparing the resulting age and cohort profiles. Reas-

suringly, we find that profiles estimated on restricted samples are similar to the profiles

estimated on the full sample. In figures 16, 17, 18, and 19, we plot the age and cohort

profiles from estimating the age-period-cohort model on different sub-periods consisting

of 10 consecutive waves in the CPS and of 5 consecutive waves in the SCF+ data. For

each sub-period, we re-estimate all parameters of the model such that the age and co-

hort profiles can take different shapes. In each case, we normalize the trend in the age

profile to be equal to the trend estimated in the full sample under the normalization of

equal cohort and period trends. This normalization, however, does not force the linear

slopes of the period and cohort profiles in the models estimated on the sub samples

to be identical to the ones in the full model, nor does it constrain the nonlinear age,

period, and cohort effects. Reassuringly, we find that the overall shapes of the age and

cohort profiles do not depend on the sub-period used to estimate the age-period-cohort

model.
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Figure 16: CPS, Non-college
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C Fit of the age-period-cohort model
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(a) Age profiles for selected birth cohorts
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(b) Time trends for selected age groups

Figure 20: Gini coefficients for households with a college-educated household head (CPS
data). The solid lines show the fit of the age-period-cohort model.
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(b) Time trends for selected age groups

Figure 21: Mean incomes for households without a college-educated household head (CPS
data). The solid lines show the fit of the age-period-cohort model.
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(a) Age profiles for selected birth cohorts
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(b) Time trends for selected age groups

Figure 22: Mean incomes for households with a college-educated household head (CPS
data). The solid lines show the fit of the age-period-cohort model.

D The role of demographic change in the past un-

der alternative normalizations

In figure 7 in the main text, we show that under our baseline normalization demographic

change explains a large share of the observed increase in income inequality in the past

– especially since the 1990s. How much of the actual increase in the income Gini

coefficient following a given base year can be accounted for by demographic change

depends on the normalization of the linear age, period, and cohort trends. In figure 23

we plot the actual increase in the income Gini over an 21 year period following each

base year together with the increase in the counterfactuals over the same time period.

We again see that the role of demographic change has become more important starting

in the 1970s. The role of demographic change is always stronger if we assume that there

are no period trends in income inequality over the sample period and the cohort profile

is therefore estimated to have a positive trend. Nevertheless, we find that a large share

of the observed increase in income inequality since the 1990s can be accounted for by

demographic change even if we impose that there is no linear trend in cohort effects

and we instead allow the period effects to exhibit a strong positive linear trend.
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Figure 23: Increase in income Gini driven by demographic change over periods of 21 years.

E Vintage predictions

In the baseline counterfactuals, we use age, period, and cohort effects that are estimated

on the full sample. In particular, even when we consider a base year in the past, we

estimate the relevant cohort fixed effects from all available years in our data set –

including all years after the base year. If the age-period-cohort model describes the

data generating process well, this approach is innocent and will increase precision while

not biasing the estimates. In appendix B we show that estimating the age-period-cohort

model on restricted sub-periods does not appear to affect the estimated nonlinear cohort

effects by much.

The baseline counterfactuals do not, however, necessarily correspond to the pre-

dictions that we would have made, had we written the paper in the respective base

year. Besides the fact that we would not have obtained exactly the same estimates,

the normalization of the linear trends also depends on the time period covered in the

data. In figure 24, we recompute figure 7 from the main text with the exception that

for each base year, we now we only use data up until that year to estimate the age,

period, and cohort effects that we use for the predictions. Moreover, for each base

year, we force the linear trends in period and cohort profiles to be of equal size. This

exercise corresponds to computing vintage predictions, which show the predictions that

we would have made, had we written the paper in the respective base year.

Panel (b), which shows the vintage predictions for the SCF+ data, looks remarkably
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similar to the corresponding panel in figure 7 in the main text. While we would not

have predicted any increase in income inequality due to demographic change had we

written the paper in the early 1970s, we would have predicted a steep increase had we

written the paper in the early 1990s. In fact, as we find in figure 7 in the main text, the

predicted increase in income inequality since the 1990s accounts for all of the observed

increase since then.

The findings are somewhat different for the CPS data. While we also would have

predicted all of the observed increase in income inequality had we written the paper in

the 1990s, we find that we would have predicted a significant increase even if we had

written the paper in the early 1970s. This stands in contrast to the findings in the main

text and the vintage predictions derived from the SCF+ data. This discrepancy stems

from the normalization of the linear trends.

Because the SCF+ data covers a longer time period that includes the 1950s and

1960s during which income inequality did not increase, the linear trends in period

and cohort profiles are comparatively small and the choice of normalization matters

little. Hence, restricting the data set by dropping later years hardly affects how we

normalize the linear trends. The CPS data on the other hand covers a time period

throughout which income inequality has increased and the linear trends in period and

cohort profiles, which we force to be equal, are therefore steeper. Moreover, we estimate

the profile of period effects to be steeper at the beginning of the sample period relative to

the end. Hence, restricting the data set by dropping later years combined with the equal

trends assumption results in steeper cohort profiles for earlier base years. Consequently,

demographic change drives up income inequality more strongly for earlier base years.
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(b) SCF+ data

Figure 24: Vintage predictions

F The effect of demographic change on the top five

percent income share

In our main analyses in section III we measure aggregate inequality using the Gini coef-

ficient. However, there is increased attention on the evolution of top income shares. It

is therefore important to know whether our main findings also apply to these inequality

measures. In this appendix, we study the effect of demographic change on the evolution

of the share of income received by households in the top five percentiles. We conduct

this analysis using the SCF+ data without dropping the top 1 percent of households.

This is feasible because the SCF+ data is not topcoded.

To derive the evolution of the top 5 percent income share in the thought experiment,

we follow the same steps as discussed in section II. That is, we construct counterfactual

mean incomes and Gini coefficients for population subgroups using the same estimated

age, period, cohort effects as in the main analysis. To derive the aggregate income

distribution, however, we use a different parametric distribution to model subgroup in-

come distributions. We do this because the maximum entropy distribution introduced

in section II.3 has a thinner right tail than observed income distributions. As a conse-

quence, if we use the same parametric distribution as in section II.3, we underestimate

the top 5 percent income share in the aggregate income distribution as can be seen in

figure 25.
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Figure 25: Aggregated top 5 percent income shares using maximum Shannon entropy dis-
tribution.

To match the top five percent income share in the aggregate income distribution,

we change the notion of entropy from the standard Shannon entropy to Tsallis entropy,

which is a generalization of Shannon entropy.27 Maximum Tsallis entropy distributions

have been used in applied sciences to model phenomena that follow a power law. We

model the subgroup income distributions with the parametric distribution that maxi-

mizes Tsallis entropy for given mean and Gini coefficient.28 This distribution has a free

parameter, q, which governs the thickness of the tail. We find that with q = 0.67, we

are able to match the top five percent income share in the aggregate income distribution

quite well.

In figure 26, we show the evolution of the top five percent income share in our

thought experiment under the baseline normalization of equal trends in period and

cohort effects. The blue stars show the evolution of the top 5% income share in the

SCF+ data, and the solid black line shows the evolution of the top 5% income share in

the aggregate distribution derived from the predicted values of the age-period-cohort

model. The dashed lines show the evolution of the top 5% income share in our thought

experiment corresponding to different base years. Our findings for the top 5% income

share are in line with our findings for the Gini coefficient in section III. Demographic

27Tsallis entropy is defined as HT (f) = 1
q−1
( ∫∞
−∞ fq(x)dx

)
, where f is a density function and q

is a parameter. In the limit q → 1, this definition coincides with the standard Shannon entropy,
H(f) = −

∫∞
∞ f(x) ln f(x)dx.

28This distribution is solved for in Preda et al. (2015).
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Figure 26: The evolution of top 5 percent income share as driven by demographic change
in the thought experiment using SCF+ data.

change has little effect on income inequality if we fix the economic environment to a

base year in the 1950s, 1960s, or the 1970s. If we fix the economic environment to a

base year in the mid-1990s, however, we find that demographic change can account for

most of the observed increase in top 5% income share since then.

G Normalizing the cohort trends using NLSY data

In this section, we use the results in table 2 to derive a new normalization for the

linear trends in the age-period-cohort model. That is, we choose a linear trend for the

cohort effects that, together with the estimated nonlinear cohort effects, produces the

differences of 0.08 for college-educated households and 0.12 for non-college-educated

households in the log Gini coefficients between cohorts 1959 and 1982. The idea is that

if we know the difference in cohort effects between two cohorts, then we can back out

the value for the linear trend in the cohort profile. And knowing the trend in the cohort

profile allows us to estimate the linear trends in age and period profiles. We derive our

main results under this new normalization and depict them in figures 27 and 28. The

qualitative results remain the same while quantitatively the results are between those

derived under the baseline normalization and the no cohort trend normalization.
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Figure 27: The effect of demographic change on income inequality in the past under the
normalization derived from the NLSY data.

H Aggregation of Gini coefficients with Maximum

Entropy distribution

Figure 6 in the main text shows that we can match the population-level Gini coeffi-

cients extremely well by using a parametric distribution to describe subgroup income

distributions. We choose the distribution that is supported on the positive real line

and maximizes entropy given our estimated moments, mean income and income Gini

coefficient. Here, we consider lognormal and gamma distributions as alternative two-

parameter distributions to describe incomes at the subgroup level and compare them

to the distribution used in the main text.

The lognormal and the gamma distributions are maximum entropy distributions

for given mean and variance of log income, and mean income and mean logarithmic

deviation of income, respectively. Figure 29 shows that using these alternative income

distributions and targeting their respective characterizing moments at the subgroup

level results in a worse fit for the population-level Gini coefficient.
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Figure 28: The effect of demographic change on income inequality in the future under the
normalization derived from the NLSY data.
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Figure 29: Aggregated income Gini coefficients using different parametric distributions.
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