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As the populations of developed countries become older than ever before, a persistent 

question has been what impact will this unprecedented demographic change have on economic 

growth and living standards? While demographic change is relatively easy to forecast because of 

its predetermined nature, it is more difficult to account for the ensuing economic adjustments 

that may dampen or amplify the effects of demographic change. This paper presents new 

empirical estimates of the realized effects of population aging on U.S. economic performance 

during 1980-2010 using state-level variation in predetermined demographic shifts as 

instrumental variables.  

Our analysis begins with the observation that population aging has been playing out over 

recent decades with varying degrees of intensity throughout the country. For example, between 

1980 and 1990, there was fast growth (above 15%) in the older (ages 60 and older) population 

share in most Western states and in the Rust Belt, while at the same time 15 states, including 

California, Texas, New York, and Florida, experienced reductions in the older population share. 

Between 1990 and 2000, all but 12 states experienced a decline in the older population share as 

the large Baby Boom birth cohort passed through prime age. Then, between 2000 and 2010 

population aging accelerated in most states – 20 states experienced growth in the older 

population share of 15% or greater, including the northern Pacific and Mountain states, and 

nearly all the South Atlantic states.  

Despite this wide variation across states and over time, simply comparing the economic 

outcomes of states that experienced fast versus slow population aging would likely generate 

biased estimates of the effects of population aging. This is because economic growth in a state 

can affect its age structure by influencing age-specific migration and mortality. For example, a 

negative trade shock disproportionately affecting one state could induce both a slowdown in 

economic growth and differential migration of younger workers to other states, making it appear 

as if population aging leads to slower economic growth when the reverse is true. This potential 

reverse causality makes it unlikely that the observed association between economic growth and 

population aging at the state level represents the causal impact of population aging.  

Nevertheless, some of the observed variation in population aging across states was in fact 

determined many years prior; this historical age structure shaped the relative sizes of age cohorts 

far into the future. Under certain conditions, this predetermined component can be used as an 

instrumental variable for the realized aging experienced by a state many years later, thus 
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enabling estimation of the causal effect of population aging on economic growth and its 

components. The key identifying assumption is that a state’s past age structure affects its future 

changes in economic outcomes only by affecting its subsequently realized age structure. To 

satisfy the exclusion restriction, the past age structure instrument must be sufficiently 

predetermined so that it is not itself a function of long-run trends predictive of future economic 

growth. To address this requirement, we take the “initial” age structure in each state—

alternatively measured 10, 20, 30, and 40 years prior to the outcome year—and apply national 

cohort survival ratios to predict the older population share in each state in the baseline outcome 

year. Moreover, we study decadal changes in aging and economic growth to account for the 

independent effects of prior age structure.  As the lags used to predict future population aging 

grow more distant, it becomes less and less likely that the initial age structure could have been 

influenced by the same trends driving contemporaneous economic growth in a state.  

We estimate the effect of state population aging—measured as the 10-year growth rate in 

the older population share—on decadal growth in state GDP per capita, using each of the lagged 

instruments separately. As the lags grow more distant, the strength of the instrument attenuates, 

but even so, our estimates are stable across the different lagged versions of our instrumental 

variable, indicating little influence of unobserved trends on the instrumental variables estimates. 

The estimates are also robust to many alternative specifications, including a dynamic model with 

lags of the dependent variable and conditioning on changes in other age group shares (and 

separately identifying them using the historical age structure).   

Our preferred elasticity estimates imply that 10% growth in the fraction of the population 

ages 60 and older—equivalent to a 2.4 percentage point (pp) increase in the share 60+—

decreases GDP per capita by 5.5%.  Given our focus on decadal growth, we interpret our 

estimates as evidence of the effect of population aging on medium-run economic growth. To 

understand the channels through which population aging reduces economic growth, we 

decompose GDP per capita into GDP per hours worked (which we refer to as “labor 

productivity”), employment per capita (“employment rate”), and the number of hours per worker 

(“intensive labor supply”). We regress each component of log growth in GDP per capita on 

(instrumented) growth in the log older population share to obtain a set of coefficients that sum to 

the coefficient on the older share from the regression for GDP per capita (-5.5%). The 

coefficients from this channel decomposition exercise imply that a 10% increase in the older 
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population share results in a 3.4% decrease in output per hour worked, a 1.7% decrease in 

workers per capita, and a minimal effect on intensive labor supply. Thus, two-thirds of the aging-

induced reduction in GDP per capita growth arose from a reduction in labor productivity growth, 

while one-third was due to a reduction in growth in employment per capita.  

The 3.4% reduction in labor productivity is matched by a reduction in labor 

compensation per hour worked of equivalent magnitude (-3.3%). We find reductions in wage 

growth across the age distribution, suggesting the decline in labor productivity was broad based. 

To shed light on the mechanisms behind the aging-induced decline in labor productivity, we use 

researcher-compiled data on the physical capital stock by state (available for the period 1980-

2000) and find a statistically insignificant but positive effect of population aging on growth in 

physical capital. We interpret this as suggestive evidence of a small offsetting effect of capital 

deepening.  

A limitation of our research design is that generalizability from states to nation requires a 

degree of caution, since state-based research designs deliberately avoid capturing any federal 

policy responses that accrue uniformly across states. Ramey (2011) points out that in some 

settings, state responses can be offset in aggregate by federal policy. We discuss this issue in the 

context of our setting in Section VI. At the same time, state-based research designs offer clear 

advantages over cross-national designs, which are vulnerable to bias from unobserved 

heterogeneity in national pension systems, labor market policies and cultural norms. Indeed, an 

advantage of using variation across economic units within the same country is that these effects 

are held constant (e.g., Barro and Sala-i-Martin, 1992). Importantly, our estimates incorporate all 

downstream effects of population aging that vary across states, such as aging-induced reductions 

in the business startup rate, aging-induced technology adoption, aging-induced changes in capital 

intensity, and aging-induced migration or shifts in industry composition across states. At the 

same time, our research design does not attribute to population aging confounders such as 

changes in migration, industry composition or business dynamism that arise from other factors, 

such as trade shocks, skill-biased technical change (Salgado 2020, Kozeniauskas 2017), or 

changes in tax incentives that may have encouraged firm mobility and differential migration of 

older versus younger workers. 

Our paper contributes essential evidence to the literature on the macroeconomic effects of 

changes in population age structures. This literature primarily uses cross-country research 
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designs and optimization models and has often directed attention to the effects of workforce 

aging on growth in output per worker, as opposed to the more encompassing effects of 

population aging.1 Findings from this literature have been mixed. Most studies conclude the 

relationship between aging and output is negative (e.g., Sheiner et al. 2007; Sheiner 2014; 

Gagnon et al. 2021), but another strand of literature argues the relationship could be positive due 

to labor scarcity triggering capital deepening and/or investments in automation sufficient to 

offset the downward pressures (e.g., Cutler et al. 1990; Acemoglu and Restrepo 2017). Others 

have countered that the scope for capital deepening is limited in countries like the U.S., 

especially as interest rates have reached historical lows (Börsch-Supan 2003; Eggertsson et al. 

2019).  

Our paper also contributes to a closely related literature that utilizes production functions 

and decompositions to interpret past growth in GDP per capita for the purpose of forecasting 

future growth (e.g., Gordon 2016; Fernald, 2016; Fernald and Jones 2014). This literature 

recognizes population aging as an important contributor to the slowdown in U.S. economic 

growth and offers forecasts of future growth that account for its negative effects; however, these 

analyses tend to focus on the labor force growth channel, ignoring potential effects of aging on 

labor productivity. In sharp contrast, our analysis finds population aging has had a large, 

detrimental effect on U.S. labor productivity in recent decades in addition to and larger than its 

expected slowing of employment growth. Only a handful of studies have explicitly considered 

effects on labor productivity, and their focus has been exclusively on workforce aging (Feyrer 

2007, 2008; Aiyar et al. 2016; Daniele 2020). 

Our estimates indicate that population aging has had a significant impact on the annual 

rate of economic growth in the U.S. For example, the older share increased by 16.8% in the U.S. 

between 1980 and 2010. Our elasticity estimate then implies that per capita GDP over that period 

was 9.2% lower than it would have been absent the effects of population aging. In terms of 

 
1 Other studies in the growth literature have considered the importance of the “dependency ratio” without focusing 
on population aging specifically.  Bloom, Canning, and Sevilla (2003) examine the implications of a changing age 
structure for economic growth in developing countries. Kögel (2005) measures the effect of changes in the youth 
dependency ratio on total factor productivity. More recently, Aksoy et al. (2015) model the effects of demographic 
changes on long run economic growth accounting for endogenous fertility, education and innovation. 
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annual growth, population aging reduced growth by 0.3 pp per year during our study period,2 

when the average rate of growth was 1.88 pp per year. Similar calculations suggest that 

population aging reduced growth by 1.2 pp per year for 2010-2020 and will account for an 

average loss of 0.6 pp per year between 2020-2030. 

In the next section, we describe our data and summarize the variation in population aging 

and economic growth across states between 1980 and 2010. In Section II, we present our 

instrumental variables research design. Section III shows our estimates of the effect of 

population aging on economic growth, along with a series of robustness tests. In Section IV, we 

use channel decomposition techniques to estimate which production channels are relatively more 

affected by population aging. We investigate spillover effects on younger workers in Section V. 

Section VI addresses generalizability to the national level and tests for evidence of skill 

reallocation. We conclude in Section VII with further discussion of our estimates in the context 

of the literature and report the implied magnitudes of our estimates for recent and future annual 

economic growth. 

 

I. Population Aging and Economic Growth: Data and Summary Statistics 

The U.S. population has aged nearly continuously over the last century. Figure 1 shows 

the percent of the population aged 60 and older starting in 1900 and projected through 2050. The 

only decade in which the population did not age was the 1990s when the Baby Boom passed 

through the middle of the age distribution.  The U.S. population is projected to continue aging, at 

a relatively faster rate through 2030 (due again to the Baby Boom), and at a slower rate 

thereafter. U.S. population aging today results from the sharp decline in the birth rate in the 

1960s, which marked the end of the Baby Boom, and the long-running decline in mortality rates 

among some population groups. Immigration can offset these demographic forces to some 

degree but has not been of sufficient magnitude to reverse population aging.   

To investigate population aging at the state level, we use state population counts by age 

from the 1950, 1960, 1970, 1980, 1990, and 2000 Census Integrated Public Use Microdata Series 

(IPUMS) and the 2009-2011 American Community Surveys (ACS) (Ruggles et al., 2015).  Due 

 
2 Our estimates imply that a 16.8% increase in the older share would decrease per capita GDP by 9.2%.  Define 𝑔෤ as 
the population aging “penalty” in annual growth rate that results in a 9.2% decrease in per capita GDP 30 years later; 
let 𝑔 represent the annual growth rate in the absence of aging.  Then, (1 − 0.092)(1 + 𝑔)ଷ଴ = (1 + 𝑔 − 𝑔෤)ଷ଴, 
where 𝑔 − 𝑔෤ is observed and equal to 0.0188 for the U.S. for 1980-2010.  Thus, 𝑔෤ = 0.003. 
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to the relatively small size of the ACS, we combine the 2009-2011 samples to construct a “2010 

Census.”3 In addition to population counts, the Census and ACS contain individual-level data 

measuring employment status, hours worked and labor earnings in the preceding calendar year.4 

We aggregate these data to the state-year level to obtain state employment levels, total hours 

worked5 and total labor earnings. We also construct labor market measures at the level of two-

digit industry, state and year.6  

To measure aggregate economic output, we acquire GDP by state7 and year from the 

Bureau of Economic Analysis (BEA).8  State GDP is defined as “the value added in production 

by the labor and capital located in a state.”  These data “provide a comprehensive measure of a 

state’s production.”9 Because the annual labor outcomes from the Census and ACS refer to the 

previous year (i.e., 1979 in the 1980 Census), we match GDP data from the year preceding the 

indicated Census year (i.e., 1979, 1989, 1999 or 2009).10  However, for ease of exposition, we 

refer to the Census years when indexing by time below.   

 
3 Alternatively, we could have used state-level population statistics from the Census.  However, we chose to 
construct our population size and labor supply measures from the same individual-level data in order to minimize 
differences arising from differences in data aggregation procedures.  Using these noisier measures of state-level 
population should not affect the consistency of our estimates but may increase our standard errors.   
4 There is evidence that the income data between the Census and ACS are not comparable due to survey changes.  
https://www.census.gov/content/dam/Census/library/working-papers/2003/acs/2003_Nelson_01.pdf (last accessed 
August 18, 2018) finds that ACS household income is 4.6% lower than Census household income.  We assume that 
time fixed effects account for this change or, more precisely, that this change is not correlated with our instrument 
after conditioning on time fixed effects.  We also show results by decade. The 1980-1990 and 1990-2000 samples 
rely on Census data only and avoid this issue.    
5 We calculate annual hours for each person as the usual hours worked per week times the number of weeks worked.  
Weeks worked is only reported in intervals in the ACS.  Using Census data, we regress number of weeks on 
categorical indicators for each of these intervals and impute the number of weeks. 
6 We use the 1990 Census Bureau industrial classification scheme, which is consistently reported in IPUMS for all 
years since 1950. 
7 While GDP at the state level is likely subject to more measurement error concerns than national GDP figures, we 
assume that this measurement error is not correlated over time with our predicted population aging measures. 
8 Last accessed March 31, 2015. The BEA cautions that there is a discontinuity in the state GDP time series due to a 
switch from SIC industry codes to NAICS industry codes.  We assume that time fixed effects account for this shift 
and that any differential changes across states are not correlated with our instrument (predicted changes in aging).  
The literature has appended pre-1997 state GDP data to post-1997 state GDP data before (e.g., Nakamura and 
Steinsson, 2014).  Also note that we present results by decade, which show that our results are not driven by changes 
between 1990 and 2000. 
9 An advantage of using aggregate production instead of consumption data is that GDP includes asset income, which 
can be used to compensate for declines in consumption.  
10 There is still a slight misalignment between state and year for the labor outcomes since, before 2000, the Census 
only included information on state of residence in the current year. For 2000 and 2010 it is possible to aggregate 
labor outcomes by state of residence in the previous year. We conduct robustness checks of our main regressions for 
2000-2010 using the aligned and misaligned measures, respectively, and found that this did not affect our results. 
These estimates are shown in Appendix Table A.10 and discussed below. 
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The BEA also collects state-level data on total employee compensation, which includes 

wages and salaries paid to employees as well as noncash benefits.  Wages and salaries are the 

primary component of employee compensation and include overtime pay, sick and vacation pay, 

severance pay, incentive payments (e.g., commissions, tips, and bonuses), and voluntary 

contributions to deferred compensation plans.  Noncash benefits include in-kind benefits and 

employer contributions to pension plans, health insurance, and social insurance programs.   We 

use the BEA employee compensation data as a measure of full labor compensation in a state, and 

as a complement to the Census earnings data.11   

We construct growth rates by state for all of our analysis variables.  These data are 

presented in Table A.1, where growth in a variable as of Census year t refers to the percent 

change between t-10 and t.  The top panel shows all Census years pooled, while the lower panels 

show the data decade by decade. There is significant variation across states in the size and 

growth rate of the 60+ population in all years. In the pooled sample, the fraction (of the ages 20+ 

population) ages 60+ ranges across states and Census years from 0.095 to 0.313, with mean 

0.240 and standard deviation 0.029.  The 10-year growth rate of the fraction 60+ ranges from      

-9% to 47%, with mean 4% and standard deviation 8%. Economic growth also varies 

substantially across states and years.  In the pooled state-year sample, the 10-year real growth 

rate in GDP per capita ranges from -35% to 46%, with mean 9% and standard deviation 9%.12 

Growth in employment per capita ranges from -10% to 9%, with mean -0.3% and standard 

deviation 4%. 

The regional patterns underlying the variation in population aging in Table A.1 are shown 

decade by decade in Appendix Figures 1A, 1B, and 1C.13 Between 1980 and 1990 (Appendix 

Figure 1A), there was relatively fast growth in the older population in the West and in the Rust 

Belt. At the same time, 15 states, including the large states of California, Texas, Florida, and 

New York, experienced a contraction in the relative size of their older population.  Between 

1990 and 2000 (Appendix Figure 1B) the majority of states experienced declines in the relative 

 
11 One limitation of the BEA measure of total compensation is that it does not include compensation for the self-
employed.  Adding in labor earnings for the self-employed using the Census and ACS has little effect on the results. 
12 This growth rate is not directly comparable to national per capita GDP growth over this time period.  First, we are 
scaling GDP by the size of the population ages 20+, not the full population size.  Second, we are reporting the 
average growth rate across states weighted by initial 20+ population size.  To construct the national growth rate, one 
would want to weight by GDP size in the initial period. 
13 Hawaii and Alaska are not shown in Appendix Figures 1A-1C but are included in our analysis sample. 
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size of their older populations, with just 12 small states seeing weakly positive growth. However, 

between 2000 and 2010 (Appendix Figure 1C) the growth rate of the older population share was 

above 15% in 20 states, including the northern Pacific and Mountain states, and nearly all of the 

South Atlantic states. Only 4 states—Florida, North Dakota, South Dakota, and the District of 

Columbia—experienced less than 5% growth during this period. Florida is notable in that by this 

time it already had a relatively high older population share.  Appendix Figures 2A-2C show the 

equivalent variation in economic growth rates by state and decade.   

 

II. Research Design 

Our causal model of interest relates the older population share in a state-to-state output 

per capita.  To normalize comparisons of growth across states with different older population 

shares, we take first differences of log levels to arrive at our specification for growth in GDP per 

capita between Census years t and t+10:  

ln ൬
ீ஽௉ೞ,೟శభబ

ேೞ,೟శభబ
൰ − ln ቀ

ீ஽௉ೞ೟

ேೞ೟
ቁ = 𝛽 ൤ln ൬

஺ೞ,೟శభబ

ேೞ,೟శభబ
൰ − ln ቀ

஺ೞ೟

ேೞ೟
ቁ൨ + 𝑋௦௧

ᇱ 𝛿௧ + 𝛾௧ + (𝜀௦,௧ାଵ଴ − 𝜀௦௧) , (1) 

where the outcome is the change in the log of GDP per person aged 20 and older in state s 

between Census year t and Census year t+10 (or a related outcome), Ast is the number of 

individuals aged 60 and older in state s and year t,14 Nst represents the state population aged 20 

and older in year t,15 and Xst contains a set of time-varying control variables whose influence is 

also allowed to vary over time.  The 𝛾௧ term represents time fixed effects and 𝜀௦௧ represents state 

output shocks. The coefficient 𝛽 measures the effect of the older population share on GDP per 

capita. By estimating in first differences, we account for fixed differences across states.   

Under this specification, 𝛽 is interpretable as an elasticity. We include in X the initial 

(period t) two-digit industry composition of state employment (specifically, the log of the 

fraction of workers in each industry16) to further account for initial conditions that may 

predispose states to particular growth paths.17  We will also show that our results are not 

 
14 We choose 60+ as our definition of the aged population, rather than 65+, because approximately one-third of 
Americans claim Social Security retirement benefits at age 62, the earliest claiming age. Early claiming tends to 
coincide with labor force exit.  
15 Both the outcome and main explanatory variable are normalized by the size of the 20+ population in the state-
year, which makes interpretation straightforward. Throughout the paper, we refer to variables normalized by the size 
of the 20+ population as “per capita” variables. 
16 Results are similar throughout the paper if we use levels. 
17 In complementary work, we find that an area’s initial industry structure predicts changes in labor outcomes (see 
Maestas, Mullen and Powell, 2013). 
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sensitive to the log-log functional form shown in equation (1).  Specifically, we estimate similar 

implied elasticities if we use ൤൬
஺ೞ,೟శభ

ேೞ,೟శభబ
൰ − ቀ

஺ೞ೟

ேೞ೟
ቁ൨ instead of ൤ln ൬

஺ೞ,೟శభబ

ேೞ,೟శభబ
൰ − ln ቀ

஺ೞ೟

ேೞ೟
ቁ൨. 

While equation (1) relates state population aging to changes in state economic outcomes, 

changes in the age structure of a state may depend – in part – on factors related to economic 

growth. For example, economic decline could induce prime-aged workers to migrate out of the 

state while older workers may be more likely to stay given the smaller lifetime return to moving.  

Consequently, we would observe that aging states have less favorable economic outcomes, 

though this relationship is not causal.18  Similarly, differential industry growth and decline across 

states may affect mortality rates and these mortality effects may not be uniform across all age 

groups, directly altering the age composition of states depending on their economic conditions.  

To address these potential confounders, we estimate equation (1) using an instrumental 

variables strategy that exploits variation in the predetermined component of population aging 

across states over time. The key identifying assumption is that a state’s past age structure affects 

future changes in economic outcomes only by affecting its subsequently realized age structure, 

and not through any other channel.19 To satisfy this requirement, we take each state’s “initial” 

age structure—alternatively measured 0, 10, 20, and 30 years prior to the baseline Census year 

t—and apply common cohort survival ratios (as experienced nationally, not by state) to predict 

the older share of population in each state 10, 20, 30 and 40 years into the future. As the lags 

grow more distant, it becomes less and less likely that the initial age structure could have been 

influenced by the same trends driving contemporaneous economic growth in a state.  

More precisely, we use the age structure in year t-x to predict changes in the log of the 

fraction of the state population aged 60+ between periods t and t+10, where 𝑥 ∈

{0, 10, 20, 30} corresponds to lag lengths of {10, 20, 30, 40} from t+10.  For example, x=10 

 
18 There is some evidence that population aging itself may affect interstate migration; see Karahan and Rhee (2014). 
19 Alternatively, one can imagine using historical birth rates to predict current age structures.  We do not take this 
approach for two reasons.  First, given the timing of our data, we would need birth rates back to the early 1900’s.  
These data are not available for many states.  Second, there are advantages to generating predicted age structures 
using the age distribution at a fixed point in time.  This approach permits us to test the sensitivity of the results as we 
go further back in time to generate the instruments.  Using birth rates would require using a long time series of years 
to generate variation, and the equivalent sensitivity exercise would be more difficult.  We do not find that our results 
are driven by the timing of the age structure that we use so there is likely little gain in altering this approach.   
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implies that the period t-10 age structure is used to predict both the period t and period t+10 age 

structures.20  We refer to this as a 20-year lag length.  Our instruments are generated using: 

     ln ൬
஺෠ೞ,೟శభబ

ே෡ೞ,೟శభబ
൰ − ln ൬

஺෠ೞ,೟

ே෡ೞ,೟
൰,    (2) 

where       𝐴መ௦,௧ାଵ଴ = ∑ 𝑁௝௦,௧ି௫ᇣᇤᇥ
Total number

୭୤ ୮ୣ୭୮୪ୣ ୟ୥ୣ
௝ ୧୬ ୱ୲ୟ୲ୣ ௦
ୟ୲ ୲୧୫ୣ ௧ି௫

×
ேೕశೣశభబ,೟శభబ

ேೕ,೟షೣᇣᇧᇧᇤᇧᇧᇥ
୒ୟ୲୧୭୬ୟ୪ ୱ୳୰୴୧୴ୟ୪ 

୰ୟ୲ୣ
୭୤ ୡ୭୦୭୰୲ ୟ୥ୣ ௝ ୠୣ୲୵ୣୣ୬ ௧ି௫ ୟ୬ୢ ௧ାଵ଴

௝ஹ଺଴ି௫ିଵ଴  

𝐴መ௦,௧ = ෍ 𝑁௝௦,௧ି௫ᇣᇤᇥ
Total number

୭୤ ୮ୣ୭୮୪ୣ ୟ୥ୣ
௝ ୧୬ ୱ୲ୟ୲ୣ ௦
ୟ୲ ୲୧୫ୣ ௧ି௫

×
𝑁௝ା௫,௧

𝑁௝,௧ି௫ᇣᇤᇥ
୒ୟ୲୧୭୬ୟ୪ ୱ୳୰୴୧୴ୟ୪ 

୰ୟ୲ୣ
୭୤ ୡ୭୦୭୰୲ ୟ୥ୣ ௝ ୠୣ୲୵ୣୣ୬ ௧ି௫ ୟ୬ୢ ௧

௝ஹ଺଴ି
 

and 𝑁෡௦,௧ାଵ଴ = ∑ 𝑁௝௦,௧ି௫ ×
ேೕశೣశభబ,೟శభబ

ேೕ,೟షೣ
௝ஹଶ଴ି௫ିଵ଴ ,    𝑁෡௦,௧ = ∑ 𝑁௝௦,௧ି௫ ×

ேೕశೣ,೟

ேೕ,೟షೣ
௝ஹଶ଴ି௫ . 

 

To predict the state age structure in year t, we use national census survival rates, defined as the 

ratio of the national population age j+x in one Census to the cohort’s population size in a 

previous Census (at age j).21  We then multiply the number of individuals age j in the state in one 

Census by the age-specific national survival rate to predict the number of individuals age j+x in 

the state in a subsequent Census.  For example, to predict the number of 60-year-olds in 

Alabama in 2000, we multiply the number of 40-year-olds in Alabama in 1980 by the national 

ratio of 60-year-olds in 2000- to 40-year-olds in 1980.  This approach uses the initial state age 

composition interacted with national level cohort changes and has the advantage of disregarding 

variation resulting from differential state-level migration and mortality for identification.22 The 

instrument is similar in spirit to the Bartik instrument (Bartik, 1991; Blanchard and Katz, 1992), 

which predicts local economic growth by interacting national industry-specific growth with 

initial local industry composition. Given recent discussions of shift-share instruments (e.g., 

 
20 When x=0, the predicted period t age structure is the actual period t age structure.  The instrument is the predicted 
change in aging given this original age structure. 
21 Our census survival ratios incorporate international (as opposed to interstate) migration.  
22 Other approaches, such as using survival tables, for predicting national-level changes in cohort sizes are also 
possible.  Since these national-level changes are simply being used to weight differences in earlier state-level age 
structures, there is likely little gain (or loss) in slight alterations of the proposed approach.     
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Goldsmith-Pinkham et al., 2020), we note that the main source of variation used by the 

instrument is the variation across states in the relative sizes of 10-year birth cohorts in year t-x.23  

 For example, the 10-year lag primarily uses variation across states 10 years prior to t+10 

in the size of their populations aged 50-59, while the 20-year lag uses variation across states 20 

years prior in the number of 40–49-year-olds, and the 30-year lag uses variation from 30 years 

prior in the number of 30–39-year-olds.  States that had relatively more individuals of a given 

age cohort in the past are predicted to experience relatively large increases in the number of older 

individuals in the future.24 The assumption of this variation is that prior age structure does not 

predict changes in economic growth between periods t and t+10, except through its relationship 

with changes in population aging during that time period.  We specify our main estimating 

equation in differences to account for the independent effects of prior age structure (and other 

cross-state differences) on current economic outcomes.  In the next section, we provide several 

tests concerning whether our instrument is correlated with underlying economic trends.  We find 

little evidence of confounding trends.25    

The variation in the population age structure that we exploit is predictable and observable 

by residents of the state before time t.  In this manner, the instrument parallels population aging 

at the national level. The literature has used lags of the age structure to predict the current age 

structure as a way to avoid confounding by endogenous migration (e.g., Shimer, 2001; Jaimovich 

and Siu, 2009; Aiyar et al., 2016).  

 
23 While Goldsmith-Pinkham et al. (2020) recommend using the baselines shares (in this case, baseline age shares) 
as instruments in themselves, this approach is disputed.  See Borusyak et al. (2021) and Tim Bartik’s comment 
found here: http://blogs.worldbank.org/impactevaluations/rethinking-identification-under-bartik-shift-share-
instrument  (last accessed August 20, 2018).  To summarize this emerging literature, there are benefits to providing 
weights to appropriately aggregate the initial shares into a single instrument, as we have done. 
24 Some variation may also come from changes in the denominator N. That is, if the younger population is 
(predictably) growing faster in one state than in another, the first state will have less population aging by our metric 
even if the two states experienced the same (absolute or proportional) change in the number of older individuals. 
25 For the instruments based on 30-year and 40-year lags, we cannot predict the size of youngest age groups 30 and 
40 years later since the youngest cohorts had not yet been born. We set the size of these cohorts to zero such that 
identification is originating from differential baselines for observed cohorts that predict the size of the 60+ age 
group, relative to observed cohorts that predict the size of the under-60 age group.  Since no identification is 
originating from the assignment of these zeroes, this method should not create any problems, unless birth rates 
change systematically in our sample such that they unravel the first stage (i.e., substantially higher birth rates in 
areas that otherwise would have experienced growth in the elderly share).  The existence of a strong first stage 
relationship would suggest this is not the case. Alternative imputation methods to improve the strength of these 
instruments are possible, such as predicting birth cohort sizes based on baseline demographics.  However, the 
validity of the instruments would depend on the appropriateness of the underlying assumptions since some variation 
would originate from the imputation.  Our decision is conservative and avoids identifying off of such assumptions. 
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We estimate equation (1) using 2SLS.  We weight our regressions by period t population, 

though we provide unweighted estimates as well.  We adjust standard errors for clustering at the 

state-level.   

 

III. Effect of Population Aging on Economic Growth  

A. Main Estimates 

We begin with a visual depiction of our research design in Figure 2. Each data point is an 

observation of the decadal change in a state, weighted by population size in the base year.  

Figure 2A shows the strong negative association in the raw data between realized population 

aging and per capita GDP growth over the period 1980-2010. Figure 2B shows the first-stage 

relationship between realized aging and predicted aging (using the 10-year lagged instrument). 

Here, we see that realized population aging is strongly predicted by the instrument. Finally, 

Figure 2C presents the visual reduced form relationship between the predicted aging instrument 

and subsequent economic growth, which is negative and statistically significant.  

Table A.2 presents the ordinary least squares (OLS) coefficients summarizing the 

relationship between aging and economic growth once we include controls for state industry 

composition in the initial period interacted with time fixed effects (to account for long-lasting 

shocks that may vary with initial industry composition). The table shows OLS estimates of 𝛽 

(equation 1) for the entire time period 1980-2010, and separately for each decade.  The 

dependent variable is the decadal change in log per-capita GDP in a state.  The point estimates 

indicate that states experiencing growth in the fraction of individuals ages 60+ also experience 

slower growth in per capita GDP.  Pooling all three decades, we estimate that a 10% increase in 

the fraction of the state population ages 60+ is associated with a decrease in per capita GDP of 

8.3%.  Limiting the sample to one ten-year difference at a time, we consistently find a large and 

statistically significant conditional association between population aging and per capita GDP 

growth.   

As noted above, there are many reasons why state populations might age at different rates 

and economic growth itself could impact the state age structure by affecting migration decisions; 

this would bias the OLS estimate away from zero if younger workers move to faster growing 

places to pursue new job opportunities or, conversely, if older individuals move to slower 

growing places to take advantage of the lower cost of living. Similarly, if economic growth 
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affects mortality rates, then this too may contribute bias, though the direction of the bias is less 

obvious in this case since it depends on how any growth-induced mortality changes play out 

across the age distribution.  

Panel A of Table 1 presents the reduced form relationship between our instruments—the 

predicted change in the log of the fraction of individuals 60+ in a state—and economic growth.  

When we predict the older share using the age structure 10 years prior, we find that a 10% 

increase in the predicted older share results in a 3.9% decrease in per-capita GDP.  Using the age 

structure 20 and 30 years prior to predict the older share results in nearly identical reduced form 

estimates of 3.1%. The reduced form using the age structure 40 years prior is somewhat smaller 

at 2.5%. 

Table 1, Panel B shows the first-stage coefficients for the different instruments. When we 

predict the older share using the age structure 10 years prior, we find that a 10% increase in the 

predicted older share results in a 7.2% increase in the actual older share.  As one would expect, 

the first stage generally decreases as we use longer lags of the age structure to predict future 

demographic changes: a 10% increase in the older share predicted from the age structure 20 

years prior results in a realized 6.2% increase in the older share; the realized increase is 6.9% 

when we use the age structure 30 years prior and 4.6% when we use the age structure 40 years 

prior to predict the older share. Accordingly, the first-stage F-statistic is 174.2 when we use a 10-

year lag, 103.5 for the 20-year lag, 85.1 with the 30-year lag, and 13.0 using a 40-year lag.   

 The IV estimates of 𝛽 are shown in Panel C Table 1. Across the board, the IV estimates 

are smaller in magnitude than the OLS estimate, consistent with bias in the OLS estimate from 

economically induced migration of younger individuals to faster growing areas.26 Instrumenting 

with the 10-year lagged age structure, we estimate that a 10% increase in the fraction of the 

population 60+ (equivalent to a 2.4 pp increase in the share 60+) decreases per-capita GDP by 

5.5%. The estimates are similar when we instrument with longer lags of the age structure—we 

obtain an estimated decrease of 5.0% using the 20-year lagged age structure, a 4.5% decrease 

with the 30-year lagged age structure, and a (statistically insignificant) 5.4% decrease with the 

40-year lagged age structure. The consistency of the estimates across the instruments suggests 

 
26 The difference between the 1980-2010 OLS and IV estimates using the 10-year lagged instrument is marginally 
statistically significant (p=0.06). We test the equality of the estimates through a clustered bootstrap method and 
report how frequently the OLS estimate is smaller than the IV estimate. 
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that the IV estimate based on the 10-year lagged age structure is not confounded by underlying 

economic trends (i.e., that estimating in first differences is appropriately accounting for the 

independent effects of the initial period-t age structure). We therefore use this more precisely 

estimated coefficient as our main estimate for the robustness tests and decompositions in the 

following sections. Appendix Table A.3 shows the reduced form, first stage, and IV estimates 

separately by decade.  We estimate that aging reduces per-capita GDP in each decade.   

B. Robustness of the Main Estimates  

In this section, we examine the robustness of the main estimates to factors such as 

changes in the shares of younger age groups, confounding trends in output or mean reversion, 

alternative functional forms, weighting, common regional shocks, and mismeasurement of state 

of residence. 

 

B.1. Robustness to Changes in the Share of Younger Age Groups 

While our specification models changes in per capita GDP as a function of changes in the 

older population share, economic growth may also be affected by changes at other points of the 

age distribution.  Moreover, predicted increases in the 60+ population share may be correlated 

with predictable growth in the share of other age groups, suggesting the possibility of an omitted 

variable related to changes in other age group shares.  We can test for this possibility explicitly 

given that our instrumental variables strategy is easily extended to predict growth in other age 

groups.  To implement this, we include multiple age groups in our specification and, as before, 

estimate our main model using two-stage least squares, where the instruments are the predicted 

changes in each included age group using the same prediction method as before (based on 10-

year lags of the state age structure). The results are presented in the top half of Appendix Table 

A.4.  We find that only growth in the 60+ population leads to a statistically significant decrease 

in GDP per capita.  When we include all other age groups, the estimate is nearly the same as 

before—a 10% increase in the fraction of the population aged 60+ is associated with a 5.9% 

decrease in per-capita GDP.  Including or excluding the other age groups has little effect on this 

estimate.  Consequently, we conclude that separately identifying these other age groups is 

unnecessary for consistent estimation in our context.  We provide further support for this 

conclusion and return to this table when discussing the role of functional form restrictions below. 
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B.2. Robustness to Confounding Trends in Output or Mean Reversion 

 Growth in a state’s older share may be a function of the state’s economic conditions, 

potentially confounding the causal relationship between aging and growth.  OLS estimates of 

equation (1), as shown above in Table A.2, reveal a strong negative correlation between aging 

and growth, even when accounting for state fixed effects (through differencing) and time fixed 

effects.  Our instrumental variable strategy is designed to disentangle the reverse effect of growth 

on realized population aging from the effect of population aging on growth by using predicted 

changes in the state’s population structure.  Our IV estimates suggest that the OLS estimates are, 

in fact, biased away from zero, as one would expect if the older share were systematically 

affected by economically induced migration patterns. 

 The instrumental variables strategy assumes that the initial age distribution of a state is 

not predictive of trends or mean reversion in economic output except through changes in the 

state age structure (Goldsmith-Pinkham et al., 2020).  Our primary evidence that the identifying 

assumption is valid is the robustness of our estimates to use of longer lags of the age structure 

(Table 1). Further evidence supporting this assumption is that, if the initial age structure predicts 

differential economic growth, then we might expect to see statistical relationships across other 

age groups as well.  However, as discussed above, Table A.4 shows that only changes in the 

share aged 60+ are statistically related to changes in per capita GDP.  It is unlikely that the 

instrument for the change in the share 60+ (here, variation is primarily driven by differences in 

the share ages 50-59 10 years prior) would uniquely predict confounding trends, while variation 

in every other initial age group share would have no relationship to those same trends (e.g., the 

instrument for the change in the share 40-49 is primarily based on the share 30-39 10 years 

prior).   

 Next, in Appendix Table A.5, we report estimates from a specification that controls for 

the prior value of the outcome to account for trends dependent on initial economic conditions.  

This control is potentially important given previous evidence of convergence across states (Barro 

and Sala-i-Martin, 1992).  Because of the biases associated with estimating a specification with a 

lagged dependent variable, we use a GMM estimator using lagged values as instruments.  In 

Column (1), we present estimates using (all available) lagged values of the log of per capita GDP 

as instruments.  The estimate is larger in magnitude than our main estimate.  In Column (2), we 

replicate this specification but do not use the t-10 value of the log of per capita GDP as an 
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instrument, relying only on lags further back in time.  The exclusion of this instrument reduces 

the possibility that the lagged instruments are themselves endogenous due to serial correlation in 

the error term.   The Column (2) estimate is even larger in magnitude.   Overall, these results 

indicate that underlying trends and mean reversion are not driving our results. 

 Finally, we test whether next decade’s change in population aging is associated with the 

current decade’s economic growth.  We replicate our main specification while including 

ln ൬
஺ೞ,೟శమబ

ேೞ,೟శమబ
൰ − ln ൬

஺ೞ,೟శభబ

ேೞ,೟శభబ
൰, the population aging “lead.”  Our instruments for this specification are 

the predicted population aging instrument (used for the main results) and also next decade’s 

population aging instrument (i.e., the predicted aging lead).  Because we cannot construct the 

population aging lead for the final decade in our data, we limit our analysis to 1980-2000.  We 

first replicate our main estimate for this sample and present it in the first column of Appendix 

Table A.6.  We estimate an elasticity of -0.83 for this sample.  In Column 2, we also include the 

lead population aging instrument.  If our instrument is correlated with confounding trends, then 

we would expect next decade’s predicted aging to be negatively associated with economic 

growth.  Instead, we find the opposite relationship.  We estimate a small, positive, and 

statistically insignificant coefficient on the population aging lead variable.  The estimate on the 

contemporaneous population aging measure increases in magnitude, suggesting that unobserved 

trends would potentially bias the main estimates towards zero, if at all.   

 

B.3. Robustness to Alternative Functional Form Assumptions 

Our main specification uses changes in the log of the older population share.  To test 

whether this log specification is driving our results, we return to Appendix Table A.4.  The 

bottom half of the table replicates the top half but uses levels instead of logs, instrumenting with 

the corresponding predicted level changes.  As before, the point estimates on the change in the 

older share are similar regardless of whether other age groups are also included in the model.  

We estimate that each percentage point increase in the older share decreases GDP per capita by 

2%. Given that the mean older population share in the sample is 0.24, a 10% increase in the older 

share implies a reduction in per capita GDP of 4.9% (using the estimate in the final column), 

which is similar to our main estimate.   

Next, we estimate our model using Poisson regression. Santos Silva and Tenreyo (2006) 

show that a logged dependent variable in a linear regression restricts the error term.  The 
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specification in equation (1) assumes that the error term is multiplicative in per capita GDP 

growth.  Using an exponential specification27 and estimating with Poisson regression relaxes this 

assumption, allowing for both multiplicative and additive error terms (also see Santos Silva and 

Tenreyo (2006) for advantages of Poisson over related estimators such a negative binomial 

regression).  We replicate our main analysis using instrumental variables Poisson regression and 

present the results in Appendix Table A.7.  We find similar results as before, further suggesting 

that our estimates are not driven by functional form assumptions.    

 

B.4. Robustness to Weighting and Outliers 

Appendix Table A.8 shows that the IV estimates are similar with and without weighting 

by state population size in the base year.  Without weighting, we estimate a statistically 

significant effect of 4.8% in the pooled sample, compared to our main estimate of 5.5% with 

weighting.  The point estimates for each decade estimated separately are negative, regardless of 

weighting.  While we predict especially fast population aging in some states (e.g., Alaska), the 

inclusion or exclusion of these “outlier” states has little effect since they tend to be small.  In 

related analyses, we estimate our main specification while dropping one state at a time.  The 

elasticity estimates from this exercise vary between -0.659 and -0.449 and are always statistically 

significant from zero at the 5% level.  These results are shown graphically in Appendix Figure 

A.3.  Thus, our results are not driven by one particular state or outlier. 

  

B.5. Robustness to Common Regional Shocks, Mismeasurement of State of Residence 

In Appendix Table A.9 we show that our main estimates are robust to the inclusion of 

region-year interaction terms, and therefore common regional shocks are not driving our results.   

Appendix Table A.10 shows that the one-year misalignment in when residence is measured in 

the Census compared to state of residence in the previous year does not materially affect our 

estimates for the 2000-2010 period (the one period in which both the current and prior year’s 

state of residence are available).  The IV estimate increases in magnitude when we use the prior 

year’s state of residence. 

 

 
27 Specifically, the specification is  

ீ஽௉ೞ,೟శభబ

ேೞ,೟శభబ
= 𝑒𝑥𝑝 ൬𝛽 ൤ln ൬

஺ೞ,೟శభబ

ேೞ,೟శభబ
൰ − ln ቀ

஺ೞ೟

ேೞ೟
ቁ൨ + 𝑋௦௧

ᇱ 𝛿௧ + 𝛾௧ + ln ൬
ீ஽௉ೞ,೟

ேೞ,೟
൰൰ 𝜂௦,௧ାଵ଴, 

where the coefficient on the log of per capita GDP in the original period is set to 1. 
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IV. Decomposing the Main Effect into Effects on Labor Productivity and Employment  

Our main estimate implies population aging slows economic growth to a significant 

degree. In this section, we investigate the underlying mechanisms using a sequence of 

decompositions. First, we decompose the slowdown in economic growth to determine the portion 

attributable to movements in labor supply versus labor productivity. Next, we test whether the 

effect of aging on labor productivity is matched by movements in the average wage (with and 

without accounting for fringe benefits). Last, we test whether aging-induced capital deepening 

has been sufficient to fully counteract the negative labor productivity effect.  

Growth in log output per capita is the dependent variable in equation (1). We decompose 

output per capita (𝐺𝐷𝑃௦௧ 𝑁௦௧⁄ ) using 
ீ஽௉ೞ೟

ேೞ೟
=

ீ஽௉ೞ೟

ு௢௨௥௦ೞ೟
×

ு௢௨௥௦ೞ೟

௅ೞ೟
×

௅ೞ೟

ேೞ೟
, where L represents the level 

of employment for workers ages 20+.  Movements in log output per capita will be the sum of 

movements in log labor productivity, log hours worked per worker, and log employment per 

capita. It follows that the causal effect of population aging on these components must sum to the 

total effect of population aging on output growth (Hall and Jones, 1999; Wong, 2007; Feyrer, 

2007). Thus, if we estimate equation (1) separately for each component of log output per capita 

(using the same IV specification as above), the component coefficients must sum to 𝛽 in 

equation (1). This decomposition technique allows us to examine the relative contribution of 

effects through the labor productivity and employment channels. 

We present these decomposition estimates in Table 2. Column (1) reproduces our 

estimate of 𝛽, the total effect of population aging on growth in GDP per capita (from Table 1 

Panel C). Column (2) presents the effect of population aging on growth in output per hour 

worked. Population aging has a substantial effect on growth in labor productivity: a 10% 

increase in the fraction of the population 60+ leads to a 3.4% decrease in GDP per hour worked.  

Population aging also decreases growth in the employment rate, as expected, but to a lesser 

degree than its impact on growth in labor productivity. Specifically, a 10% increase in the 

fraction of the population 60+ leads to a 1.7% decrease in growth in employment per capita 

(Column 4).  We observe little evidence of intensive labor supply effects (Column 3).28 The 

 
28 Similar to the analysis in Appendix Table A.4, we confirm that these results are not driven by omitting other age 
groups from the specification.  These results are presented in Appendix Table A.11.  The first outcome variable is 
growth in the log of GDP per hours worked and we instrument for each of the included age groups using predicted 
growth in their respective population shares; the effect of the older share is similar regardless of whether other age 
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relative magnitudes of the coefficients indicate that about one-third of the total effect of 

population aging on economic growth operates through changes in employment per capita 

(extensive-margin labor supply), while the other two-thirds operates through changes in output 

per hour worked.  The point estimates and conclusions are generally similar if we use longer 

instrument lag lengths.  These results are provided in Table A.12. 

We next investigate whether the aging-induced decline in labor productivity is matched 

by changes in labor compensation. Using the same approach as above, we decompose output per 

hour worked into the product of GDP per dollar of compensation and compensation per hour 

worked, 
ீ஽௉ೞ೟

ு௢௨௥௦ೞ೟
=

ீ஽௉ೞ೟

஼௢௠௣௘௡௦௔௧௜௢௡ೞ೟
×

஼௢௠௣௘௡௦௔௧௜௢௡ೞ೟

ு௢௨௥௦ೞ೟
, where 𝐶𝑜𝑚𝑝𝑒𝑛𝑠𝑎𝑡𝑖𝑜𝑛௦௧ represents total state 

labor compensation in year 𝑡 using BEA’s measure of total labor compensation (labor earnings 

plus non-cash compensation).  If the effect of population aging on labor productivity growth 

reflects changes in the marginal product of labor, and if hourly compensation adjusts in response 

to changes in labor productivity, then the decline in labor productivity growth should be 

accompanied by a decline in hourly compensation and the effect of population aging on growth 

in GDP per compensation dollar should be zero. The findings in Table 3 support these 

hypotheses. A 10% increase in the fraction of the population 60+ decreases compensation per 

hour by a statistically significant 3.3% (Column 2, top panel), and decreases GDP per dollar 

earned by a statistically insignificant 0.1% (Column 1, top panel). The estimates in Columns (1) 

and (2) sum to the estimate in Table 2, Column (2) by construction. We provide an alternative 

version of this decomposition in the bottom panel of Table 3, where instead of compensation per 

hour, we use earnings per hour (“wage”). We still observe a stronger effect on wage growth 

(Column 2) than GDP per dollar of labor earnings (Column 1), but the differences are less stark.   

These results for compensation and earnings reinforce our central finding that population 

aging has diminished labor productivity growth. To shed light on the precise productivity 

channels through which these effects operate, we next test for aging-induced movements in 

 
groups are included in the model. The second outcome in this table is growth in hours per worker.  Again, we find 
little evidence that the inclusion of other age groups affects the estimate on the 60+ age group.  The final outcome is 
growth in log employment per population aged 20+. In this case, we see that growth in the population shares ages 
30-39 and 40-49 has also reduced employment growth, but the effect of the older share is even larger when other 
age groups are included in the model. Taken together, the results suggest that although changes in the share of 
workers in these two younger age groups have contributed independently to the slowdown in employment growth, 
there was no corresponding effect on the decline in labor productivity growth. As before, the results are similar 
when estimated using age group shares in levels rather than logs (shown in bottom panel). 
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physical capital. Data limitations make it impossible to separately identify the effects of 

population aging on human capital and technology. Drawing upon researcher-compiled data on 

the physical capital stock by state (government statistics on physical capital do not exist for U.S. 

states),29 we estimate equation (1) for growth in log physical capital per worker between 1980-

2000 (these data do not extend to 2010). The estimated coefficient (standard error) on the older 

population share is 0.106 (0.291) (see Appendix Table A.13). That is, a 10% increase in the 

fraction of the population 60+ leads to an increase in physical capital per worker of 1.1%, but the 

estimate is not statistically significant. Nonetheless, the positive point estimate is suggestive of a 

modest, offsetting effect of aging-induced capital deepening between 1980-2000. The positive 

point estimate is also consistent with a small aging-induced increase in capital investment 

(Acemoglu and Restrepo, 2017). Regardless, the offsetting effect of capital deepening was not 

large enough to fully counteract the combined negative effects of aging on employment and 

labor productivity.  

In conclusion, our decomposition analysis implies that about one-third of the total effect 

of population aging on economic growth operates through changes in employment per capita. 

The other two-thirds is due to changes in labor productivity. The reduction in labor productivity 

growth is matched by a reduction in hourly compensation growth, which points to the existence 

of labor market adjustments that compensate for real losses in labor productivity. We find 

suggestive evidence that physical capital deepening may have offset these losses to a modest 

degree.  

 

V. Spillover Effects on Younger Age Groups 

Workers in different age groups may be substitutes or complements to one another and 

therefore the productivity of one age group can depend on interactions with workers in other age 

groups. In this section, we examine the effects of population aging on the employment and 

earnings growth of individuals in different age groups to investigate the role of spillover effects 

from older to younger workers.  

 
29 Garofalo and Yamarik (2002) estimate state capital stock values to analyze convergence across states. These data 
were updated by Yamarik (2013) and used often in the literature studying cross-state capital stock variation (e.g., 
Peri, 2012; Reed, 2008; Han and Lee, 2016). Data are found here: https://web.csulb.edu/~syamarik/ (accessed 
November 15, 2017). 
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We estimate equation (1) separately for ages 20-39, 40-59, and 60+.  The dependent 

variable in each regression is the change in log employment per capita for the specified age 

group.  As before, the key independent variable in all models is the change in the log fraction of 

population ages 60+, for which we instrument as above. The two-stage least squares estimates 

are shown in Table 4. First, we find little effect of population aging on age-specific employment 

growth.  The estimate for the 20-39 age group is 0.001.  We estimate a negative and larger 

magnitude for the 60+ age group of -0.074, though the estimate is markedly less precise than 

those for the younger age groups and not statistically different from zero.  While in Table 2 we 

observed evidence of overall reductions in the employment rate, we do not find strong evidence 

of reductions for any specific age group, suggesting that population aging induces lower growth 

in employment per capita by shifting a greater share of the population into older age groups with 

lower propensities to work.   

In the second panel of Table 4, the outcome is the change in the log of the wage, defined 

as total labor earnings divided by total hours worked (by age group, state, and year).  We 

estimate large losses in wage growth for the 60+ population: a 10% increase in the fraction of 

population ages 60+ reduces wage growth for workers ages 60+ by 3.4%. This effect is 

consistent with productivity losses among older workers, including compositional shifts that 

might arise from older workers switching to less productive roles or occupations (e.g., bridge 

jobs) or the earlier retirement of relatively productive workers.  

Third, we also estimate losses in wage growth for younger workers: population aging 

reduces wage growth for workers ages 40-59 by 2.9% and workers 20-39 by 1.7%, though the 

latter estimate is not statistically different from zero. The reduction in wage growth for workers 

in younger age groups could arise from the loss of positive production spillovers from retiring 

older workers to their younger counterparts.30 This finding is consistent with Jäger and Heining 

(2019) who find the exogenous departure (unexpected death) of a high-skilled co-worker or 

manager results in a wage decrease for incumbent coworkers, pointing to a loss of positive 

productivity spillovers among complementary workers. Similarly, new evidence from Italy finds 

no effect on employment or firm productivity from a pension reform that resulted in delayed 

 
30 The presence of negative wage growth effects across the age distribution is also consistent with efficiency losses 
arising from the “thinning” of labor markets in areas with faster population aging (Gan and Li, 2004). 
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retirement of older workers (Carta et al. 2021).31 More generally, lower average productivity 

among older workers may affect younger groups if younger and older workers are 

complementary inputs in production, resulting in slower wage growth for both groups. Other 

mechanisms include the possibility that population aging induces less innovation, new business 

formation or the adoption of new technologies within existing businesses, impacting the 

productivity of all age groups. Recent research finds population aging leads to less 

entrepreneurship (Karahan et al. 2019, Liang et al. 2018, Bornstein 2020, Engbom 2019), which 

in turn slows productivity growth (Decker et al. 2017, Alon et al. 2018).32 

While further research is needed to identify the precise mechanisms at work, our findings 

foretell a further slowdown in labor productivity growth reflecting not only compositional 

differences in the workforce but also real productivity losses among individuals across the age 

spectrum. At the same time, greater investment in human capital development throughout the 

lifecycle, greater utilization of labor-augmenting automation, and policies and practices that 

encourage employment at older ages could prevent these losses to some degree. 

 

VI. Generalizability to the National Level 

Our estimates imply that differential population aging across U.S. states has led to 

important cross-state differences in economic growth.  Extrapolating our estimates to explain or 

predict national trends requires additional considerations. An important advantage of our 

research design based on differential population aging across states in comparison to cross-

country designs is that it controls for common national shocks. An important disadvantage is that 

it omits the effects of any nationwide or federal policy response to population aging, which could 

either exacerbate or counteract the effects of population aging in aggregate. Ramey (2011) points 

out that state-based estimates of the fiscal multiplier of government spending will tend to 

overstate the multiplier because they cannot account for the offsetting effects of taxation 

required to finance the spending. Similarly, Bornstein (2020) shows how a model accounting for 

 
31 However, Bianchi et al. (2020) study the same Italian pension reform and find that delayed retirement of older 
workers results in a negative employment effect on younger workers with limited promotion opportunities in smaller 
firms. 
32 Appendix Table A.14 presents decadal estimates of the age-specific employment and wage effects of population 
aging, showing that the negative spillover effects were strongest in the 1980s when the employment rate of older 
individuals reached historical lows. Since then, the employment rate of older individuals has risen and the diffusion 
of technology has changed the skill demands of many jobs, potentially putting some older workers at a disadvantage. 
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general equilibrium effects reduces the amount of the decline in the business startup rate 

explained by consumer inertia relative to the reduced-form model of variation across states. 

In our setting, suppose the federal government raised the payroll tax rate or the Social 

Security taxable maximum in order to fund aging-related increases in Medicare expenditures or 

Social Security benefits. If all states were affected uniformly by the tax increase, then our 

estimates would understate the aggregate effect of population aging on economic growth since 

they would not capture the distortionary effect of the tax on labor supply, which would further 

slow economic growth. On the other hand, federal policies such as the ongoing scheduled 

increase in the Social Security full retirement age, the actuarial increase in the credit for delayed 

claiming of Social Security benefits, or the partial removal of the Social Security earnings test in 

2000, might have increased labor supply, ameliorating the effect of population aging on 

aggregate economic growth. Although our estimates miss the portion of any response to federal 

policy that is common across states, they do capture effects arising from the interaction of 

federal policy with aging-induced state economic conditions (e.g., an increase in the Social 

Security taxable maximum income level would affect states differently depending on the state 

income distribution induced by population aging).  Similarly, our results do not account for 

aggregate general equilibrium effects (e.g., aging-induced changes in rates of return, asset prices, 

national debt) except to the extent they interact differentially with aging-driven state economic 

conditions.     

Another issue in our context is that the effects of population aging at the state level may 

be exacerbated or ameliorated by the systematic reallocation of skills across states.  An aging 

population, especially one that is aging in a predictable fashion, may induce higher skilled 

workers to relocate to a state that is aging more slowly.  Since this behavior is in response to 

(predicted) aging, it is part of the causal effect that we capture (unlike changes in the elderly 

share due to confounding factors that also affect local economic growth).  However, this type of 

migration is less likely to occur across countries than within countries, so its role is important to 

quantify before extrapolating the estimates to the national level. 

To assess the migration response to population aging, we focus on two outcomes: (1) the 

size of the state population (as a measure of migration); and (2) the fraction of individuals with 

less than 4 years of college (as a measure of labor force skill).  We present the estimates in Table 

5.  We find no statistical relationship between changes in the older share and changes in the log 
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of the population size for the period as a whole or for any decade, indicating that migration does 

not react to state-level population aging. The point estimates are positive which is consistent with 

people migrating to states that are aging more rapidly. 

Similarly, for the fraction of the adult population with less than 4 years of college,33 we 

estimate small and statistically insignificant effects of changes in the older share.  Overall, we 

find little evidence of any systematic migration resulting from population aging which could 

either increase or decrease the magnitude of our results. 

 

VII. Discussion and Conclusion 

The rapid aging of the U.S. population is expected to slow economic growth and place 

considerable strain on government entitlement programs. Noting that population aging has been 

long underway in the U.S., and that changes in the population age structure were largely 

predetermined by historical trends in the age structure, we use variation in the predicted rate of 

population aging across U.S. states as an instrumental variable to identify the impact of 

population aging on growth in state output per capita between 1980-2010.  Over this time period 

and across states, we observe substantial variation in population aging, including aging rates 

comparable to rates forecasted for the U.S. as a whole in the near future.   

Our estimate of the elasticity of per capita GDP growth with respect to population aging 

is -0.55; that is, a 10% increase in the fraction of the population ages 60+ (equivalent to a 2.4 pp 

increase in the older share) decreases growth in GDP per capita by 5.5%. Our decompositions 

imply that 2/3 of the total effect of population aging on growth in GDP per capita has arisen from 

slower labor productivity growth, while 1/3 has been due to slower growth in employment per 

capita. Our analysis also suggests the slowdown in labor productivity growth was not fully offset 

by capital deepening or labor-augmenting technical change. The reduction in labor productivity 

growth was matched by a reduction in hourly compensation and wage growth that accrued to 

younger workers as well as older workers, indicating the labor productivity slowdown was broad 

based. Such widespread impacts could arise from productivity externalities across age groups or 

from slowing rates of innovation and entrepreneurship.  

 
33 The Census does not measure college degree status consistently across our sample period.  
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Most studies in the literature have concluded the relationship between population aging 

and economic outcomes is negative. For example, Sheiner et al. (2007) and Sheiner (2014) 

calculated the downward consumption adjustments required (now or later) to offset the negative 

effects of population aging on output per person. Gagnon et al. (2021) attributed the entire 

decline in real GDP growth since 1980 to population aging. Nonetheless, the emphasis in this 

literature has been on the labor force growth channel (e.g., Aaronson et al., 2006, Aaronson et 

al., 2014); it was not expected that population aging would also reduce labor productivity growth 

(National Research Council 2012; Fernald and Jones 2014; Fernald, 2016; Gordon 2016). As a 

representative example, the National Research Council (2012) predicted a slowdown in growth 

in GDP per capita of 0.33-0.55 pp per year relative to the long-run rate of 1.88% between 2010-

2050, arising entirely from slowing labor force growth with no change in labor productivity. Our 

elasticity for growth in employment per capita alone implies an annual reduction in GDP per 

capita growth similar to their estimate of the total effect of population aging.   

Only a handful of studies have considered the labor productivity channel. Feyrer (2007, 

2008) found total factor productivity growth decreased as the share of workers who were ages 

50+ rose in OECD and low-income countries between 1960 and 199034 and Aiyar et al. (2016) 

concluded the share of workers ages 55-64 reduced labor productivity growth in Europe between 

1950 to 2014, primarily through its negative effect on total factor productivity.35  

Other influential studies have emphasized the possibility of offsetting effects arising from 

economic responses to labor scarcity. Cutler et al. (1990) documented positive correlations 

between population aging, per capita output growth, and productivity growth across OECD 

countries between 1960-1985, arguing that although slowing labor force growth puts downward 

pressure on growth in output per capita, it may also trigger capital deepening and/or technical 

change sufficient to offset that pressure. Acemoglu and Restrepo (2017) illustrate the technical 

change mechanism by deriving theoretical conditions under which the relative scarcity of labor 

could trigger capital investments in automation; they document a positive relationship between 

workforce aging (defined as the ratio of older to younger workers) and growth in output per 

capita in 169 countries between 1990-2015. But, importantly, Eggertsson et al. (2019) show the 

 
34 Feyrer (2008) also estimated models of changes in wage growth on changes in the age distribution of the 
workforce at the state and metropolitan levels using U.S. data. 
35 In addition, Daniele et al. (2020) estimate the effect of the ratio of older to young workers across small regions in 
the OECD.  They find evidence of reductions in productivity growth, predominantly in urban areas.   
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positive empirical relationship turns negative in settings where aging-induced capital deepening 

does not occur.36 Börsch-Supan (2003) noted in the context of Germany that capital deepening 

was unlikely to be large enough to offset the negative effects of aging on economic growth.37  

Extrapolating our elasticities to the national level offers insight into the historical and 

potential future impacts of population aging on growth in national GDP per capita. Between 

1980 and 2010, the older share increased by 16.8% in the United States. Thus, our estimate 

implies that per capita GDP over the same time period was 9.2% lower—a cumulative loss of 7.4 

pp over the 30-year period—than it otherwise would have been absent population aging.38  

Annualizing this rate, this decrease corresponds to a decline in the annual rate of growth of 0.3 

pp per year over a time period when the average annual growth rate was 1.88 pp.    

 Over 2010-2020, the older population share rose 21%.  Our estimates imply that 

population aging accounted for an average loss of 1.2 pp per year during this time period.  

Demographic projections suggest that, between 2020-2030, the older population share will rise 

by 11%.  Our results, therefore, imply a potential reduction in annual growth of 0.6 pp per year 

due to population aging over the next decade.   

An important limitation of our estimates is that they do not account for aggregate effects 

that accrue uniformly across the nation.39  Population aging may trigger federal policy or 

aggregate general equilibrium effects that cannot be captured in a state-based research design, 

except to the extent they interact differentially with state economic conditions.  As a result, our 

estimates do not preclude even larger effects of population aging on per-capita economic growth 

in the United States in the coming decades. On the other hand, further improvements in human 

capital and investments in labor-augmenting technologies, coupled with greater labor force 

participation at older ages could temper these effects, as well as reduce the magnitude of changes 

in federal policy that will be required to address them. 

  

 
36 Such was the case in the U.S. and other OECD countries between 2008-2015, when low interest rates have been 
unable to adjust downward to equate investment and savings (Eggertsson et al. 2019). 
37 In a similar vein, Vogel et al. (2017) calibrate an overlapping generations model that assumes capital deepening 
will increase human capital investment leading to increased labor productivity. 
38 Per capita GDP increased by 72.8% from 1980 to 2010.  Authors’ calculations using Federal Reserve Economic 
Data (https://fred.stlouisfed.org/series/A939RX0Q048SBEA) on real GDP per capita for July 1, 1980 and July 1, 
2010. 
39 The National Research Council also did not account for general equilibrium effects of population aging on the 
federal budget that might lead to changes in tax policy, so this is not a source of difference between our estimate and 
their forecast. 
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Figures

Figure 1: Percent of United States Population Age 60+: Actual and Projected – 1900-2050
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Source: U.S. Census Bureau, compiled by U.S. Administration on Aging (2014).
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Figure 2: Relationships between Aging, Predicted Aging, and Economic Growth
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Notes: Number of observations in each figure=153. Size of bubbles reflects state population size. The predicted growth rate
of the percentage of the population ages 60+ is based on the 10-year lag instrument. We use 1980-2010 data. Each point
represents a 10 year growth rate (in real terms).
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Tables

Table 1: Main Results by Instrument Lag

Panel A: Reduced Form Estimates

Dependent Variable: ∆ ln (GDP / N)
10 Year Lag 20 Year Lag 30 Year Lag 40 Year Lag

∆ ln( Â

N̂
) -0.390*** -0.312** -0.310* -0.248

(0.134) (0.126) (0.160) (0.172)

Panel B: First Stage Estimates

Dependent Variable: ∆ ln (A / N)
10 Year Lag 20 Year Lag 30 Year Lag 40 Year Lag

∆ ln( Â

N̂
) 0.716*** 0.621*** 0.689*** 0.457***

(0.054) (0.062) (0.074) (0.127)
First Stage F-Statistic 174.24 103.47 85.07 13.02

Panel C: Instrumental Variable Estimates

Dependent Variable: ∆ ln (GDP / N)
10 Year Lag 20 Year Lag 30 Year Lag 40 Year Lag

∆ ln(A
N

) -0.545*** -0.503*** -0.450** -0.543
(0.173) (0.184) (0.214) (0.325)

Notes: Significance Levels: *10%, **5%, ***1%. Num. Obs.=153 in all regressions. Standard errors in parentheses adjusted
for clustering at state level. Each observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. Other variables
included: year dummies; the log of the fraction of workers in the applicable initial period (i.e., period t) working in each
of the following industries: agriculture, mining, construction, manufacturing, transportation, communications / utilities,
wholesale trade, retail trade, finance / insurance / real estate, business and repair services, personal services, recreation
services, professional services, and public administration. The industry composition variables are interacted with the time
dummies to allow the effects of initial industry composition to vary by year.

33



Table 2: Decomposing Main Effect

(1) (2) (3) (4)
Instrument Length: 10 Year Lag

Dependent Variable: ∆ ln(GDP / N) ∆ln(GDP / Hours) ∆ln(H / L) ∆ln(L/N)
∆ ln(A

N
) -0.545*** -0.343** -0.031 -0.172***

(0.173) (0.151) (0.033) (0.047)

Notation: L = number of workers; Hours = total number of hours worked

Notes: Significance Levels: *10%, **5%, ***1%. Num. Obs.=153 in all regressions. Standard errors in parentheses
adjusted for clustering at state level. Each observation is weighted by period t population. ∆y ≡ ys,t+10 − yst.
The coefficients presented in Columns (2), (3), and (4) mechanically sum to the main effect presented in Column
(1). Other variables included: year dummies; the log of the fraction of workers in the applicable initial period (i.e.,
period t) working in each of the following industries: agriculture, mining, construction, manufacturing, transportation,
communications / utilities, wholesale trade, retail trade, finance / insurance / real estate, business and repair services,
personal services, recreation services, professional services, and public administration. The industry composition
variables are interacted with the time dummies to allow the effects of initial industry composition to vary by year.
We estimate using 2SLS.

Table 3: Decomposing the Productivity Effect

Decomposing ∆ln(GDP/Hours)
(1) (2)

Dependent Variable: ∆ln(GDP/Compensation) ∆ln(Compensation/Hours)

∆ ln(A
N

) -0.011 -0.331***
(0.108) (0.123)

Num. Obs. 153 153
Dependent Variable: ∆ln(GDP/Earnings) ∆ln(Earnings/Hours)

∆ ln(A
N

) -0.145 -0.197*
(0.112) (0.113)

Num. Obs. 153 153

Notation: Hours = total number of hours worked; Earnings = total labor earnings; Compensation = total compensa-
tion paid to workers.

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level.
Each observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. The coefficients in Columns (1) and (2)
mechanically add up to the effect estimated in Column (2) of Table 2. Other variables included: year dummies; the
log of the fraction of workers in the applicable initial period (i.e., period t) working in each of the following industries:
agriculture, mining, construction, manufacturing, transportation, communications / utilities, wholesale trade, retail
trade, finance / insurance / real estate, business and repair services, personal services, recreation services, professional
services, and public administration. The industry composition variables are interacted with the time dummies to
allow the effects of initial industry composition to vary by year. We estimate using 2SLS with the 10 year lagged
instrument.
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Table 4: Age-Specific Labor Outcomes

Outcome: ∆ ln(Employment Rate)

Age Group: 20-39 40-59 60+
∆ ln(A

N
) 0.001 -0.011 -0.074

(0.040) (0.039) (0.143)

Outcome: ∆ ln(Wage)

Age Group: 20-39 40-59 60+
∆ ln(A

N
) -0.165 -0.291** -0.341***

(0.123) (0.120) (0.120)

Notes: Significance Levels: *10%, **5%, ***1%. Number of observations=153. Standard errors in
parentheses adjusted for clustering at state level. Each observation is weighted by period t population.
∆y ≡ ys,t+10 − yst. The outcome is the log of the number of people working scaled by the total
number of people (by age group) or the log of the average wage (total earnings scaled by total hours).
Other variables included: year dummies; the log of the fraction of workers in the applicable initial
period (i.e., period t) working in each of the following industries: agriculture, mining, construction,
manufacturing, transportation, communications / utilities, wholesale trade, retail trade, finance /
insurance / real estate, business and repair services, personal services, recreation services, professional
services, and public administration. The industry composition variables are interacted with the time
dummies to allow the effects of initial industry composition to vary by year. We estimate using 2SLS
with the 10 year lagged instrument.
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Table 5: Testing for Reallocation of Skills

Dependent Variable: ∆ ln(Population)

1980-2010 1980-1990 1990-2000 2000-2010
∆ ln(A

N
) 0.150 0.353 0.382 0.007

(0.194) (0.414) (0.867) (0.133)
Num. Obs. 153 51 51 51

Dependent Variable: ∆ ln(Fraction with Less Than 4 Years College)

1980-2010 1980-1990 1990-2000 2000-2010
∆ ln(A

N
) 0.019 0.063 -0.082 0.030

(0.054) (0.057) (0.177) (0.046)
Num. Obs. 153 51 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level. Each
observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. Other variables included: year dummies; the log of the
fraction of workers in the applicable initial period (i.e., period t) working in each of the following industries: agriculture,
mining, construction, manufacturing, transportation, communications / utilities, wholesale trade, retail trade, finance /
insurance / real estate, business and repair services, personal services, recreation services, professional services, and public
administration. The industry composition variables are interacted with the time dummies to allow the effects of initial
industry composition to vary by year. We estimate using 2SLS with the 10 year lagged instrument.
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Appendix: For Online Publication Only

Figure A.1A: Growth Rate in Age 60+ Population by State: 1980-1990

>15% Growth
5−15% Growth
0−5% Growth
<0% Growth

Notes: We use 1980 and 1990 Census data to construct the fraction of each state’s population ages 60+.
This map refers to the percentage change in this metric between 1980 and 1990.
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Figure A.1B: Growth Rate in Age 60+ Population by State: 1990-2000

>15% Growth
5−15% Growth
0−5% Growth
<0% Growth

Notes: We use 1990 and 2000 Census data to construct the fraction of each state’s population ages 60+.
This map refers to the percentage change in this metric between 1990 and 2000.

Figure A.1C: Growth Rate in Age 60+ Population by State: 2000-2010

>15% Growth
5−15% Growth
0−5% Growth
<0% Growth

Notes: We use 2000 and 2010 Census data to construct the fraction of each state’s population ages 60+.
This map refers to the percentage change in this metric between 2000 and 2010.
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Figure A.2A: Growth Rate in Real Per Capita GDP by State: 1980-1990

>25% Growth
15−25% Growth
5−15% Growth
<5% Growth

Notes: We use 1980 and 1990 BEA data to construct per capita GDP. This map refers to the percentage
change in real terms between 1980 and 1990.

Figure A.2B: Growth Rate in Real Per Capita GDP by State: 1990-2000

>25% Growth
15−25% Growth
5−15% Growth
<5% Growth

Notes: We use 1990 and 2000 BEA data to construct per capita GDP. This map refers to the percentage
change in real terms between 1990 and 2000.

39



Figure A.2C: Growth Rate in Real Per Capita GDP by State: 2000-2010

>25% Growth
15−25% Growth
5−15% Growth
<5% Growth

Notes: We use 2000 and 2010 BEA data to construct per capita GDP. This map refers to the percentage
change in real terms between 2000 and 2010.

Figure A.3: IV Elasticity Estimate: Dropping One State at a Time
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Notes: We replicate the Table 2, Panel A, first column estimate (= -0.545) but dropping one state at a time
to test whether the result is driven by a specific outlier. We plot the estimate and 95% confidence intervals.
See Table 2 notes for more information on estimation.
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Table A.1: Summary Statistics
1990, 2000, 2010 (N=153)

Mean Standard Dev Min Max
Fraction of Population 60+ 0.240 0.029 0.095 0.313

Percent Change in Fraction of Population 60+ 4.258 7.901 -9.089 47.073
Predicted Percent Change in Fraction of Population 60+ 4.445 8.338 -14.103 59.196

Percent Change in GDP per Capita 8.723 9.380 -34.507 45.932
Percent Change in GDP per Worker 9.051 8.003 -31.608 45.216

Percent Change in GDP per Compensation Dollar 2.090 3.631 -25.977 17.660
Percent Change in Employment-to-Population Ratio -0.314 4.225 -10.022 9.262

1990 (N=51)

Mean Standard Dev Min Max
Fraction of Population 60+ 0.236 0.030 0.095 0.313

Percent Change in Fraction of Population 60+ 2.141 4.959 -6.802 25.911
Predicted Percent Change in Fraction of Population 60+ 2.307 5.078 -9.113 54.631

Percent Change in GDP per Capita 9.907 10.933 -16.343 35.152
Percent Change in GDP per Worker 4.683 9.075 -18.801 27.137

Percent Change in GDP per Compensation Dollar 3.354 3.187 -10.264 12.604
Percent Change in Employment-to-Population Ratio 4.887 1.961 -1.709 9.262

2000 (N=51)

Mean Standard Dev Min Max
Fraction of Population 60+ 0.228 0.028 0.123 0.297

Percent Change in Fraction of Population 60+ -3.066 3.122 -9.089 28.764
Predicted Percent Change in Fraction of Population 60+ -2.836 4.321 -14.103 39.822

Percent Change in GDP per Capita 13.934 5.651 -34.507 26.181
Percent Change in GDP per Worker 14.408 5.462 -31.608 28.871

Percent Change in GDP per Compensation Dollar 0.674 4.131 -25.977 17.660
Percent Change in Employment-to-Population Ratio -0.406 1.919 -6.392 3.117

2010 (N=51)

Mean Standard Dev Min Max
Fraction of Population 60+ 0.255 0.024 0.181 0.308

Percent Change in Fraction of Population 60+ 12.324 4.678 0.219 47.073
Predicted Percent Change in Fraction of Population 60+ 12.487 5.749 -1.898 59.196

Percent Change in GDP per Capita 3.233 7.752 -18.784 45.932
Percent Change in GDP per Worker 7.676 6.315 -9.738 45.216

Percent Change in GDP per Compensation Dollar 2.370 3.068 -7.499 17.042
Percent Change in Employment-to-Population Ratio -4.208 2.259 -10.022 1.806

Notes: Unit of observation is state-year. There are 51 observations per year and 153 total. All percent changes are defined

in real terms and refer to ten year changes:
Xt−Xt−10

Xt−10
. “GDP per Compensation Dollar” refers to GDP divided by total

compensation to employees (wages and in-kind benefits). The “Predicted Percent Change in Fraction of Population 60+”
variable is generated using the t − 10 age structure and national survival ratios. See equation (2) for details. Population
denominators (“per Capita”) refer to the age 20+ population.
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Table A.2: Ordinary Least Squares Estimates

Dependent Variable: ∆ ln (GDP / N)

1980-2010 1980-1990 1990-2000 2000-2010
∆ ln(A

N
) -0.826*** -0.853*** -1.344*** -0.608***

(0.140) (0.220) (0.332) (0.208)
Num. Obs. 153 51 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level. Each
observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. Other variables included: year dummies; the log of the
fraction of workers in the applicable initial period (i.e., period t) working in each of the following industries: agriculture,
mining, construction, manufacturing, transportation, communications / utilities, wholesale trade, retail trade, finance /
insurance / real estate, business and repair services, personal services, recreation services, professional services, and public
administration. The industry composition variables are interacted with the time dummies to allow the effects of initial
industry composition to vary by year.
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Table A.3: Results by Decade (10 year lagged instrument)

Panel A: Reduced Form Estimates

Dependent Variable: ∆ ln (GDP / N)
1980-2010 1980-1990 1990-2000 2000-2010

∆ ln( Â

N̂
) -0.390*** -0.563** -0.375 -0.306**

(0.134) (0.215) (0.429) (0.172)
Num. Obs. 153 51 51 51

Panel B: First Stage Estimates

Dependent Variable: ∆ ln (A / N)
1980-2010 1980-1990 1990-2000 2000-2010

∆ ln( Â

N̂
) 0.716*** 0.627*** 0.504*** 0.865***

(0.054) (0.119) (0.161) (0.071)
Num. Obs. 153 51 51 51

Panel C: Instrumental Variable Estimates

Dependent Variable: ∆ ln (GDP / N)
1980-2010 1980-1990 1990-2000 2000-2010

∆ ln(A
N

) -0.545*** -0.898** -0.744 -0.354**
(0.173) (0.336) (0.655) (0.194)

Num. Obs. 153 51 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level. Each
observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. Other variables included: year dummies; the log of the
fraction of workers in the applicable initial period (i.e., period t) working in each of the following industries: agriculture,
mining, construction, manufacturing, transportation, communications / utilities, wholesale trade, retail trade, finance /
insurance / real estate, business and repair services, personal services, recreation services, professional services, and public
administration. The industry composition variables are interacted with the time dummies to allow the effects of initial
industry composition to vary by year. We estimate using 2SLS with the 10 year lagged instrument.
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Table A.4: Effects of Other Age Groups

Dependent Variable: ∆ ln (GDP / N)

∆ ln(Ages 30-39/N) -0.112
(0.192)

∆ ln(Ages 40-49/N) -0.279 -0.261
(0.226) (0.218)

∆ ln(Ages 50-59/N) -0.104 -0.051 -0.063
(0.228) (0.200) (0.198)

∆ ln(Ages 60+/N) -0.594*** -0.550*** -0.527*** -0.545***
(0.191) (0.153) (0.164) (0.173)

Num. Obs 153 153 153 153

Dependent Variable: ∆ ln (GDP / N)

∆Ages 30-39/N -0.539
(0.939)

∆Ages 40-49/N -1.576 -1.45
(1.197) (1.177)

∆Ages 50-59/N -0.848 -0.462 -0.543
(1.615) (1.399) (1.391)

∆Ages 60+/N -2.252** -2.019*** -1.901** -2.030**
(0.894) (0.748) (0.795) (0.828)

Num. Obs. 153 153 153 153

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level.
Each observation is weighted by period t population. ∆y ≡ ys,t+10−yst. Other variables included: year dummies; the
log of the fraction of workers in the applicable initial period (i.e., period t) working in each of the following industries:
agriculture, mining, construction, manufacturing, transportation, communications / utilities, wholesale trade, retail
trade, finance / insurance / real estate, business and repair services, personal services, recreation services, professional
services, and public administration. The industry composition variables are interacted with the time dummies to
allow the effects of initial industry composition to vary by year. We estimate using 2SLS with the 10 year lagged
instruments. In the bottom half of the table, age share levels (not logs) are used. The instruments are also expressed
in levels.
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Table A.5: Controlling for Initial Per Capita GDP

Dependent Variable: ∆ ln(GDP/N)

(1) (2)
∆ ln(A

N
) -0.603*** -0.778***

(0.138) (0.194)
Instruments for ∆ ln(GDP/N)t 10+ years 20+ years

Num. Obs. 153 153

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at
state level. Each observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. Other variables
included: year dummies; the log of the fraction of workers in the applicable initial period (i.e., period t)
working in each of the following industries: agriculture, mining, construction, manufacturing, transportation,
communications / utilities, wholesale trade, retail trade, finance / insurance / real estate, business and
repair services, personal services, recreation services, professional services, and public administration. The
industry composition variables are interacted with the time dummies to allow the effects of initial industry
composition to vary by year. We estimate using IV-GMM with the 10 year lagged instrument. We also
control for ∆ ln(GDP/N)t and consider this variable endogenous. In Column (1), we include lagged levels
of the log of per capita GDP for years t−10 and earlier as instruments. In Column (2), we use lagged levels
of the log of per capita GDP for years t− 20 and earlier as instruments.

Table A.6: Including Leads: 1980-2000

Dependent Variable: ∆ ln(GDP/N)t+10

(1) (2)
∆ ln(A

N
)t+10 -0.833** -1.012***

(0.361) (0.329)
∆ ln(A

N
)t+20 0.131

(0.266)
Num. Obs. 102 102

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at
state level. Each observation is weighted by period t population. ∆yt+10 ≡ ys,t+10 − yst. Other variables
included: year dummies; the log of the fraction of workers in the applicable initial period (i.e., period t)
working in each of the following industries: agriculture, mining, construction, manufacturing, transportation,
communications / utilities, wholesale trade, retail trade, finance / insurance / real estate, business and
repair services, personal services, recreation services, professional services, and public administration. The
industry composition variables are interacted with the time dummies to allow the effects of initial industry
composition to vary by year. We estimate using 2SLS with the 10 year lagged instrument. In Column (1),
we estimate our main specification using only 1980-2000 data. In Column (2), we add the change in aging
for the next 10 years. The instruments are the predicted aging variables for years t + 10 (as before) and
t + 20 (new).
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Table A.7: Instrumental Variable Poisson Estimates: Effect of Aging on GDP Growth

Dependent Variable: GDP / N

1980-2010 1980-1990 1990-2000 2000-2010
∆ ln(A

N
) -0.509*** -0.924*** -0.962** -0.337**

(0.129) (0.283) (0.453) (0.136)
Num. Obs. 153 51 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level. Each
observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. The outcome is period t + 1 per capita GDP. Period
t log of GDP per capita is included as an offset (the coefficient is constrained to equal 1). Other variables included: year
dummies; the log of the fraction of workers in the applicable initial period (i.e., period t) working in each of the following
industries: agriculture, mining, construction, manufacturing, transportation, communications / utilities, wholesale trade,
retail trade, finance / insurance / real estate, business and repair services, personal services, recreation services, professional
services, and public administration. The industry composition variables are interacted with the time dummies to allow the
effects of initial industry composition to vary by year. We estimate using IV-Poisson with the 10 year lagged instrument.

Table A.8: Instrumental Variable Estimates: Weighted vs Unweighted Results

Dependent Variable: ∆ ln (GDP / N)

Weighted by Population
1980-2010 1980-1990 1990-2000 2000-2010

∆ ln(A
N

) -0.545*** -0.898** -0.744 -0.354**
(0.173) (0.336) (0.655) (0.194)

Num. Obs. 153 51 51 51
Unweighted

1980-2010 1980-1990 1990-2000 2000-2010
∆ ln(A

N
) -0.478*** -0.361 -0.996*** -0.258**

(0.161) (0.319) (0.369) (0.152)
Num. Obs. 153 51 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level.
∆y ≡ ys,t+10−yst. Other variables included: year dummies; the log of the fraction of workers in the applicable initial period
(i.e., period t) working in each of the following industries: agriculture, mining, construction, manufacturing, transportation,
communications / utilities, wholesale trade, retail trade, finance / insurance / real estate, business and repair services,
personal services, recreation services, professional services, and public administration. The industry composition variables
are interacted with the time dummies to allow the effects of initial industry composition to vary by year. We estimate using
2SLS with the 10 year lagged instrument.
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Table A.9: IV Estimates with Region-Year Interactions: Effect of Aging on GDP Growth

Dependent Variable: ∆ ln(GDP / N)

1980-2010 1980-1990 1990-2000 2000-2010
∆ ln(A

N
) -0.585** -0.690 -0.895 -0.447**

(0.250) (0.463) (0.668) (0.235)
Num. Obs. 153 51 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level. Each
observation is weighted by period t population. ∆y ≡ ys,t+10−yst. Other variables included: year dummies interacted with
Census Region indicators; the log of the fraction of workers in the applicable initial period (i.e., period t) working in each
of the following industries: agriculture, mining, construction, manufacturing, transportation, communications / utilities,
wholesale trade, retail trade, finance / insurance / real estate, business and repair services, personal services, recreation
services, professional services, and public administration. The industry composition variables are interacted with the time
dummies to allow the effects of initial industry composition to vary by year. We estimate using 2SLS with the 10 year
lagged instrument.

Table A.10: Using Previous Year’s State of Residence: 2000-2010

OLS Reduced Form First Stage IV

∆ ln(A
N

) -0.634*** -0.348** 0.878*** -0.396**
(0.204) (0.174) (0.070) (0.192)

Num. Obs. 51 51 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level. Each
observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. Other variables included: year dummies; the log of the
fraction of workers in the applicable initial period (i.e., period t) working in each of the following industries: agriculture,
mining, construction, manufacturing, transportation, communications / utilities, wholesale trade, retail trade, finance /
insurance / real estate, business and repair services, personal services, recreation services, professional services, and public
administration. The industry composition variables are interacted with the time dummies to allow the effects of initial
industry composition to vary by year. For this table, ∆ ln( A

N
) (and the corresponding instrument) are generated using

each individual’s prior year state of residence. This information is first available in the 2000 Census. ∆ ln( A
N

) refers to the
predicted value in the Reduced Form and First Stage columns. We estimate using 2SLS with the 10 year lagged instrument.
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Table A.12: Decomposing Main Effect – Alternative Instrument Lag Lengths
(1) (2) (3) (4)

Instrument Length: 20 Year Lag

Dependent Variable: ∆ ln(GDP / N) ∆ln(GDP / Hours) ∆ln(H / L) ∆ln(L/N)

∆ ln( A
N

) -0.503*** -0.285* -0.027 -0.191***
(0.184) (0.147) (0.037) (0.053)

Instrument Length: 30 Year Lag

Dependent Variable: ∆ ln(GDP / N) ∆ln(GDP / Hours) ∆ln(H / L) ∆ln(L/N)

∆ ln( A
N

) -0.450** -0.266 -0.033 -0.151***
(0.214) (0.193) (0.035) (0.047)

Instrument Length: 40 Year Lag

Dependent Variable: ∆ ln(GDP / N) ∆ln(GDP / Hours) ∆ln(H / L) ∆ln(L/N)

∆ ln( A
N

) -0.543 -0.279 -0.023 -0.241***
(0.325) (0.311) (0.057) (0.078)

Notation: L = number of workers; Hours = total number of hours worked

Notes: Significance Levels: *10%, **5%, ***1%. Num. Obs.=153 in all regressions. Standard errors in parentheses
adjusted for clustering at state level. Each observation is weighted by period t population. ∆y ≡ ys,t+10 − yst.
The coefficients presented in Columns (2), (3), and (4) mechanically sum to the main effect presented in Column
(1). Other variables included: year dummies; the log of the fraction of workers in the applicable initial period (i.e.,
period t) working in each of the following industries: agriculture, mining, construction, manufacturing, transportation,
communications / utilities, wholesale trade, retail trade, finance / insurance / real estate, business and repair services,
personal services, recreation services, professional services, and public administration. The industry composition
variables are interacted with the time dummies to allow the effects of initial industry composition to vary by year.
We estimate using 2SLS.
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Table A.13: Effects on Capital per Worker

Dependent Variable: ∆ ln (K / L)

1980-2000 1980-1990 1990-2000
∆ ln(A

N
) 0.106 0.228 -0.061

(0.291) (0.340) (0.575)
Num. Obs. 102 51 51

Notes: Significance Levels: *10%, **5%, ***1%. Standard errors in parentheses adjusted for clustering at state level. Each
observation is weighted by period t population. ∆y ≡ ys,t+10 − yst. Other variables included: year dummies; the log of the
fraction of workers in the applicable initial period (i.e., period t) working in each of the following industries: agriculture,
mining, construction, manufacturing, transportation, communications / utilities, wholesale trade, retail trade, finance /
insurance / real estate, business and repair services, personal services, recreation services, professional services, and public
administration. The industry composition variables are interacted with the time dummies to allow the effects of initial
industry composition to vary by year. We estimate using 2SLS with the 10 year lagged instrument.
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