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Relative Sizes of Age Cohorts and  
Labor Force Participation of Older Workers 

Abstract 

We study the effects of the size of older cohorts on labor force participation (LFP) and wages of 
older workers.  In the standard relative supply framework usually applied to relative cohort size, 
we would expect larger older cohorts to experience lower wages and hence lower employment or 
LFP.  However, there are two reasons that we might find a positive effect.  First, we might 
expect the age structure of the population to affect the composition of consumption and, hence, 
labor demand; it is possible that the age structure of employment is such that relative labor 
demand for an age cohort increases when the relative size of that cohort increases.  Second, a 
large older cohort implies that the old cohort is large relative to at least some other narrowly-
defined age cohorts.  If two age cohorts are substitutable, then a decline in the relative size of one 
of them can imply an increase in the relative demand for the other.   

We use panel data on states, treating the age structure of the population as endogenous, owing to 
migration.  We find that when older cohorts are large relative to a young cohort, the evidence fits 
the relative supply hypothesis.  But when older cohorts are large relative to 25 to 49 year olds, 
the evidence points to a relative demand shift.  Thus, we need a more nuanced view than simply 
whether the older cohort is large relative to the population; the cohort they are large relative to 
matters.   
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Introduction 

The Baby Boom and other, less-dramatic fluctuations in the sizes of birth cohorts generate 

substantial shifts in the relative sizes of older versus younger cohorts.  Existing work on the 

effects of cohort size on labor markets in the United States has tended to focus on the effects of 

own cohort size on wages (e.g., Welch 1979), and sometimes on employment or unemployment 

(e.g., Korenman and Neumark 2000).  These studies (as well as work for other countries, such as 

Morin (2015) for Canada), have tended to focus on the effects on youths of entering the labor 

market as part of a large cohort.  In general, past studies find that youths entering the labor 

market as part of large cohorts fare worse — earning lower wages, and as a result having lower 

employment rates — at least initially.  These effects are interpreted as “relative supply” or 

“cohort crowding” effects of a cohort’s relative size, with a large cohort shifting out labor 

supply, depressing wages and hence employment or labor force participation rates (via the 

reservation wage effect).  The evidence that larger cohorts experience relative earnings declines 

implies that workers in different age cohorts are only imperfectly substitutable, and some work 

(e.g., Morin 2015) suggests, as seems quite plausible, that the degree of substitutability between 

cohorts is lower the larger the age difference between them. 

Our focus in this paper is on older workers, in particular, the effects of the size of older 

cohorts on their labor force participation (LFP) and wages.  We concentrate on estimating effects 

among 50 to 59 year olds and 60 to 69 year olds.  These are the age ranges in which labor force 

participation first starts to decline, and then when most people retire (see Appendix Table A).  

The 60 to 69 age range, in particular, is the age range in which, in light of population aging, 

policymakers are trying to increase employment, often through reforms to public pension 
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systems (e.g., Gruber and Wise 2007).  Moreover, this is an age range in which policy may have 

considerable scope for increasing LFP because of low LFP rates (see Figure 1).1   

In the standard relative supply framework applied to younger workers, we would simply 

view larger older cohorts as likely to experience lower wages and hence lower employment or 

LFP.  Some past work suggests we should not expect much impact of relative cohort size on 

older workers.  For example, Welch (1979) finds evidence suggesting that the adverse effect of 

entering the job market in a large cohort weakens at older ages although it does not dissipate.  

Wright (1991), for the United Kingdom, finds that the effect fully dissipates.  (However, aside 

from being quite dated, these studies did not focus explicitly on older individuals.)  Moreover, if 

the degree of substitution is quite high between older cohorts and other, more-experienced 

workers, consistent with the flattening of earnings-experience profiles by middle age (Heckman 

et al. 2006), we might not expect much effect on wages or LFP of being in large cohort of older 

workers.   

Despite these considerations, there are reasons to expect that the effects of cohort size 

could be sizable for older workers.  Older individuals in their 50s or 60s have low employment 

rates relative to those in their 40s or 30s, in part because of transitions to retirement, especially in 

the 60s (e.g., Munnell 2015).  At the same time, retirement is quite fluid, because many seniors 

transition to part-time or shorter-term “partial retirement” or “bridge jobs” at the end of their 

careers (e.g., Johnson et al. 2009) or return to work after a period of retirement (Maestas 2010).  

Together, these facts suggest that older workers may have quite elastic labor supply on the 

extensive margin, in contrast to workers (especially men) of other ages, in which case the effects 

of large cohort size on LFP or employment stemming from wage effects, could be sizable.2  

                                                 
1 We explored grouping the 50 to 59 year olds with 25 to 49 year olds, but the data indicated that, for the 
analyses we present, the behavior of 50 to 59 year-olds was similar to that of 60 to 69 year olds, and 
dissimilar to that of 25 to 49 year olds.   
2 The meta-analysis in Evers et al. (2008) points to a very low extensive margin labor supply elasticity for 
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Moreover, if older workers in partial retirement are leaving career jobs, and perhaps taking 

lower-skilled or less-demanding jobs, they may not be so substitutable with prime-age workers, 

implying that there could be larger effects of cohort size on wages in this age range — as for 

young labor market entrants.   

The usual relative supply hypothesis about cohort size predicts negative effects of large 

relative cohorts on LFP and wages.  However, there are two reasons that we might find a positive 

effect.  First, we might expect the age structure of the population to affect the composition of 

consumption and hence labor demand.3  It is possible that the age structure of employment is 

such that relative labor demand for an age cohort increases when the relative size of that cohort 

increases.4   

Second, a relative cohort size measure is just that — a relative measure.  Thus, an increase, 

say, in the size of the 60 to 69 year old cohort relative to the population means that the old cohort 

is large relative to at least some other narrowly-defined age cohorts.  If two age cohorts are 

substitutable, then a decline in the relative size of one of them can imply an increase in the 

relative demand for the other.  For example, the partial/bridge retirement phenomenon may mean 

that “post-retirement” workers take lower-skilled jobs more similar to those held by younger 

workers, in which case older workers could be substitutable with young workers and a large 

cohort of 60 to 69 year olds relative to young workers can increase demand for 60 to 69 year 

olds.  Alternatively, if older workers are more substitutable for workers in the prime/middle-aged 

cohort, we might find this positive demand response for the size of the older cohort relative to 

this cohort.   
                                                                                                                                                             

men generally.  For evidence suggesting sizable extensive margin labor supply elasticities for older 
workers in the United States, see French and Jones (2012).     
3 For example, Reinhardt (2003, Exhibit 1) reports that per capita health spending for 55 to 64 year olds is 
double that for 25 to 34 year olds.   
4 For example, Cohen (2006) documents the aging of the U.S. nursing workforce, for which demand will 
surely grow as the population ages.  
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We explore the effects of the relative sizes of age cohorts on LFP and wages, focusing on 

the effects on older individuals.  We use long-term data on cohort size and cohort labor force 

participation rates and wages over many decades, exploiting variation across states in a panel 

data setting that controls for other influences on employment of older workers.  We pay careful 

attention to the endogeneity of the contemporaneous age structure of a state’s potential 

workforce.  Given distinct and persistent patterns of internal migration related to age (e.g., 

migration to Florida and Arizona), as well as more variable changes in internal migration with 

respect to economic conditions and international immigration, we might expect the effects of the 

relative sizes of different age cohorts to be hard to detect in OLS estimates.  For example, an 

adverse effect of a large cohort on LFP may be obscured because the cohort is large owing to in-

migration in response to strong labor demand.  We instrument for contemporaneous relative 

cohort size measures using historical birth data by state and cohort, which should be an 

exogenous source of variation in states’ current demographic structures.      

Future employment rates of older individuals are important determinants of the financial 

solvency of Social Security, mainly because higher employment implies a continued inflow of 

Social Security payroll taxes.  For example, assumptions about LFP by age play a key role in the 

2016 annual report of the federal OASDI and DI trust funds.5  More controversially, perceptions 

about the appropriate earliest age of eligibility for claiming Social Security benefits, and the 

adequacy of benefit levels at that age, hinge in part on employment prospects of individuals at 

those ages.  Thus, knowing what changing demographic structure implies for the likelihood of 

employment at older ages can inform our understanding of the solvency of Social Security and of 

policies that might be adopted to strengthen it.   

                                                 
5 See https://www.ssa.gov/oact/tr/2016/tr2016.pdf, Chapter V.B.5 (viewed April 18, 2017). 
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Relevant Prior Work 

There is long-standing interest in factors affecting the employment of older workers, often 

motivated by implications for retirement systems.  Perhaps the largest body of research focuses 

on work incentives created by the Social Security system itself, including the level of benefits 

(e.g., Burtless 1986), the early retirement age (e.g., Gustman and Steinmeier 2005), the structure 

of the earnings test (e.g., Friedberg 2000), and the impact of reforms to delay retirement (e.g., 

Neumark and Song 2013).   

Research has also focused on other factors affecting employment of older workers.  For 

example, there has been an outpouring of research on factors that appeared to have slowed the 

growth in employment and labor force participation of older workers since the Great Recession, 

such as changes in age discrimination (Neumark and Button 2014) and increases in SSDI awards 

(Mueller et al. 2016).   

The effect of the relative sizes of age cohorts on the LFP of older individuals is a 

potentially important factor to study, for at least two reasons.  First, variation in cohort size can 

be used to improve predictions of long-run changes, because the sizes of age cohorts can be quite 

reliably projected far into the future.   

Second, past research on the effects of cohort size on young workers establishes that cohort 

size can be influential.  Welch (1979) showed that within schooling groups, the large cohort size 

of Baby Boomers reduced wages, with a larger impact on highly-educated workers and workers 

early in their career.6,7  Korenman and Neumark (2000) study variation over countries and across 

                                                 
6 Welch’s study, like many others on cohort size, focuses on wages, but the effects of cohort size on 
wages should translate into effects on  employment and LFP rates, with lower wages reducing these rates, 
and vice versa.  Berger (1984) follows up on Welch’s work by looking at effects on earnings profiles, 
which he interprets as reflecting human capital investment.  This channel of influence is less relevant for 
older workers.   
7 Macunovich (1999) tried to separate labor supply and labor demand effects of cohort size, suggesting 
that relative sizes of birth cohorts (and changes in birth cohorts, to capture leading and lagging effects of a 
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time to estimate the effect of the relative size of youth cohorts on youth unemployment rates.  

Like the strategy we use in this paper, they use an instrumental variables approach based on 

births by cohort and country to account for the endogeneity of cohort size with respect to labor 

market conditions (via migration), and when doing so find that larger youth cohorts are 

associated with higher unemployment rates.   

We do not focus only on the relative cohort size of the cohort of interest — in this case, 

older individuals — but also on a more detailed characterization of the sizes of other cohorts in 

different age ranges.  This can matter because substitutability between cohorts may vary with 

“distance” in age.  One paper that pays more attention to sizes of multiple cohorts is Stapleton 

and Young (1988), although they focus more on incentives to invest in education owing to how 

substitutability between cohorts varies by education, a question farther removed from the focus 

of our paper.  Our research also differs in focusing on how cohort size affects LFP (and wages) 

of older individuals.   

Empirical specifications and strategy 

We begin with a specification used to estimate the effects of a large cohort of older 

individuals on their LFP.  This specification takes the form:  

LFPO
st = α + βO/TRCSO/T

st + Xstγ + λs + θt + εst  .     (1) 

The O superscript denotes older cohorts aged either 50-59 or 60-69.  RCS is a relative 

cohort size measure, and the O/T superscript denotes this that is computed for older cohorts 

relative to all working-age cohorts (16 to 69).  X is vector of controls including: the 

                                                                                                                                                             

boom) affect supply, while relative sizes of current cohorts (and changes) reflect demand.  It is not clear 
why this distinction isolates supply and demand effects; indeed, we use data on births to construct 
instrumental variables for contemporaneous cohort sizes, without taking a position on whether births 
drive supply or demand. 
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unemployment rate for 16 to 69 year olds,8 the rate of state GDP growth from the previous year 

to the current one; the shares married, female (when we estimate regressions for men and women 

combined), Hispanic, black, urban, and union members; and the shares with less than a high 

school degree and a bachelor’s degree or higher.  The s and t subscripts denote state and year, 

and λs and θt are vectors of fixed state and year effects.  LFP is the state-by-year average.  The 

LFP and RCS variables are entered in logs, so βO/T is an elasticity.  Because we use sample 

estimates of state-level averages to construct our data, we always use generalized least squares, 

weighting by average state population measured over the sample period.  Our IV estimates 

(described below) are similarly weighted.  We also estimate versions of equation (1) for the 

state-by-year log of average hourly wages. 

The estimate of βO/T measures the impact of the size of the older cohort relative to the 

workforce on LFP (or wages) of that older cohort.  We would expect similar qualitative results 

for cohorts of other ages, viewed through the simple mechanism of supply shifts.  We also 

estimate equation (1) for younger cohorts (age 16 to 24, denoting the cohort size variable 

RCSY/T), and prime-aged cohorts (ages 25 to 49, denoting the cohort size variable RCSP/T, and 

the corresponding coefficients βY/T and βP/T).     

The relative cohort size measures may be endogenous.  One possibility is that people 

migrate to where labor market conditions for their age group are better.  This would create a bias 

against finding evidence, predicted by the relative supply hypothesis, that a larger relative cohort 

size reduces LFP or wages, as the cohort size may expand in response to high labor demand 

(which boosts LFP and wages).  We might expect this kind of migration to be more common for 

younger cohorts.   

In contrast, older individuals may be more likely to migrate for retirement-related reasons.  

States that are retirement destinations will tend to have larger relative older cohort sizes but 
                                                 
8 This is defined for men, women, or both sexes, depending on the sampled used.   
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lower LFP rates, not because of cohort-size effects on labor supply, but through selective in-

migration of older retirees.  And similarly, states from which retirees (or near-retirees) migrate 

will tend to have lower relative cohort sizes at older ages, but high LFP, because of selective out-

migration of retirees.  The endogeneity bias from retirement-induced migration is, thus, in the 

opposite direction to the endogeneity bias from employment-induced migration — with 

retirement-induced migration biasing the evidence in favor of the relative supply hypothesis.  Of 

course, it is possible that some older people migrate based on labor market conditions if they 

entertain the possibility of some “post-retirement” work, so the direction of bias is ultimately an 

empirical question.  In contrast to LFP, there is no clear prediction about bias in the estimates of 

equation (1) for wages — for older cohorts — from retirement-related migration.   

Migration flows seem to be large enough to matter, and this is borne out in our 

instrumental variables estimates.  Appendix Figures A1-A4 show data on interstate in-migration 

rates for retirement-related and work-related reason based on Current Population Survey (CPS) 

Annual Social and Economic Supplement (ASEC) data.  Appendix Figure A1 shows data for 60 

to 69 year olds, with states ordered by retirement related in-migration rates.  The states near the 

top of this list — such as Arizona, Florida, and Nevada — are unsurprising.  For these states, the 

one-year in-migration rates are near 0.4 percent.  Thus, interstate in-migration could, over a 

number of years, result in sizable changes in the cohort share.  We see, by the way, a good deal 

of work-related interstate migration reported for this age group, suggesting that it is unclear what 

the direction of bias might be when we estimate equation (1) for the older cohort; this depends 

on both the magnitudes of the migration flows, as well as their endogeneity.  

Appendix Figure A2 shows the data 50 to 59 year olds.  There is less retirement-related 

migration for this age group; for the states with the highest rates, the level is about half (0.2 

percentage points) what it is for 60 to 69 year olds.  Interestingly, also, the states for which 
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retirement-related migration is highest are somewhat different than for 60 to 69 year olds.  For 

50 to 59 year olds, far more migration is work related.   

Appendix Figures A3 and A4 show the data for the other two cohorts, now with states 

ordered by work-related in-migration rates.  There is, not surprisingly, very little retirement-

related migration for these age cohorts.  But work-related in-migration rates are often quite high, 

with one-year rates well above one percent for 25 to 59 year olds, and 1.5 percent for 16 to 24 

year olds.  Thus again, over many years, in-migration could have substantial effects on the cohort 

share.   

To address the potential endogeneity of relative cohort size, we instrument for the relative 

cohort size variables using predicted relative cohort sizes based on past births in the state for the 

years in which members of a cohort would have been born.  Thus, for example, the instrumental 

variable for RCSO/T in 2000 — the ratio, in 2000, of the number of people currently in the state 

aged 60 to 69, divided by the number aged 16 to 69 — is the ratio of the number of people born 

in the state between 1931 and 1940, to the number of people born in the state between 1931 and 

1984.  The logic of this instrumental variable is clear.  The relative birth-cohort size instrument 

should predict the contemporaneous relative cohort size quite well, and it does.  It is hard to 

fathom a reason why the relative birth-cohort size instrument — often constructed from very 

long lags — would affect current labor market outcomes conditional on the contemporaneous 

relative cohort size variable, satisfying the exclusion restriction.9  Thus, the relative birth-cohort 

instrument should purge the contemporaneous relative cohort size variable of variation 

attributable to migration.  (It should also help correct for other sources of bias, such as 

measurement error in the estimation of the contemporaneous relative birth cohort variables; the 

                                                 
9 As indirect evidence, we verified that our instrumental variable does not predict contemporaneous state 
GDP growth, whether or not we condition on the contemporaneous relative cohort size variable.  This 
holds true across age groups, and in the richer specifications described below with two relative cohort size 
variables and two instrumental variables.  (Results available upon request.)    
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latter are estimated from the CPS, whereas the birth cohort variables are constructed from the 

universe of birth records.)   

The standard expectation, based on the relative supply hypothesis regarding cohort size, is 

that the effects of RCSO/T on both wages and LFP will be negative, and similarly for RCSY/T and 

RCSP/T when we look at the younger cohorts.  However, if older cohorts have more elastic 

extensive margin labor supply responses, we might find larger negative estimates of βO/T than 

βY/T or βP/T.  In contrast, effects could go in the other direction because of effects of age structure 

on the age composition of labor demand, or because of substitution between workers in different 

age cohorts. 

We also explore whether the effects of age structure on LFP and wages of older workers 

are more complex than simply an effect of their cohort size relative to the working age 

population, owing to more complex spillovers between cohorts of different ages.  These 

complexities could arise through the demand side, depending on how the relative sizes of other 

cohorts affects demand for older workers.  They could also arise through the supply side, as a 

large relative cohort of older workers could be driven by a smaller cohort of very young workers, 

or of prime/middle-aged workers, and there may be different degrees of substitutability between 

these cohorts and older workers.   

To address this question, we modify equation (1) and instead estimate a model with 

separate effects of the size of the older cohort relative to the two younger age cohorts:   

LFPO
st = α + βO/YRCSO/Y

st + βO/PRCSO/P
st + Xstγ + λs + θt + ε’st  .10       (2) 

The estimate of βO/Y captures the effect of the size of the older cohort relative to the 

younger cohort, and the estimate of βO/P captures the effect of the older cohort’s size relative to 
                                                 
10 We verified that estimating equation (1) for the size of the 60 to 69 cohort or the 50 to 59 cohort 
relative to the combined 16 to 59 or 16 to 49 cohort (respectively) yields very similar results to defining 
the size of the older cohorts relative to 16 to 69 year-olds.  Thus, the difference in results we report from 
equation (2) has only to do with differences in the sizes of the older cohorts relative to the 16 to 24 or 25 
to 49 cohorts.   
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the prime-aged cohort.11  Equation (2) can tell us, for example, whether the effect of a large older 

cohort on LFP varies with whether the older cohort is large relative to the cohort of workers 

distant in age (i.e., the young), or the cohort of those closer in age.     

We also address endogeneity bias in equation (2).  Indeed, differential responsiveness of 

migration across age groups could be particularly problematic in estimating equation (2).  For 

example, suppose there is strong retirement-related migration of older individuals.  We would 

not expect any such response among the younger cohort; in contrast, there could be at least some 

retirement-related migration in the prime-age group.  In that case, the negative correlation 

between ε’ and RCSO/Y in equation (2) could be particularly strong.  We use the same overall 

strategy, but now using two instrumental variables for the two relative cohort size variables in 

equation (2).  For example, the instrumental variable for the RCSO/Y in 2000 — the ratio of the 

number of people currently in the state ages 60 to 69 in 2000, divided by the number ages 16 to 

24 — is the ratio of the number of people born in the state between 1931 and 1940, to the 

number of people born in the state between 1976 and 1984.  And the instrumental variable for 

the RCSO/M in 2000 — the ratio of the number of people currently in the state ages 60 to 69 in 

2000, divided by the number ages 25 to 59 — is the ratio of the number of people born in the 

state between 1931 and 1940 to the number of people born in the state between 1941 and 1975.   

Data 

Our contemporaneous population and LFP data come from the Census Population Survey 

(CPS) monthly basic files, from 1977-2016.12  The microdata are aggregated to create state-by-

year measures.  Cohort sizes are constructed by weighting individuals by the survey weights 

used to aggregate up to population estimates, to make the estimates population representative.  

                                                 
11 From here, we use “prime” to refer to ages 25 to 49.  This is not meant to reflect a judgement about age.  
But use of “middle-aged” for 25 to 49 year olds is likely to create more confusion.   
12 Our data come from the Integrated Public Use Microdata Series (Flood et al. 2017) 
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For example, for the oldest cohort of 60 to 69 year olds, RCSO/Tst is constructed by taking the 

sum of the survey weights in state s, at time t, for ages 60 to 69 divided by the sum of the survey 

weights in state s, at time t, for the entire 16 to 69 age group.  LFP rates are constructed using the 

same survey weights.   

Wage data come from the CPS merged outgoing rotation group (ORG) files, which are 

available from 1979.  The hourly wage is measured directly as earnings per hour when available 

(for those paid hourly).  Otherwise, it is constructed by dividing earnings per week by the usual 

hours worked, for those who are not paid by the hour.13  The computed hourly wages are 

trimmed by removing hourly wages below half the state minimum wage or above $200/hour (in 

2016 dollars).  Hourly wages are then averaged by state and year, using the survey weights.   

The instrumental variables construction was considerably more involved.  We use 

historical series on births by states, based on U.S. Vital Statistics reports published by the 

National Center for Health Statistics (NCHS).  The data are available in two forms, either 

through Births: Final Data14 reports retrievable online from 1970, or in U.S. Vital Statistics 

Reports (both reports are typically published two years after the reported year).  The U.S. Vital 

Statistics Reports have been produced since 1890, although birth information was not captured 

until 1915 when 10 states and the District of Columbia adopted the birth-registration system 

(National Office of Vital Statistics 1968).  Other states began to trickle in with the final states 

being Texas in 1933 and then Alaska in 1945 (see Appendix Table B).  The Births: Final Data 

series is more recent.  It started in 1971 and was published concurrently with the U.S. Vital 

Statistics Reports, but the latter was phased out by 2003.  The two reports are not completely 

                                                 
13 Observations are not used if earnings are not reported, or if only weekly earnings, but not hours, are 
reported.   
14 Births: Final Data for (various years) is the series title for the reports from 1997 to 2015.  There are 
other names prior to this, such as Report of Final Natality Statistics, (various years), Advance Report of 
Final Natality, and Statistics, (various years).  But we refer to these all as Births: Final Data. 
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identical, but do not have large discrepancies.15  We use the reported numbers of births in the 

Births: Final Data reports as our source back to and including 1971, and the U.S. Vital Statistics 

Reports for prior years back to 1931.16  Prior to 1931, the number of births is not available, so we 

reconstructed the level from the crude birth rates, defined as the number of births per 1,000 

population.17 

There is surely some measurement error in the birth instruments we construct.  And the 

accuracy of reporting is worse in the earlier data.  For example, our constructed number of births 

from 1915 to 1930 from crude birth rates and estimated population sizes suggests a sharp 

decrease in the number of births from 1930 to 1931, which implies we overstated the number of 

births from 1915 to 1930.  This is likely because crude birth rates are inconsistent due to unclear 

adjustments for under-registration.18  For example, the crude birth rates from 1915 to 1929 do 

not have birth rates adjusted for under-registration, while the 1930 to 1940 crude birth rates had 

an adjustment for under-registration.  Overall, the general issues with crude birth rates 

contributed to our decision to use the number of births from the individual yearly files either 

from Births: Final Data or U.S. Vital Statistics Reports, whenever available.   

Despite these concerns, measurement error in instrumental variables is of less concern than 

measurement error in the variables of interest.  Indeed, if the measurement error in the 

                                                 
15 This is based on personal communications with Michelle Osterman, a Health Statistician at NCHS 
(5/2/17 and 5/8/17).  The Births: Final Data series is easier to navigate and seems to be cited more often. 
16 One exception is the year 1979, in which the final report is not available online.  For this year, we use 
the U.S. Vital Statistics Report birth numbers. 
17 Vital Statistics Rates in the United States 1900-1940 contains birth rates and estimated population sizes 
for 1915 to 1930, which allows us to estimate the number of births 
18 In general, these earlier adjustments to crude birth rates are not well documented or transparent other 
than the dates of the adjustments.  The most egregious example is that the crude birth rates recorded for 
1940 are different between Vital Statistics in the United States, 1900-1940 and Vital Statistics in the 
United States, 1940-1960. Michelle Osterman and her colleague, Brady Hamilton, were unable to 
reconcile this difference, but believe the more recent Vital Statistics in the United States, 1940-1960 is 
accurate (personal communication, 5/8/17). 
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instrument is uncorrelated with the variable(s) for which we are instrumenting, and uncorrelated 

with the error term in the equation of interest, the measurement error does not introduce any 

inconsistency in the instrumental variables estimation, although it can weaken the instrument and 

make the instrumental variables estimate less precise.  This is true even if the measurement error 

is worse in earlier periods (i.e., heteroskedastic).  Therefore, while we note these potential issues 

with the early birth data, we do not believe these issues pose substantive challenges to our 

empirical analysis.19   

To have data on the birth instrument for the oldest people in our sample (age 69), we 

shorten the CPS panel we use to begin in 1984, rather than 1977 (for LFP) or 1979 (for wages).  

Even then, our panel with the instrument is unbalanced because we do not have the requisite 

birth data for all states from the earliest year, due to when the states started reporting births.  

However, there are no gaps between years.  For example, in 1984, there will be 10  states and 

D.C. available since the number of births in the old cohort is drawn from the number of births in 

years 1915 to 1924.  For later years, more states are added as their number of births are reported.  

For example, Georgia, which first started collecting birth data in 1928, will be first be available 

in 1997, when the number of births for 69 year olds is recorded.     

Results 

Descriptive statistics 

Figure 1 shows LFP rates by age group, and Figure 2 shows population shares.  We do not 

want to infer much from these aggregate time series,20 but we see that the rise in LFP of 60 to 69 

                                                 
19 Perhaps reflecting this, when we estimated all of our models without weighting, the OLS estimates 
were typically very similar to the (weighted) GLS estimates.  The unweighted instrumental variables (IV) 
estimates were often quite similar, but sometimes less so, typically in cases where the standard errors of 
the unweighted IV estimates were much larger, in some cases by a factor of five or more.    
20 One potential advantage of the national time-series data, relative to more disaggregated data, is that it 
should not be influenced by bias from endogenous migration across states. 



15 

year olds in the latter part of the sample period (Figure 1) coincides with an increase in their 

relative cohort size (Figure 2).21  On the surface, this is inconsistent with the usual relative 

supply cohort size hypothesis in which a large cohort size depresses LFP.  Moreover, Panel D of 

Figure 4 (discussed in more detail below) shows that the rising LFP of the older cohort was 

accompanied by rising real wages,22 also inconsistent with the relative supply hypothesis.   

We next explore the relationships between LFP, wages, and relative cohort size in more 

detail, providing similar evidence for different age cohorts, and showing both the time-series and 

the within-state variation and covariation between these three variables.  First, what do the time 

series on LFP and cohort size for the other age cohorts show?  To avoid having to compare 

across Figures 1 and 2, Figure 3 graphs the time series on LFP rates and relative cohort size for 

each of the four age cohorts.  Panel A of Figure 3 — for 16-24 year-olds — parallels the 

evidence for 60-69 year-olds in that LFP rates and relative cohort size tend to move in the same 

direction, rather than the opposite direction as predicted by the relative supply hypothesis.  The 

evidence for 25-49 and 50-59 year-olds is less clear.     

Figure 4 shows the same type of evidence, but for real wages.  Here, the evidence for the 

younger cohorts is mixed.  The evidence for 25-49 year-olds shows rising wages in the latter part 

of the sample period, when relative cohort size is declining — consistent with the relative supply 

effect of cohort size.  However, in the earlier part of the sample, wages are flat as relative cohort 

size rises.  And the correlation is negative, as reported in the notes to the figure.  For 16-24 year-

olds, in contrast, the wage and relative cohort size series track each other in the early part of the 

sample, which is inconsistent with the relative supply effect of a larger cohort, and then both 

series are largely flat subsequently.  The correlations for this age group, as well as the two older 

cohorts, are positive; see the figure notes.     

                                                 
21 The correlation is 0.595.   
22 The correlation is 0.627. 
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The next two figures instead provide information on changes over time at the state level, 

providing scatter plots of the 1977 to 2016 changes (1979 to 2016 for wages) for each state.  

Thus, the data points summarize the overall changes over the sample period, in contrast to the 

year-by-year changes graphed for the aggregate time series.  In Figure 5, for LFP rates and 

relative cohort size, there is evidence of negative relationships for all four age cohorts — 16 to 

24, 25 to 49, 50 to 59, and 60 to 69 — although the slope coefficient is particularly large for 16 

to 24 year olds (−0.979) and near zero for 50 to 59 year olds.  (The correlation is only 

statistically significantly different from zero for 16 to 24 year olds.)  These contrast with the 

positive correlations in the time-series data shown in Figure 3 and are more consistent with the 

relative supply effect of cohort size.  In Figure 6, we find evidence of a positive relationship for 

16 to 24, 25 to 59, and 25 to 59 year-olds, inconsistent with the relative supply effect of cohort 

size, while the evidence for 60 to 69 year olds is more consistent with this effect.   

Thus, the time-series evidence is largely inconsistent with the relative supply effect of 

cohort size (Figures 3 and 4).  The state-level evidence for LFP is consistent with this effect for 

all age cohorts (Figure 5), while in three out of four cases, the evidence for wages is not (Figure 

6).  However, this evidence is suggestive at best, and the state-level evidence may be particularly 

prone to endogeneity bias, with the bias for the older cohorts, for LFP, likely in the negative 

direction.  Hence, we next turn to the regression estimates, with the instrumental variables (IV) 

estimates most likely to uncover the true effects of relative cohort size.     

LFP: OLS regression estimates  

Table 1 reports OLS regression estimates of the effects of relative cohort size on LFP, for 

each age group, for both sexes combined, and then for men and women separately; these are 

estimates of equation (1).  For both sexes combined, we find a positive and significant effect of 

relative cohort size for 16 to 24 year olds, with an elasticity of 0.097.  The estimate for 25 to 49 

year olds is also positive, but smaller (an elasticity of 0.039), and similarly for 50 to 59 year olds 
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(an elasticity of 0.049).  For the oldest cohort, aged 60 to 69, the estimate is significant and 

negative, with a larger absolute estimated elasticity (−0.134).  The sign pattern of the estimates is 

almost always the same for men and women separately (there is one exception, for 25 to 49 year 

old men).  In addition, some of the estimates for men and women separately are smaller than the 

estimates for both sexes combined and not always statistically significant.    

The negative estimates for the oldest cohort are consistent with the relative supply effect of 

a larger cohort.  The positive estimates for two younger cohorts and the older (50 to 59) cohort 

are not.  Recall, though, that there is a potential positive bias in the estimates for cohorts for 

which migration is more related to labor market conditions — with in-migration to areas with 

stronger labor demand, boosting both relative cohort size and LFP.  At the same time, the 

estimates for the older cohorts could be biased in the opposite direction from retirement-related 

endogenous migration.   

LFP: IV estimates 

Table 2 reports the IV estimates of equation (1) for LFP.  Recall that constructing the IV 

causes us to lose the earliest years of the sample (plus some other earlier observations for some 

states).  Thus, in Table 3 we first report OLS estimates for the same sample for which we can do 

the IV estimation.  The OLS estimates are largely consistent with Table 1.  For both sexes 

combined, we continue to find a positive and significant effect for the youngest cohort, a weaker 

positive effect for the 50- to 59-year-old cohort, and a negative and significant effect for the 

oldest cohort.  For 25 to 49 year olds, however, the estimate is now negative.  For men and 

women separately, the sign pattern is always the same, but the estimates are less often 

statistically significant.   

The IV estimates tell a strikingly different story.  For the two younger cohorts (16 to 24 

and 25 to 49), the IV estimates point to a significant, negative effect of relative cohort size on 

LFP.  This is true for men and women combined, and for each sex separately.  The estimated 
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elasticities range from −0.101 to −0.434.  These estimates are consistent with the standard 

relative supply hypothesis about the effect of relative cohort size.  In every case (six estimations) 

the direction of change relative to the OLS estimates is consistent with positive bias induced by 

in-migration to stronger labor markets.   

In contrast, for the two older cohorts (50 to 59 and 60 to 69) we find strong evidence of a 

large positive effect of relative cohort size, for both sexes combined, and for men and women 

separately.  The estimated elasticities range from 0.253 to 0.857.  This evidence is inconsistent 

with the relative supply effect of a large cohort, and instead suggests that there are labor demand 

effects from large older cohorts that more than offset any supply effects.  As for the two younger 

cohorts, the IV estimates are quite different from the OLS estimates.  However, for the older 

cohorts the direction of the change relative to the OLS estimates is in every case (again, six 

estimations) consistent with negative bias in the OLS estimates from endogenous migration 

related to retirement.  Thus, the IV versus OLS estimates are consistent with the kinds of biases 

we might expect — job-market related for younger cohorts, and retirement related for older 

cohorts. 

Table 2 also presents additional information about the IV estimates.  First, in each panel 

we report the reduced-form estimates — the effects on LFP of the relative cohort size variables 

defined based on births only.  These always share the sign and significance of the IV estimates.23  

Next, we report the first-stage coefficient estimates and F-statistics.  The first-stage estimates are 

always positive and strongly statistically significant.  The magnitudes are generally in the 0.2 to 

0.4 range.  The F-statistics are very large, ranging from 26 to 173.  Finally, we report p-values 

from the Durbin-Wu-Hausman endogeneity test.  These p-values are always below 0.02, and in 

most cases are below 0.01, indicating significant evidence of endogeneity bias.   

                                                 
23 Sometimes the significance level varies, but the same estimates are significant at 10-percent or less. 
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Wages: OLS regression estimates 

We next turn to estimates of equation (1) for the effects of relative cohort size on wages.  

As reported in Table 3, for both sexes combined, we find a negative and significant effect of 

relative cohort size for 16 to 24 year olds, with an elasticity of −0.058.  In contrast, for 25 to 49 

year olds the estimate is large and positive (an elasticity of 0.216).  For the two older cohorts (50 

to 59 and 60 to 69) the estimates are negative, fairly small, and statistically significant only for 

50 to 59 year olds (elasticity of −0.057).  The sign pattern of the estimates is the same for men 

and women separately.  For the analysis of wages, the OLS estimates are clearer in indicating 

support for the relative supply effect of a larger cohort, as most of the estimates are negative 

(although not for 25 to 49 year olds).   

Wages: IV estimates 

Table 4 reports the IV estimates for wages.  There are less clear expectations regarding 

endogeneity bias in the estimated effects of relative cohort size on wages.  First, while the 

younger and prime-aged cohorts may migrate to strong labor markets, the outward supply shift in 

these states may not do much to lower wages, and there can be offsetting effects from, 

agglomeration externalities and/or compensating differentials for congestion (e.g., Richardson 

1995).  Second, for the older cohorts, as noted above, there is no clear prediction about bias from 

retirement-related migration.       

The OLS estimates for the sample for which we can do IV are partly, but not fully, 

consistent with Table 3.  In the estimates for both sexes combined, we continue to find a positive 

and significant estimate for the 25- to 49-year-old cohort and no effect for the oldest cohort (60 

to 69).  But for the youngest cohort, the estimates are now always insignificantly different from 

zero (and slightly positive), and for the 50- to 59-year-old cohort the estimate is near zero and 

not statistically significant.  In the estimates for men and women separately, all of the estimates 

are positive, but small and not statistically significant.     
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In the IV estimates, we again get a sharp message.  For the two younger cohorts, there is 

evidence of a positive effect of relative cohort size, for the men and women combined and for 

men.  The elasticities range from 0.19 to 0.44 and are always statistically significant (one at the 

10-percent level).  For the two older cohorts, in contrast, the IV estimates always point to a 

negative effect (significant in all cases but one), which is consistent with the relative supply 

effect of a large cohort.  The elasticities range from −0.17 to −0.60.   

Like Table 2, Table 4 also reports diagnostic information about the IV estimates.  The first-

stage results are the same as for the LFP estimates, and hence are not reported again (see Table 

2).  The reduced-form estimates always share the sign and significance of the IV estimates.  And 

the p-values from the Durbin-Wu-Hausman endogeneity test indicate evidence of endogeneity 

bias, although in two cases the p-values are around 0.1.  Thus, although we did not have strong a 

priori expectations of endogeneity bias in wage estimates, the evidence suggests there is such 

bias.   

As it stands, then, the evidence on the estimated effects of a larger cohort on wages are in 

contradiction to the estimated effects on LFP.  For the older cohorts, the LFP effects point to a 

positive demand shift toward older workers when the older cohort is larger, while the wage 

effects are most consistent with a negative relative supply effect.  In contrast, for the younger 

cohorts the LFP effects are most consistent with a negative relative supply effect, while the wage 

effects are in the opposite direction.   

Separate effects of older cohort size relative to younger or prime-aged cohort 

When we estimate the richer model (equation 2) allowing for separate effects of the size of 

the older cohort relative to the two younger cohorts, we obtain a more coherent set of findings.  

These estimates are reported in Tables 5A (for 50 to 59 year olds) and 5B (for 60 to 69 year 

olds).  Here, we report the OLS and IV estimates for the consistent sample for which we can 

compute both. 
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The IV estimations in Tables 5A and 5B are more demanding because there are now two 

endogenous variables.  The first-stage F-statistics are fairly large in both tables, ranging from 

17.1 to 54.2.  But with multiple instruments the preferred diagnostic is Shea’s Partial R2.  There 

is not a clear interpretation of these partial R2 values.  But to give some idea, Stock and Yogo 

(2005) provide tables of critical values to use for the minimum eigenvalue in cases of multiple 

instruments when errors are i.i.d. and there is no weighting.  Although these do not apply here, 

both because we weight and because we use heteroskedasticity-robust standard errors, it is 

instructive to look at the Stock and Yogo results if we drop the weighting and treat the standard 

errors as homoscedastic.  For the 60- to 69-year-old women-only specifications, the minimum 

eigenvalue is 0.44.24  This is well below the critical values even if we were to allow relatively 

high percent bias in the 2SLS estimate of the coefficient of the endogenous variable, and a much 

larger size of the Wald test for this 2SLS estimate compared to a nominal 5 percent size. For 

example, even with 30 percent relative bias and 25 percent size, the Stock and Yogo critical 

value for the minimum eigenvalue is 3.63, well above the actual 0.44 value.  In contrast, for the 

60 to 69 year-olds pooled estimates and the estimates for men only, the minimum eigenvalues 

are 4.88 and 7.68, respectively, which are both above the critical value for 10-percent test size 

and the men only minimum eigenvalue is above the 5-percent test.  Thus, only for these cases 

would we regard the IV estimates as informative.  For the 50 to 59 year olds, the minimum 

eigenvalues range from 0.07 to 0.14, all well below the critical values, suggesting that the IV 

estimate may not be very informative. 

As it turns out, however, the IV results are qualitatively similar for all three samples — 

pooled, men only, and women only.  (Recall earlier that we noted that IV estimates without 

weighting were much less precise.  The implication is presumably that the IV’s are stronger than 

indicated by the Stock and Yogo analysis based on unweighted estimates.)  For LFP, we find a 
                                                 
24 It is the same for the LFP and wage equations, because the first stage is the same.   
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weak negative effect or no effect of the size of the 50- to 59-year-old cohort relative to the 

youngest cohort (16 to 24), with elasticities ranging from 0.004 to −0.089.  But for the size of the 

older cohort relative to the prime-aged cohort (25 to 49), the estimated effect is strongly positive 

in all three cases; the elasticities range from 0.19 to 0.42.   

For wages, the effect of the size of the 50- to 59-year-old cohort relative to the youngest 

cohort is negative but not statistically significant, with elasticities ranging from −0.11 to −0.20.  

The estimated effect of the size of the older cohort relative to the prime-aged cohort is more 

strongly negative, and statistically significant in all cases, with elasticities ranging from −0.33 to 

−0.35.     

Table 5B presents similar estimates, for the oldest cohort of 60 to 69 year olds.  Turning 

immediately to the IV estimates, the sign pattern is identical to that for 50 to 59 year olds.  For 

LFP, the results are stronger.  There is a large negative effect of the size of the 60- to 69-year-old 

cohort relative to the 16- to 24-year-old cohort, with elasticities ranging from −0.46 to −0.51.  

And there is a large positive effect of the size of the 60- to 69-year-old cohort relative to the 25- 

to 49-year-old cohort, with elasticities ranging from 0.51 to 0.95.  For wages, only the estimated 

effect of cohort size relative to 16 to 24 year olds is statistically significant with elasticities 

ranging from −0.24 to −0.31.   

Interestingly, then, when we look at the size of the two older cohorts (50 to 59 and 60 to 

69) relative to the youngest cohort (16 to 24), the evidence is essentially fully consistent with the 

relative supply effect of a larger cohort — with negative effects on both LFP and wages.25  In 

contrast, when we look at the size of the older cohorts relative to the prime-aged cohort (ages 25 

to 49), there is relatively little statistical evidence for the relative supply effect of a larger older 

cohort.  The LFP effect is positive for both older cohorts (in Tables 5A and 5B), and the wage 

                                                 
25 The only exception is the LFP estimate for women, which is 0.004.  But there is no contradiction 
between the LFP and wage results, unlike what we had earlier, with opposite-signed effects.   
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effect is not significant for 60 to 69 year olds in Table 5B.  The exception is the results for 50 to 

59 year olds in Table 5A, where the wage effects are in the opposite direction of the LFP effects.     

The striking finding here, in our view, is that when we break up the cohorts to which we 

compare the size of the older cohort, we get far less contradictory evidence of the effects of a 

larger, older cohort.  (Recall that, in Tables 2 and 4, we found that the LFP effects of large older 

cohorts point to a positive demand shift toward older workers when the older cohort is larger, 

while the wage effects point to a negative relative supply effect.)  And for the 60-to 69-year-old 

cohort, in particular, the contradictory evidence evaporates completely.   

Table 6 provides an overview of this evidence, reporting the results only for men and 

women combined (which are similar to the separate estimates by sex).  The last two columns 

contrast the key results for the two older cohorts.  For the Table 2 and 4 IV results — which 

simply estimate the effects of the relative size of the older cohorts — the LFP and wage evidence 

is always contradictory with regard to the relative cohort size hypothesis (lightly shaded boxes).  

But the Table 5A and 5B IV results — which estimate separate effects of the sizes of the older 

cohorts relative to the two younger cohorts — provide much less contradictory evidence (darkly 

shaded boxes). 

How do we interpret the findings?  The evidence of large negative effects on both LFP and 

wages for older workers ages 60 to 69, when their cohort is large relative to the youngest cohort, 

indicates that the oldest and the youngest workers are not very substitutable.  Rather a large older 

cohort of 60 to 69 year olds relative to 16 to 24 year olds creates traditional, supply-side cohort 

crowding effects for older workers.  This suggest that the effects are not driven by whether older 

workers taking post-retirement jobs move into jobs otherwise held by young people.   

The results for the size of the 60- to 69-year-old cohort relative to the prime-aged cohort 

(25 to 49), however, are more consistent with a relative demand shift.  There is a strong positive 

effect on LFP, suggesting that when the older cohort is large relative to the prime-aged cohort, 
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demand for older workers is strong.  When prime-aged workers are relatively scarce, firms may 

try to retain older workers.  It is true that we do not find a corresponding positive wage effect for 

the older cohort; the estimates are not significantly different from zero, although they are 

negative, rather than positive.  While we cannot explain negative estimates via the demand side, 

if older workers’ labor supply on the extensive margin is quite elastic, that could militate against 

finding a positive wage effect.  And it is possible that the absence of wage effects or even 

negative effects, despite a positive demand shift, could arise from older workers entering into 

different kinds of employment relationships with their prior employers or new employers that are 

more flexible and pay less,26 or from negative selection on wages of who remains employed at 

older ages.    

For 50 to 59 year olds, the evidence for the effects of cohort size relative to the size of the 

youngest cohort (ages 16 to 24) is also no longer contradictory, as five of the six estimates are 

negative, and the sixth is very close to zero.  The negative estimates are consistent with the 

conventional relative cohort size effect, like we found for 60 to 69 year olds relative to 16 to 24 

year olds (although the evidence was much stronger in this case).  Only for the estimates for 50 

to 59 year olds relative to 25 to 49 year olds does a contradiction remain, as we find positive 

estimates of the relative size of the older cohort on LFP, but negative and significant estimates 

on wages.  Note, though, that the positive effects on LFP are the same as for 60 to 69 year- olds, 

although, again, the magnitudes are smaller.    

Thus, the disaggregation of the younger cohorts to a large extent resolves the contradictory 

evidence we found when lumping all “non-old” cohorts together.  We find strong evidence, when 

compared to the size of younger cohorts, of traditional cohort crowding for workers ages 60 to 
                                                 
26 For example, Johnson et al. (2009, Table 1) reports that, among workers age  51 to 55 in 1992, as of 
2006 14.2 percent remained at the same employer, 15.7 percent changed employer and stayed in the same 
occupation, and 26.9 percent changed employer and occupation.  (The remainder were not employed.)  
And average wages are considerably lower on the new job (Table 17), which is typically less physically 
demanding, especially for those for those who changed occupations (Table 2).   
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69.  And when compared to the size of prime-aged cohorts, we found more evidence that large 

relative size of the oldest cohort is associated with a shift in demand toward older workers, 

although we cannot fully explain both the LFP and wage effects for the effects of the size of 

older relative to prime-aged cohorts in a simple demand and supply framework.      

What do workers in older cohorts do when their younger cohorts are smaller?  

The evidence from Tables 5A and 5B suggests that when the older cohorts of 50 to 59 or 

60 to 69 year olds are large relative to the 25- to 49-year-old cohort, LFP of the older cohorts is 

higher.  This is consistent with an increase in demand for members of the older cohorts.  Yet 

wages do not rise, which we speculated could be in part because the older workers induced to 

participate in the labor force when the younger prime-age cohort is smaller are entering into 

different kinds of employment relationships, possibly with lower pay.  In this subsection, we 

present some evidence on this conjecture.   

Table 7 reports IV estimates of specifications similar to those in Tables 5A and 5B, with 

the difference that we estimate models for the share of the labor force working part-time, or self-

employed.  If the LFP response among the older cohorts occurs via different kinds of 

employment relationships, then we might expect the shares of part-time or self-employment to 

increase.  Moreover, a self-employment response of this nature would be more likely to be for an 

unincorporated self-employed business, such as someone taking on a consulting role for a former 

employer.  Hence, we also report specifications for the shares of the labor force in self-

employment broken down by incorporation status.  Aside from that, the approach is exactly as in 

Tables 5A and 5B, with the same first-stage, etc.   

The estimates indicate that the margin of response for 50 to 59 year olds to a smaller 

relative 25- to 49-year-old cohort is an increase in the share of the labor force working as self-
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employed.  This effect is evident only for the unincorporated self-employed, as hypothesized.27  

For 60 to 69 year olds, Table 7 indicates that the margin of response to a smaller 25- to 49-year-

old cohort is an increase in the share of the labor force working part-time.  Together, this 

evidence is consistent with older cohorts participating in the labor force at a higher rate, when 

their cohorts are large relative to 25 to 49 year olds, in employment relationships that differ from 

common full-time, wage and salary arrangements.  That is what we might expect given that the 

increase in LFP when old cohorts are relatively large come from those less attached to the labor 

force (and hence not participating when the relative size of older cohorts is not large).   

Do these participation responses of older cohorts also explain the absence of positive wage 

effects (or even negative wage effects for 50 to 59 year olds), in response to large cohorts of 

older workers relative to 25 to 49 year-olds?  To explore this, Table 8 simply reports regressions 

of our log average hourly wage measure on the shares of older workers in these alternative work 

arrangements.  The evidence suggests that part-time work is associated with lower wages, 

although self-employment is not.  Thus, these wage results provide a partial explanation for why 

the increase in LFP of older cohorts, when they are large relative to the 25- to 49-year-old 

cohort, is not accompanied by higher wages — as we would expect from a pure labor demand 

story.  The explanation works for 60 to 69 year olds — for whom the response occurs in part-

time work — but not 50 to 59 year olds.     

Conclusions 

Our paper is motivated by the question of the effect of “cohort crowding” for older 

workers.  When there is a relatively large cohort of older individuals, do we find that wages and 

labor force participation (LFP) are lower, because of the relative supply effect?  Such evidence 

                                                 
27 There is also a smaller positive effect, significant at the 10-percent level, in response to a smaller 16- to 
24-year-old cohort, although Table 5A did not point to an increase in LFP for 50 to 59 year olds when 
their cohort is large relative to 16 to 24 year olds.   
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would be consistent with other research on younger workers.  Or do we find different effects, 

perhaps because the age composition of the population affects the age composition of 

consumption and, hence, labor demand, or because a large relative cohort of older workers 

implies a small relative cohort of younger workers, which can itself affect demand for older 

workers?   

We explore these effects of relative cohort size, taking account of the potential endogeneity 

of population structure owing to both work-related and retirement-related migration.  We use as 

instrumental variables relative cohort size measures predicted by historical data on births in each 

state, by year.  In general, we find evidence consistent with the kinds of biases we would expect 

from these two types of migration, and hence we emphasize the instrumental variables results.  

When we study the effects of a large relative older cohort (ages 50 to 59 or 60 to 69) 

relative to the working-age population as a whole, we find somewhat contradictory evidence.  

For LFP, we find evidence that is inconsistent with the relative supply or cohort crowding 

hypothesis, and which instead suggests an increase in demand for older workers when the older 

cohort is relatively large (with higher LFP).  But we find negative wage effects, consistent with 

the relative supply hypothesis.   

However, when we look at the size of the older cohorts relative to a young cohort (ages 16 

to 24) and a cohort spanning the prime/middle range of ages (25 to 49), we find a more coherent 

set of results.  When the older cohort is large relative to the younger cohort, the evidence is much 

more consistent with the relative supply hypothesis, with a larger relative older cohort reducing 

LFP and wages.  But when the older cohorts are large relative to the cohort of 25 to 49 year olds, 

LFP of older workers is higher, and it is less clear that wages are affected.   

These results for the size of older cohorts relative to prime-aged cohorts are more 

consistent with a relative demand shift.  When prime-aged workers are scarce relative to older 

workers, firms may try to retain or hire older workers.  Older workers’ extensive margin labor 
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supply elasticity may be quite high.  Moreover, older workers often enter into different jobs or 

employment relationships with more flexible, lower-paying work.  There is some evidence from 

data on part-time work and self-employment that the increase in older workers’ LFP when their 

cohort is large relative to the 25- to 49-year-old cohort comes via self-employment or part-time 

work.  Moreover, for 60 to 69 year olds this may help explain why average wages do not rise 

despite the increase in LFP. For 50 to 59 year olds, in contrast, there remains more of a 

contradiction between higher LFP but lower wages when their cohort is large relative to 25 to 49 

year olds. 

Together, the results suggest that cohort size may have important implications for the LFP 

(and wages) of older workers.  However, our evidence suggests that we need a more nuanced 

view than simply whether the older cohort is large relative to the population:  The cohort they are 

large relative to matters.  Our evidence also suggests the value of additional work to understand 

the behavior underlying our findings, both to better understand the labor market decisions of 

older workers, and to assess the validity of the interpretation of the results we find in this paper.   
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Figure 1: Labor Force Participation Rates by Age Group, Over Time 

 

Source: Census Population Survey (CPS) 1977-2016.  A state panel is first constructed from CPS monthly 
basic files by aggregating labor force participation for each state, year, and age group.  Figure 1 is created 
from a weighted averages of all states’ labor force participation rates, weighted by state population.   

  

 


























   







 

Figure 2: Population Shares of Age Groups, Over Time 

 

Source: Census Population Survey (CPS) 1977-2016.  Cohort share is constructed from the CPS monthly 
basic files by dividing the sum of the CPS survey weights for each age group in each state and year by the 
total sum of the survey weights for ages 16-69 in each state and year.  Figure 2 is constructed from weighted 
averages of all the states’ cohort shares, weighted by state population.  

 



















   







 

Figure 3: Labor Force Participation Rates and Cohort Shares by Age Group, Over Time 

A. 16-24 year-olds                                                                   B. 25-49 year-olds 

 

C. 50-59 year-olds                                                                    D. 60-69 year-olds 

 

Source: Data source and series construction are explained in notes to Figures 1 and 2. Pearson correlation coefficients for 
16-24, 25-59, and 60-69 year-olds are 0.640, 0.784, 0.628, and 0.595 respectively.

 




















































   




 

















































   




 




















































   




 




















































   






 

Figure 4: Wages and Cohort Shares by Age Group, Over Time 

A. 16-24 year-olds                                                           B. 25-49 year-olds 

 

C. 50-59 year-olds                                                          D. 60-69 year-olds 

 

Source: Census Population Survey (CPS) monthly basic files and Outgoing Rotation Group (ORG) files (1979-2016).  
Hourly wages are used if available or constructed from average weekly earnings divided by usual hours worked if not 
available.  Individuals with wages below half a state’s minimum wage or above $200/hour in 2016 dollars are dropped.  A 
state panel on wages is first constructed from the ORG files by aggregated hourly wages for each state and year for each 
age group.  The cohort share variable is constructed as described in notes to Figure 2.  Figure 4 is constructed from 
weighted averages of all the states’ hourly wages and cohort shares, weighted by state population. Pearson correlation 
coefficients for 16-24, 25-59, and 60-69 year-olds are 0.599, −0.547, 0.894, and 0.627 respectively.

 


















































  




 















































  




 


















































  




 


















































  






 

Figure 5: Labor Force Participation Rates and Cohort Shares by Age Group,  

1977-2016 Changes by State 

A. 16-24 year-olds                                                         B. 25-49 year-olds 

 

C. 50-59 year-olds                                                         D. 60-69 year-olds 

 

Source: Data source and series construction are explained in notes to Figures 1 and 2.  These figures plot the 1977 to 
2016 changes, by state. Fitted values are from regressing the changes in LFP on changes in cohort share differences, 
weighted by state population through 1977-2016. Regression coefficients and standard errors (given in parentheses) for 
the 16-24 year-old, 25-49 year-old, 50-59, and 60-69 year-old cohorts are −0.979 (0.490), −0.244 (0.198), −0.051 (0.368), 
and −0.366 (0.346) respectively.   

 





















































   




 





















































   




 





















































   




 





















































   






 

Figure 6: Wages and Cohort Shares by Age Group, 1979-2016 Changes by State 

A. 16-24 year-olds                                                        B. 25-49 year-olds 

 

C. 50-59 year-olds                                                       D. 60-69 year-olds 

 

Source: Data source and series construction are explained in notes to Figures 2, 4, and 5. Regression coefficients and 
standard errors (given in parentheses) for the 16-24 year-old, 25-49 year-old, 50-59 year-old, and 60-69 year-old cohorts 
are 18.83 (11.65), 42.161 (2.91), and −37.08 (17.46) respectively.  (Note that the implied effect of a one percentage point 
change in the cohort share is 1/100th of these coefficients.)  

 





































   




 





































   




 





































   




 





































   






 

Table 1: OLS Regressions of Log Labor Force Participation Rate on Log Cohort Share, 1977-2016 

Sex Both sexes Men Women 
Age 16-24 25-49 50-59 60-69 16-24 25-49 50-59 60-69 16-24 25-49 50-59 60-69 
ln(Cohort Size/Pop 
16-69) 

0.097*** 0.039** 0.049*** -0.134*** 0.032 -0.002 0.031** -
0.076** 

0.101*** 0.039 0.064*** -0.105** 

  [0.025] [0.019] [0.015] [0.034] [0.025] [0.011] [0.012] [0.032] [0.026] [0.036] [0.024] [0.045] 
              
Mean LFP 0.64 0.83 0.73 0.38 0.67 0.93 0.83 0.45 0.61 0.73 0.64 0.31 
R2 0.92 0.91 0.90 0.89 0.92 0.91 0.81 0.80 0.89 0.92 0.93 0.88 
Incremental R2 0.029 0.032 0.007 0.011 0.014 0.014 0.023 0.012 0.050 0.036 0.005 0.005 

Notes: Data sources are described in notes to Figures 1 and 2.  The table reports estimates of equation (1).  All specifications include fixed state and year 
effects, controls for the unemployment rate, state GDP growth, a constant, and the shares married, Hispanic, non-Hispanic black, with a bachelor’s degree 
or more, high school dropouts, and urban.  The “Both” columns also include the share female.  Regression weighted by average state population through 
the sample period.  Uses Newey-West standard errors to account for heteroskedasticity and autocorrelation.  Estimates are weighted by average state 
population through the sample period.  *, **, and *** denotes 0.1, 0.05, and 0.01 significance.  Incremental R2 refers to addition to R2 beyond fixed state and 
year effects.  N = 2,040. 

 



Table 2: OLS and IV Regressions of Log Labor Force Participation Rate on Log Cohort Share, 

1984-2016, Both Sexes 

Estimator OLS IV OLS IV OLS IV OLS IV 
Age 16-24 16-24 25-49 25-49 50-59 50-59 60-69 60-69

0.075** -0.232** -0.034 -0.244*** 0.035* 0.322*** -0.075** 0.492***

[0.029] [0.099] [0.022] [0.057] [0.019] [0.096] [0.037] [0.179]

-0.065** -0.083*** 0.055*** 0.121*** 
[0.026] [0.017] [0.014] [0.037] 

ln(Cohort Size/Pop 16-69) 

IV: ln(Cohort Births/Births 16-29) 
Reduced-form coefficient  
(dep. var.=ln(LFPR)) 

1st-stage coefficient  
(dep. var.=ln(Cohort Size/Pop 
16-69))

0.279*** 0.340*** 0.170*** 0.246*** 

[0.026] [0.032] [0.027] [0.034] 
1st-stage F-statistic
Durbin-Wu-Hausman test for
endogeneity (p-value)

169.97 173.01 57.50 83.41 
0.000 0.000 0.000 0.000 

Men 

0.012 -0.200* -0.027** -0.101*** 0.013 0.253* -0.044 0.294** 
[0.030] [0.112] [0.013] [0.039] [0.017] [0.133] [0.036] [0.150] 

-0.055* -0.037*** 0.034** 0.082** 
[0.030] [0.014] [0.015] [0.039] 

ln(Cohort Size/Pop 16-69) 

IV: ln(Cohort Births/Births 16-29) 
Reduced-form coefficient  
(dep. var.=ln(LFPR)) 

1st-stage coefficient  
(dep. var.=ln(Cohort Size/Pop 
16-69))

0.275*** 0.370*** 0.133*** 0.278*** 

[0.030] [0.036] [0.031] [0.035] 
1st-stage F-statistic
Durbin-Wu-Hausman test for
endogeneity (p-value)

112.80 152.53 25.55 94.78 
0.018 0.013 0.011 0.003 

Women 

0.084*** -0.288** -0.057 -0.434*** 0.072*** 0.529*** -0.029 0.857** 
[0.031] [0.115] [0.035] [0.109] [0.027] [0.133] [0.045] [0.349] 

-0.082*** -0.137*** 0.098*** 0.168*** 
[0.030] [0.030] [0.022] [0.051] 
0.286*** 0.316*** 0.185*** 0.196*** 

[0.031] [0.035] [0.027] [0.041] 
120.73 123.11 63.85 36.20 

ln(Cohort Size/Pop 16-69) 

IV: ln(Cohort Births/Births 16-29) 
Reduced-form coefficient  
(dep. var.=ln(LFPR)) 

1st-stage coefficient  
(dep. var.=ln(Cohort Size/Pop 
16-69))
1st-stage F-statistic
Durbin-Wu-Hausman test for 
endogeneity (p-value) 

0.000 0.000 0.000 0.000 

Notes: Data source is described in notes to Figures 1 and 2, and specification details are described in notes to Table 1A.  
The table reports estimates of equation (1).  Regression weighted by average state population through the sample period.  
Uses Newey-West standard errors to account for heteroskedasticity and autocorrelation. *, **, and *** denotes 0.1, 0.05, and 
0.01 significance.  The instrumental variable used for the cohort share is the total number of births within an age-cohort 
by state and year divided by the total number of births for 16-69 year-olds by state and year.  We exclude certain years 
and states with missing birth data for the cohorts, as only a handful of states started reporting births in 1915.  N = 1,326.  



Table 3: OLS Regressions of Log Average Hourly Wage on Log Cohort Share, 1979-2016 

Both sexes Men Women 
Age 16-24 25-49 50-59 60-69 16-24 25-49 50-59 60-69 16-24 25-49 50-59 60-69
ln(Cohort Size/Pop 16-
69) 

-0.058** 0.216*** -
0.057** 

-0.026 -0.055** 0.172**

*
-

0.039* 
-0.015 -0.008 0.200*** -

0.048* 
-0.022

[0.028] [0.043] [0.026] [0.034
] 

[0.028] [0.043] [0.023
] 

[0.039
] 

[0.026] [0.039] [0.026
] 

[0.031
] 

Mean hourly wage 
(2016 dollars) 

8.12 14.96 16.38 15.12 8.49 16.41 18.76 17.46 7.73 13.32 13.82 12.61 

R2 0.986 0.995 0.993 0.983 0.978 0.993 0.989 0.967 0.985 0.996 0.993 0.981 
Incremental R2 0.003 0.002 0.003 0.003 0.003 0.003 0.004 0.003 0.002 0.002 0.002 0.002 

Notes: Data source and other details about the data are described in notes to Figure 5.  See notes to Table 1.  N = 1,938. 



Table 4: OLS and IV Regressions of Log Average Hourly Wage on Log Cohort Share, 1984-

2016, Both Sexes 

Estimator OLS IV OLS IV OLS IV OLS IV 
Age 16-24 16-24 25-49 25-49 50-59 50-59 60-69 60-69

0.035 0.302*** 0.088** 0.439*** -0.004 -
0.597*** 

0.021 -
0.229* 

[0.028] [0.090] [0.042] [0.118] [0.027] [0.150] [0.042] [0.132] 

0.084*** 0.149*** -
0.101*** 

-
0.056* 

[0.025] [0.037] [0.020] [0.033] 

ln(Cohort Size/Pop 16-69) 

IV: ln(Cohort Births/Births 
16-29) 
Reduced-form coefficient   

(dep. var.=ln(Average Hourly 
Wage)) 

Durbin-Wu-Hausman test for 
endogeneity (p-value) 

0.000 0.000 0.000 0.020 

Men 
0.017 0.372*** 0.045 0.360*** 0.014 -0.587** 0.043 -0.167
[0.028] [0.115] [0.040] [0.119] [0.026] [0.229] [0.050] [0.155] 

0.102*** 0.133*** -
0.078*** 

-0.047

[0.030] [0.041] [0.023] [0.043] 

ln(Cohort Size/Pop 16-69) 

IV: ln(Cohort Births/Births 
16-29) 
Reduced-form coefficient   

(dep. var.=ln(Average Hourly 
Wage)) 

Durbin-Wu-Hausman test for 
endogeneity (p-value) 

0.000 0.000 0.000 0.100 

Women 
0.041 0.185* 0.055 0.355** 0.027 -

0.570*** 
0.008 -

0.332* 
[0.030] [0.104] [0.042] [0.138] [0.030] [0.146] [0.038] [0.179] 

0.053* 0.112*** -
0.106*** 

-
0.065* 

[0.030] [0.042] [0.023] [0.034] 

ln(Cohort Size/Pop 16-69) 

IV: ln(Cohort Births/Births 
16-29) 
Reduced-form coefficient   

(dep. var.=ln(Average Hourly 
Wage)) 

Durbin-Wu-Hausman test for 
endogeneity (p-value) 

0.095 0.003 0.000 0.029 

Notes: Data source is described in notes to Figure 5.  The 1st-stage estimates (and F-statistics) are the same as in Table 2.  
See notes to Table 2.  N = 1,326. 



Table 5A: OLS and IV Regressions of Log Labor Force Participation Rate and Hourly Wages of 50 to 59 Year 

Olds on Log Relative Cohort Sizes for 16 to 24 and 25 to 49 Year Olds, 1984 to 2016, Both Sexes 

Estimator OLS IV OLS IV 

Dependent Variable (Logs) LFP LFP 
Hourly 
Wages 

Hourly 
Wages 

ln(50-59 Cohort Size/16-24 Cohort Size) -0.017 -0.051 0.021 -0.129
[0.015] [0.051] [0.019] [0.086]

ln(50-59 Cohort Size/25-49 Cohort Size) 0.039** 0.267*** -0.025 -0.326***

[0.016] [0.064] [0.024] [0.108]
1st-stage F-statistic 
(dep. var.=ln(50-59 Cohort Size/16-24 Cohort Size)) 42.38 42.38
(dep. var.=ln(50-59 Cohort Size/25-49 Cohort Size)) 34.60 34.60
Shea’s Partial R2 
(dep. var.=ln(50-59 Cohort Size/16-24 Cohort Size)) 0.04 0.04 
(dep. var.=ln(50-59 Cohort Size/25-49 Cohort Size)) 0.05 0.05 
Durbin-Wu-Hausman test for endogeneity (p-value) 0.000 0.000 
Men 
ln(50-59 Cohort Size/16-24 Cohort Size) -0.026** -0.089 0.025 -0.203

[0.013] [0.075] [0.020] [0.144]
ln(50-59 Cohort Size/25-49 Cohort Size) 0.029** 0.192*** -0.015 -0.349***

[0.015] [0.068] [0.023] [0.131]
1st-stage F-statistic 
(dep. var.=ln(50-59 Cohort Size/16-24 Cohort Size)) 17.12 17.12
(dep. var.=ln(50-59 Cohort Size/25-49 Cohort Size)) 26.12 26.12
Shea’s Partial R2 
(dep. var.=ln(50-59 Cohort Size/16-24 Cohort Size)) -0.03 -0.03
(dep. var.=ln(50-59 Cohort Size/25-49 Cohort Size)) 0.01 0.01
Durbin-Wu-Hausman test for endogeneity (p-value) 0.000 0.000
Women 
ln(Cohort Size/16-24 Cohort Size) -0.020 0.004 0.014 -0.108

[0.020] [0.081] [0.021] [0.091]
ln(Cohort Size/25-49 Cohort Size) 0.075*** 0.420*** 0.006 -0.334***

[0.025] [0.105] [0.026] [0.117]
1st-stage F-statistic 
(dep. var.=ln(50-59 Cohort Size/16-24 Cohort Size)) 42.55 42.55
(dep. var.=ln(50-59 Cohort Size/25-49 Cohort Size)) 35.69 35.69
Shea’s Partial R2 
(dep. var.=ln(50-59 Cohort Size/16-24 Cohort Size)) 0.03 0.03 
(dep. var.=ln(50-59 Cohort Size/25-49 Cohort Size)) 0.02 0.02 
Durbin-Wu-Hausman test for endogeneity (p-value) 0.000 0.000 

Notes: Data source is described in notes to Figures 1, 2, and 5, and specification details are described in notes to Table 1.  The 
table reports estimates of equation (2).  Regression weighted by average state population through the sample period.  Uses 
Newey-West standard errors to account for heteroskedasticity and autocorrelation. *, **, and *** denotes 0.1, 0.05, and 0.01 
significance.  The two instrumental variables used are the total number of births for 50-59 year-olds divided by the total number 
of births for 16-24 year-olds by state and year and the total number of births for 50-59 year-olds divided by the total number of 
births for the 25-49 year-olds by state and year.  We exclude certain years and states with missing birth data for the cohorts, as 
only a handful of states started reporting births in 1915.  N = 1,326.  Note that we could use more observations in this table than 
in Table 5B, for 60-69 year-olds, because the absence of early birth data is less of a constraint.  However, we keep the samples 
the same in the two tables to make the estimates most comparable.   



Table 5B: OLS and IV Regressions of Log Labor Force Participation Rate and Hourly Wages of 60 to 69 Year 

Olds on Log Relative Cohort Sizes for 16 to 24 and 25 to 49 Year-Olds, 1984 to 2016, Both Sexes 

Estimator OLS IV OLS IV 
Dependent Variable (Logs) LFP LFP Hourly Wages Hourly 

Wages 
ln(60-69 Cohort Size/16-24 Cohort Size) -0.125*** -0.462*** 0.023 -0.248**

[0.038] [0.107] [0.033] [0.101]
ln(60-69 Cohort Size/25-49 Cohort Size) 0.081* 0.665*** -0.006 -0.113

[0.045] [0.139] [0.045] [0.127]
1st-stage F-statistic 
(dep. var.=ln(60-69 Cohort Size/16-24 Cohort Size)) 54.17 54.17 
(dep. var.=ln(60-69 Cohort Size/25-49 Cohort Size)) 49.35 49.35 
Shea’s Partial R2 
(dep. var.=ln(60-69 Cohort Size/16-24 Cohort Size)) 0.09 0.09 
(dep. var.=ln(60-69 Cohort Size/25-49 Cohort Size)) 0.09 0.09 
Durbin-Wu-Hausman test for endogeneity (p-value) 0.000 0.000 
Men 
ln(60-69 Cohort Size/16-24 Cohort Size) -0.070** -0.470*** 0.032 -0.313**

[0.035] [0.115] [0.037] [0.137]
ln(60-69 Cohort Size/25-49 Cohort Size) 0.031 0.511*** 0.010 -0.057

[0.039] [0.133] [0.048] [0.146]
1st-stage F-statistic 
(dep. var.=ln(60-69 Cohort Size/16-24 Cohort Size)) 43.71 43.71 
(dep. var.=ln(60-69 Cohort Size/25-49 Cohort Size)) 57.98 57.98 
Shea’s Partial R2 
(dep. var.=ln(60-69 Cohort Size/16-24 Cohort Size)) 0.03 0.03 
(dep. var.=ln(60-69 Cohort Size/25-49 Cohort Size)) 0.07 0.07 
Durbin-Wu-Hausman test for endogeneity (p-value) 0.000 0.000 
Women 
ln(60-69 Cohort Size/16-24 Cohort Size) -0.126*** -0.508*** -0.042 -0.236**

[0.045] [0.164] [0.033] [0.116]
ln(60-69 Cohort Size/25-49 Cohort Size) 0.136** 0.947*** 0.055 -0.163

[0.055] [0.246] [0.045] [0.163]
1st-stage F-statistic 
(dep. var.=ln(60-69 Cohort Size/16-24 Cohort Size)) 38.20 38.20 
(dep. var.=ln(60-69 Cohort Size/25-49 Cohort Size)) 22.17 22.17 
Shea’s Partial R2 
(dep. var.=ln(60-69 Cohort Size/16-24 Cohort Size)) 0.05 0.05 
(dep. var.=ln(60-69 Cohort Size/25-49 Cohort Size)) 0.02 0.02 
Durbin-Wu-Hausman test for endogeneity (p-value) 0.000 0.002 

Notes: Data source is described in notes to Figures 1, 2, and 5, and specification details are described in notes to 
Table 1.  The table reports estimates of equation (2).  Regression weighted by average state population through the 
sample period.  Uses Newey-West standard errors to account for heteroskedasticity and autocorrelation. *, **, and *** 
denotes 0.1, 0.05, and 0.01 significance.  The two instrumental variables used are the total number of births for 60-69 
year-olds divided by the total number of births for 16-24 year-olds by state and year and the total number of births for 
60-69 year-olds divided by the total number of births for the 25-49 year-olds by state and year.  We exclude certain 
years and states with missing birth data for the cohorts, as only a handful of states started reporting births in 1915.  N 
= 1,326. 



Table 6: Summary of Evidence on Relationship between Relative Cohort Size, and 

LFP Rates and Wages 

Type of evidence 16-24 25-49 50-59 60-69
LFP 
OLS (Table 1) 
Men and women +*** +** +*** −*** 
Expected bias Positive Positive ? Negative 
IV (Table 2) 
Men and women −** −*** +*** +*** 
Consistent with supply effect 
of relative cohort size? 

Yes Yes No No 

IV, relative to two younger 
cohorts (Tables 5A, 5B) 
Men and women 
/16-24 … … − −*** 
Consistent with supply effect 
of relative cohort size? 

… … Yes Yes 

/25-49 … … +*** +*** 
Consistent with supply effect 
of relative cohort size? 

… … No No 

Wages 
OLS (Table 3) 
Men and women −** +*** −** − 
Expected bias Positive Positive None (?) None 
IV (Table 4) 
Men and women +*** +*** −*** −* 
Consistent with supply effect 
of relative cohort size? 

No No Yes Yes 

IV, relative to two younger 
cohorts (Tables 5A, 5B) 
/16-24 
Men and women … … − −** 
Consistent with supply effect 
of relative cohort size? 

… … Yes Yes 

/25-49 
Men and women … … −*** − 
Consistent with supply effect 
of relative cohort size? 

… … Yes No 

Notes: Uses Newey-West standard errors to account for heteroskedasticity and autocorrelation. *, **, and 
*** denotes 0.1, 0.05, and 0.01 significance.    N = 1,326. 



 

 

 

 

Table 7: IV Regressions of Part-time Work and Self-Employment of Older, 1984-2016, Both Sexes 

Older Cohort 50-59 Year-olds 60-69 Year-olds 

Dependent Variable, Log(∙/Labor 
Force) 

Part-
time  

Self-
employe
d 

Self-
employed, 
incorporate
d 

Self-
employed, 
unincorporat
ed 

Part-
time  

Self-
employe
d 

Self-
employed, 
incorporat
ed 

Self-
employed, 
unincorporat
ed 

ln(Older Cohort Size/16-24 Cohort 
Size) 

0.278 0.523* -0.345 0.742* 0.095 0.056 0.154 0.010 
[0.220] [0.275] [0.363] [0.380] [0.159] [0.197] [0.403] [0.250] 

         
ln(Older Cohort Size/25-49 Cohort 
Size) 

0.360 1.023*** 0.230 1.321*** 0.553** 0.093 0.722 -0.052 
[0.235] [0.330] [0.410] [0.467] [0.224] [0.256] [0.565] [0.330] 

Notes: Notes from Tables 5A and 5B apply.  Part-time and self-employed come from different questions and are not mutually exclusive.  Part-time and self-
employment status are based on current employment only. 

 

 

 

  



 

Table 8: OLS Regressions of Log Average Hourly Wages on Log Part-Time and Self-Employed Workforce Shares, 1984 to 2016, 

Both Sexes 

Older Cohort 50-59 Year-olds 60-69 Year-olds 

Independent Variables, Shares of 
Employed Workforce (Logs) Part-time 

Self-
employe

d 

Self-
employed, 
incorporate

d 

Self-
employed, 

unincorporat
ed 

Part-
time 

Self-
employe

d 

Self-
employed, 
incorporat

ed 

Self-
employed, 

unincorporat
ed 

Regression for part-time and  
for self-employed 

-0.063*** 0.000 … … -0.125*** -0.005 … … 
[0.012] [0.010]   [0.020] [0.015]   

         
Regression for part-time,  
for self-employed incorporated, 
and  
self-employed unincorporated 

-0.063*** … 0.002 0.001 -0.125*** … 0.010 -0.015 
[0.012]  [0.006] [0.008] [0.019]  [0.008] [0.011] 

        
Notes: Notes from Tables 5A and 5B apply.  Each row reports results from two separate regressions for log average hourly wages, for 50-59 year-olds or 60-69 
year-olds.  

 

 

 



 

Appendix Figure A1: One-year Interstate In-Migration of 60 to 69 Year Olds for Retirement-Related and Work-Related Reasons, 

as Percent of 60- to 69-Year-Old Population, 2008 to 2016 

 

Notes: Based on CPS Annual Social and Economic Supplement (ASEC) data, 2008-2016.  Data are constructed using survey weights.    
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Appendix Figure A2: One-year Interstate In-Migration of 50 to 59 Year Olds for Retirement-Related and Work-Related Reasons, as Percent of 50- to 59-

Year-Old Population, 2008 to 2016 

 

Notes: Based on CPS Annual Social and Economic Supplement (ASEC) data, 2008-2016.  Data are constructed using survey weights. 
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Appendix Figure A3: One-year Interstate In-Migration of 25 to 49 Year Olds for Retirement-Related and Work-Related Reasons, as Percent of 25- to 49- 

Year-Old Population, 2008 to 2016 

 

Notes: Based on CPS Annual Social and Economic Supplement (ASEC) data, 2008-2016.  Data are constructed using survey weights. 
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Appendix Figure A4: One-year Interstate In-Migration of 16 to 24 Year Olds for Retirement-Related and Work-Related Reasons, 

as Percent of 16- 24-Year-Old Population, 2008 to 2016 

 

Notes: Based on CPS Annual Social and Economic Supplement (ASEC) data, 2008-2016.  Data are constructed using survey weights. 
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Appendix Table A: Percent Retired within Age Group, 2012-2017 

Age Group Percentage Retired 
16-24 0.26% 
25-49 0.81% 
50-59 6.14% 
60-69 40.94% 
Source: Census Population Survey (CPS) 2012-2017.  The percentage retired  
is computed from the employment status question, which captures respondents  
saying that they are not in the labor force due to retirement. 

 

Appendix Table B: Dates States Joined the Birth Registration System 

1915 1916 1917 1919 
Connecticut 
District of Columbia 
Maine 
Massachusetts 
Michigan 
Minnesota 
New Hampshire 
New York 
Pennsylvania 
Rhode Island* 
Vermont 

Maryland 
 

Indiana 
Kansas 
Kentucky 
North Carolina 
Ohio 
Utah 
Virginia 
Washington 
Wisconsin 

California 
Oregon 
South Carolina** 

1920 1921 1922 1924 
Nebraska Delaware 

Mississippi 
New Jersey 

Illinois 
Montana 
Wyoming 

Florida 
Iowa 
North Dakota 

1925 1926 1927 1928 
West Virginia Arizona 

Idaho 
Alabama 
Arkansas 
Louisiana 
Missouri 
Tennessee 

Colorado 
Georgia 
Oklahoma 

1929 1931 1932 1933 
Nevada 
New Mexico 

Hawaii*** South Dakota Texas 

1945    
Alaska    
Source: National Center for Health Statistics (1947, 1968).   
* Rhode Island disappeared from the birth registration for 1919 and 1920.  
** South Carolina disappeared from the birth registration for 1925-1927.  
*** Hawaii had number of births from individual U.S. Vital Statistics Reports in 1931 as a territorial 
supplement but does not report crude birth rates until 1950. 
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