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1 Introduction

This paper investigates the effect of health on the employment of those aged 50-70, by race and

gender. The link between health and labor supply is particularly important near retirement

age as health problems become increasingly more frequent and serious, and out-of-work benefits

change rapidly1. We study England and the United States (US), two countries that share much

in terms of culture and values while differing markedly in the institutional context in which older

workers frame their decisions, including health policy, working and retirement incentives. We

separate estimates by gender and race to investigate the extent to which systematic differences

in employment across these groups are related to differences in health status, in the incidence of

health shocks, in the size of the responses to these shocks, and how these relate to the types of jobs

individuals do. Our estimates of the effect of health on employment exploit the panel structure

of the data to better consider the role initial (health and employment) conditions in addition to

other covariates.2

Our estimates reveal some important facts. First, the employment rates among the non-white

population are significantly lower than among the white population in the US, with racial gaps

over 10 and 5 percentage points for, respectively, men and women in their 50s. In England racial

differences in employment are modest.

Second, in both the US and England, non-white people are on average in worse health. These

racial differences are larger in the US than in England, and are larger for women than men in both

countries. These differences in health are evident in objective measures (reporting the incidence

of medically diagnosed health conditions such as diabetes or heart attacks) as well as in more

subjective measures of overall well-being.

Third, these racial differences in health largely are strongly correlated with differences in em-

ployment across races. Our estimates suggest that differences in health fully explain employment

1See for example (French, 2005; Casanova, 2013; Capatina et al., 2018; Hosseini et al., 2025).
2This builds on several recent papers; for example, Disney et al. (2006), Bound et al. (1999), Bound et al. (2010),

De Nardi et al. (2025) who also consider the dynamics of health and employment.
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gaps. In other words, if we were to close the differences in health, the race gaps in employment

would shrink significantly in both countries.

Fourth, the impact of health shocks on employment are larger for non-white than for white

people, and are larger in the US than England. For example, declining health can explain 12%

(20%) of the employment decline for white (non-white) women in the US between ages 50 and

70. The gap in the proportion of employment decline explained by health declines can be fully

attributed to differences in the impact of health across racial groups, rather than to differences

in health declines between ages 50 and 70.

Finally, we find little evidence that racial specialisation in manual labor explains differences in

the impact of health on employment. Our estimates indicate that the employment of non-white

individuals responds more strongly to health shocks than the employment of white individuals,

independently of the physical demands of the occupation, and similarly for England and the US.

2 Previous Literature

Issues related to race are gaining importance worldwide, and particularly in Europe as it quickly

becomes more racially diverse. However, the vast majority of existing studies still focuses exclu-

sively on the US. Our paper contributes to the growing literature on race inequalities by bringing

in the comparison between US and England.

We contribute to the large literature on racial differences in employment and earnings, which

shows for the US that black and hispanic individuals earn less than their white counterparts (e.g.

Altonji and Blank 1999; Lang and Lehmann 2012; Bayer and Charles 2018), leaving them with

fewer resources to fund their retirement (Choukhmane et al., 2022). We also contribute to the

large literature on racial differences in health, showing again for the US that racial minorities

often experience worse health than white individuals (Russo et al., 2024), and thus have less work

capacity. Minorities are also more likely to receive means-tested health related benefits (Arapakis

et al., 2023), reducing work incentives. Our paper advances on these literature by studying racial
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inequalities in health and in the impact of health deterioration on the employment or workers

near retirement age, across the two countries.

Understanding the relationship between health and employment and how it responds to in-

centives are key to informing the effective design and evaluation of public policy. This has long

been understood in the economic literature. For instance, some studies have investigated how

disability and retirement policy intended to protect individuals against health risks that impair

employment and earnings capacity may, at the same time, discourage work or keep individuals out

of work for longer than would be expected (Hosseini et al., 2025; Laun et al., 2019). Understand-

ing the employment effects of health is also important for understanding the potential aggregate

effects of health improvements. For example, improvements in health may cause significant gains

in aggregate productivity (Bloom et al., 2024; Scott et al., 2023). Our paper contributes new

estimates of the impact of health on employment that are consistent with a dynamic economic

model of labour supply and earnings (Blundell et al., 2023).

3 Data

3.1 Datasets

The analysis is based on two longitudinal datasets of older adults that follow a similar design

and collect similar information: the US Health and Retirement Study (HRS3) and the English

Longitudinal Survey of Aging (ELSA, Banks et al. (2024)).

ELSA follows non-institutionalized individuals living in England and aged 50 or older. Inter-

views are held biennially from 2002/03 onwards. We use data for the nine waves covering the

period prior to the Covid pandemic, with the last wave collecting information for 2018/19. The

initial sample was drawn from the set of participants in the Health Survey for England (HSE)

in 1998, 1999 or 2001, and refreshment samples added in waves 3 and 6 also drawn from the

HSE. Both the selected members of the panel and their partners are interviewed in each wave,

3The HRS (Health and Retirement Study) is sponsored by the National Institute on Aging (grant number NIA
U01AG009740) and is conducted by the University of Michigan.
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resulting in some respondents being younger than 50 at the time of the interview. Except for

sample attrition and death, panel members are followed in each wave.

The HRS began in 1992 with a representative sample of individuals living in the United

States aged 50 to 61 and their spouses. These individuals were initially interviewed biennially

and refreshment samples were added every 6 years. Respondents were initially selected from the

non-institutionalized population, but efforts were made to follow them in all later waves, even if

they were admitted into nursing homes. We augment the HRS dataset with the RAND HRS Data

File which contains imputations of the core HRS variables and, in general, cleaner data. Similar

to ELSA, if an individual is included in the HRS, so too is their partner, regardless of age.

In both cases, our estimates are based on the sub-sample of main respondents and their

partners aged 50 to 70. We observe their gender, race, education, employment status and health

information among other variables; we provide more detail on these variables below. We use

waves 2 to 9 of ELSA and waves 3 to 14 of HRS data, covering the years up to 2018. We exclude

the first wave of ELSA and the first two waves of HRS, consistent with Blundell et al. (2023),

because the substantial changes in the questionnaire that occurred in the initial waves make it

difficult to ensure the comparability of our measures over time.

Table 1 describes the samples. In total, the ELSA sample has 12,991 individuals, of whom

54% are women. 11.5% of our ELSA sample respondents are observed for all 8 waves, and more

than 61% are observed for at least 3 waves. Our HRS surveys 19,213 individuals, with a slightly

higher fraction of women than in ELSA, at 55%. 10.1% of the respondents are observed over the

8 waves that cover our age-window, and 77% are observed for at least 3 waves.

We split our sample in two racial groups, one for the white majority and the other encapsu-

lating all non-white minority groups. The choice of these broad categories is dictated by the need

to ensure sufficient sample sizes for non-white people. For ELSA, even this grouping yields very

small sample sizes for the minority group, who are around 5% of the total sample. This partly

reflects the fact that non-white people were a small share of this cohort: census data reveals
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that nonwhite people only comprise 7.6% of the population resident in England and aged 50-69

in 2011.4 In the HRS, 29% of the respondents are from minority race groups, reflecting greater

racial diversity in the US as a whole. This is consistent with US census data, which shows that

non-white people comprise 24% of the 50-69 population in 2010.5 Based on these comparisons,

we believe our samples in both countries are representative of aggregate racial compositions.

While sample size restrictions do not support a more granular inspection of ethnic diversity

across the two countries, it is worth highlighting that there are substantial differences between

England and the US in the ethnic composition of the non-white population. While minorities in

England are more likely to be Asian, in the US they are more likely to be Black or Hispanic.6

Since the labour market attachment and health of these racial groups may be quite different, the

racial gaps may be very different across the two countries.

There is a strong overlap in the information collected by the two surveys, and coincidence in

how the variables are measured. Both surveys include detailed demographic, health, employment

and income information that we use to investigate the links between health and employment

around retirement age. Table 2 describes the key variables that will be used in our analysis, and

compares inter-racial differences in these outcomes by country.

4Data are from ‘https://www.nomisweb.co.uk/census/2011/dc2101ew’, displayed for England by ethnicity and
age groups.

5Data are from: https://www.census.gov/data/tables/2010/demo/age-and-sex/2010-age-sex-composition.html
6Figures from the 2011 Census for England show that, of racial minorities ages 50-69 in England, almost 60%

are Asian, 25% are Black or Caribbean, and 15% are mixed or other. Of racial minorities of the same age in the
US, approximately 17% are Asian, 45% are Black, and 38% are Hispanic.

6



Table 1: ELSA and HRS samples by gender, race and education

Men Women
White Non-white White Non-white

ELSA
High School Dropout 0.33 0.33 0.38 0.41
High School 0.44 0.33 0.45 0.33
College 0.20 0.30 0.15 0.22
No. observations 20,237 836 25,206 1,046
No. individuals 5,650 273 6,727 341

HRS
High School Dropout 0.18 0.37 0.18 0.33
High School 0.56 0.48 0.63 0.52
College 0.27 0.14 0.19 0.15
No. observations 33,275 8,041 43,492 13,048
No. individuals 6,817 1,732 8,128 2,536

Notes: ELSA and HRS samples are for individuals aged 50-70, observed in any of the waves up to 2018,

and for whom we can observe gender, race, education, employment and health.

The surveys contain a battery of health questions aimed at ascertaining whether the respondent

is currently suffering, or has suffered since the last interview, from a range of medically diagnosed

illnesses. These are usually known as ‘objective’ health measures, and cover conditions such as

cancer, diabetes or cardio-vascular diseases. The top panel in Table 2 under each survey shows

the prevalence of these conditions by survey, gender and race, and presents p-values for between

race comparisons of means. The bottom row of ‘objective measures’, labelled ‘co-morbidity’ for

simplicity, shows the average number of objective health conditions that individuals in each group

report.

There is a clear racial divide, with non-white people reporting on average more conditions than

white people in all cases (see figures for co-morbidity). The differences are larger in the US than

England. Some diseases, notably diabetes and cardio-vascular diseases, are significantly more

prevalent among non-white respondents, while other conditions, such as psychiatric problems,

affect white respondents more. In other cases, the differences are less statistically significant or
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the patterns are less clear. For instance, arthritis is more common among white than non-white

men in England, while it is more common among non-white than white women in the US. Gender

differences are larger in the US than in England, especially for non-whites. Typically, women are

more likely to have arthritis and psychiatric problems, especially in the US, but are less likely to

have suffered from a stroke, heart attack or diabetes.
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Table 2: Summary statistics

Men Women
White Non-white p-val White Non-white p-val

ELSA
Objective Health Measures

Cancer 0.03 0.02 0.41 0.03 0.03 0.84
Diabetes 0.10 0.22 0.00 0.06 0.15 0.00
Sight 0.02 0.03 0.07 0.02 0.04 0.01
Hearing 0.05 0.03 0.04 0.02 0.01 0.18
Blood pressure 0.30 0.38 0.02 0.24 0.33 0.00
Arthritis 0.25 0.18 0.01 0.35 0.34 0.80
Psychiatric 0.05 0.04 0.59 0.07 0.03 0.00
Lung Disease 0.04 0.02 0.00 0.04 0.00 0.00
Stroke 0.01 0.02 0.27 0.01 0.01 0.61
Heart Attack 0.02 0.03 0.24 0.01 0.01 0.61
Co-Morbidity 0.86 0.95 0.19 0.84 0.95 0.05

Subjective Health
Health Good/Excellent 0.50 0.36 0.00 0.51 0.34 0.00
Health limits activities 0.40 0.39 0.87 0.52 0.55 0.37
Health limits work 0.25 0.26 0.65 0.25 0.28 0.18

Labour Market and Income
Age 61.27 59.64 0.00 60.76 58.58 0.00
Employment rate 0.58 0.66 0.01 0.49 0.53 0.15
Initial job physically demanding 0.35 0.24 0.01 0.20 0.19 0.67
Earnings (US dollars per week) 320.00 341.47 0.40 235.34 248.63 0.53
Disability benefits (US dollars per week) 9.90 10.94 0.68 7.12 7.45 0.83
Initial net wealth (US dollars, millions) 0.38 0.33 0.17 0.35 0.29 0.05

HRS
Objective Health Measures

Cancer 0.09 0.08 0.07 0.12 0.09 0.00
Diabetes 0.18 0.27 0.00 0.14 0.29 0.00
Sight 0.03 0.07 0.00 0.04 0.08 0.00
Hearing 0.07 0.04 0.00 0.03 0.02 0.00
Blood pressure 0.49 0.60 0.00 0.45 0.66 0.00
Arthritis 0.46 0.44 0.06 0.58 0.62 0.00
Psychiatric 0.12 0.11 0.24 0.22 0.20 0.01
Lung Disease 0.08 0.06 0.01 0.10 0.10 0.61
Stroke 0.05 0.09 0.00 0.04 0.07 0.00
Heart Attack 0.02 0.02 0.60 0.01 0.01 0.02
Co-Morbidity 1.59 1.78 0.00 1.73 2.13 0.00

Subjective Health
Health Good/Excellent 0.48 0.32 0.00 0.50 0.28 0.00
Health limits activities 0.54 0.54 0.89 0.65 0.73 0.00
Health limits work 0.24 0.31 0.00 0.26 0.35 0.00

Labour Market and Income
Age 61.99 61.38 0.00 61.34 60.91 0.00
Employment rate 0.59 0.52 0.00 0.48 0.45 0.01
Initial job physically demanding 0.48 0.64 0.00 0.54 0.65 0.00
Earnings (US dollars per week) 1458.48 1021.48 0.00 816.32 705.47 0.00
Disability benefits (US dollars per week) 13.65 25.12 0.00 10.12 24.21 0.00
Initial net wealth (US dollars, millions) 0.33 0.13 0.00 0.29 0.11 0.00

Notes: p-val is for testing equality between white and non-white respondents. Heteroskedasticity consistent standard
errors are clustered at the individual level. Co-morbidity is the total number of objective conditions. Health variables
are indicators for whether respondents have a current diagnosis of the disease (case of objective health measures)
or for described health status (subjective health). ‘Employment’ is an indicator for whether the respondent is
currently working. ‘Initial job: physically demanding’ is an indicator for whether the job respondents held when
first observed requires strenuous physical activity; it is only observed among those working when first in the sample.
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The within-country race and gender health gaps are dwarfed by differences across countries,

with American individuals reporting almost double the number of health conditions that their

English counterparts do (co-morbidity figures). The higher prevalence of diagnosed conditions

in the US holds for all grounds and all conditions except heart attack, with prevalence rates

sometimes three times larger in magnitude. For example, cancer prevalence is 3% in ELSA for

both white men and women, but the figures in the HRS are, respectively, 9% and 12%. Other

serious health conditions like lung disease or strokes, as well as chronic diseases like diabetes, two

or more times more prevalent in the US.

Measured health differences between the US and England have been well documented in

previous research (Banks et al., 2016). They may reflect a combination of differences across the

two countries in health status, diagnosing rates and respondents’ information about their health

conditions. Banks et al. (2006) use additional biomarker information to show that Americans are

in worse health than the English. Diagnosing rates and information about one’s health conditions

may also differ systematically within country across racial and gender groups, if they depend on

access to good quality medical care. Particularly in the US, minorities and women tend to have

lower insurance coverage, which could impact diagnosing rates and result in under-reporting of

health conditions. This could lead us to understate racial differences in health, especially in the

US.

Alternative measures of health, usually knonwn as ‘subjective’ health measures, aim to depict

overall health status by summarising well-being and working capacity. In the Table, the second

panel under each survey summarises the common subjective health variables. Consistent with the

racial differences in objective health measures, we see that white people are more likely to report

good health status than non-white people in both countries, by a significant margin, and that

non-white people are more likely to report that their health limits work and other daily activities,

particularly in the HRS. By contrast, gender differences in subjective health measures are small.

What is more surprising is that, despite the higher incidence of objective health issues in the US,

and especially of those serious health problems that can be impairing, subjective health status and
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ability to work is not on average substantially different between the US and English people. There

are, however, large differences in responses to whether health limits activities: consistent with

the higher prevalence of serious health conditions, Americans are more likely than the English to

report that health limits their activities.

The bottom panel under each survey describes other variables we use. We see that, In England,

we see that employment rates are higher for non-white than for white respondents, but that

physically demanding jobs are more prevalent among white respondents. Interestingly, the exact

opposite happens in the US, where employment rates are lower for non-white respondents, but

their jobs are on average more physically demanding. Whereas in England racial differences in

earnings, disability benefit income, and wealth are modest, non-white respondents in the US have

significantly lower earnings and wealth, and receive significantly more disability benefits than

their white counterparts. Some of these these racial differences between the US and England may

be partly explained by the age composition of each group: in England, the non-white minority

population is on average 1.5 to 2 years younger (for men and women respectively) than the

white majority, and hence more likely to be observed during their economically active years, and

potentially in different types of jobs, working more hours and earning more; in the US, where non-

white minorities have long been strongly represented across birth cohorts, differences in the age

distribution are more muted. These differences in age can be important. For example, we show

below that while white women in ELSA have lower employment rates than non-white women,

they have higher employment rates when conditioning on age.

3.2 Measuring health status

A critical issue for our analysis is how to summarise the rich health information in ELSA and

the HRS in a way that reflects the relevant measure of health for labour supply. The literature

on the effects of health has raised concerns that estimates of these impacts may be biased due to

measurement error in health.7 One problem is that only limited health measures are generally

7Bound (1991) and Stern (1989).
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available, and each of those available variables may capture only one dimension of health. This

issue is especially relevant when estimating the effect of objective measures on labour supply. For

example, whether an individual has diabetes may or may not have a sizeable effect on labour

supply depending, amongst other things, on her other health conditions. Furthermore, people

may errantly misreport their health status because they misinterpret a question, or interpret

the question differently than others.8 Most likely, this type of measurement error leads to an

understatement of the effect of health on labour supply. Another problem is that estimates

of the effect of health status and labour supply potentially suffer from “justification bias”, as

those who are not working might see their health problems as more limiting of their ability to

work.9 This would likely lead to an overstatement of the effect of health on labour supply. In most

studies, the estimated effect of health on labour supply is found to be larger when using subjective

measures than objective measures (Blundell et al., 2016). These differences in estimates could be

attributable to either of these mechanisms.

We follow the approach of Blundell et al. (2023) to deal with measurement error in health, by

combining information on health conditions afflicting the individual (objective health measures)

and self-reported health status (subjective health measures) to construct a single, composite health

index. The index is constructed in two steps. First, we extract the first factor from a principal

component analysis to summarise the information from the set of subjective health measures.

This procedure addresses random misreporting due to error, which is assumed to be independent

across measures. Second, we instrument this subjective health factor with objective measures of

health. This procedure should take care of justification bias as objective measures are less likely

to be sensitive to it.

Specifically, we take the first principal component of the data matrix of the three subjective

health measures, which include the self-reported health status, a 5-point categorical variable

8For example, Kapteyn et al. (2007) show that differences in reported work disability between the Dutch and
Americans largely stem from the fact that Dutch respondents have a lower threshold in reporting whether they
have a work disability than American respondents.

9See, for example,Butler et al. (1987).
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ranging from poor to excellent, and the two indicator variables for whether health limits work

and daily activities. Let
(
HS

1it, H
S
2it, H

S
3it

)
denote the values of these three variables for individual

i at age t. The principal component analysis estimates the weights (ψ1, ψ2, ψ3) such that the

following index captures the maximum variation in the underlying subjective measures:

HS
it = ψ̂1H

S
1it + ψ̂2H

S
2it + ψ̂3H

S
3it (1)

where ψ̂ are the estimated weights and HS is the predicted subjective health index.

The second step exploits the variation in the subjective health index that relates to variation

in observed health conditions. Objective conditions are less sensitive to the justification bias that

may affect all subjective measures and thus the overall subjective health index. To do this, we

regress HS on all 10 objective health variables HO
j , j = 1, . . . , 10:

HS
it = α+X ′

itδ +
10∑
j=1

ρjH
O
jit + ϵit (2)

where X includes a quadratic polynomial in age and wave fixed effects, and ϵ is the residual. The

health measure that we use throughout the analysis is the predicted value of this regression. For

individual i aged t:

Hit = α̂+X ′
itδ̂ +

10∑
j=1

ρ̂jH
O
jit (3)

We estimate the health indices independently for England and the US. They are demeaned and

standardised to have variance 1 within each country.

Our choice to synthesise all the health information in a single index is simple and parsimonious,

but is only adequate for the purpose of measuring the impact of health on employment if it is

capable of summarising the relevant health information for employment. In an earlier paper

(Blundell et al., 2023) we have investigated this by estimating regression models controlling for

more detailed health information and found that adding more detailed information produces

results similar to the ones we get with our single index. Furthermore, using over-identification

tests we find that we cannot reject the restriction of a single health index.10

10Other papers have found evidence supportive of parsimonious representations of health status for measuring
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The differences in health status across groups are more evident when inspected through the

lenses of our subjective and instrumented indices, (HS , H). Table 3 shows that, in all cases,

non-white respondents have on average worse health than white respondents, and that the racial

gaps are larger in the US than in England, and for women than men. These gaps are larger when

using the instrumented health measure than when using the subjective health index. For example,

the racial gaps in health for women are 0.38 (=-0.06-(-0.44)) and 0.57 (=0.03-(-0.54)) standard

deviations in England and the US, respectively, when based on the instrumented health index,

but equal 0.23 (=-0.04-(-0.27)) and 0.31 (=0.02-(-0.32)) standard deviations if assessed using the

subjective health index. Whichever the measure, it is clear from the Table that non-white women

suffer from particularly poor health in both countries, with their average health being between

roughly 0.3 and 0.5 standard deviations below the average for the surveys populations.

Table 3: Racial gaps in composite health measures

Men Women
White Non-white p-val White Non-white p-val

ELSA
Subjective health index 0.06 -0.06 0.08 -0.04 -0.24 0.00
Instrumented health index 0.11 -0.10 0.00 -0.06 -0.44 0.00

HRS
Subjective health index 0.13 -0.09 0.00 0.02 -0.32 0.00
Instrumented health index 0.21 -0.14 0.00 0.03 -0.54 0.00

Note: The subjective health index is the first principal component from the combination of the

three subjective health measures. The instrumented health index is the predicted health from a

regression of the subjective health index on all objective measures of health described in Table 2.

The indices are standardised to have mean zero and standard deviation one. Heteroskedasticity

consistent standard errors are clustered at the individual level.

Figure 1 plots, by survey and gender, the age profile of the racial gap in the instrumented

health index. A similar figure for the subjective health index can be found in the Online Appendix,

and it shows similar patterns to those shown here. We see very large racial gaps in both England

the impact of health on employment. Hosseini et al. (2022) provides a detailed analysis of the role of detailed health
measures. Russo et al. (2024) finds that once one controls for a sufficient number of objective health conditions,
adding additional subjective or objective health conditions has only a modest impact on estimates of the effect of
health on employment.
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(left panel) and the US (right panel), with white people reporting better health than non-white

people at all ages. The gaps are systematically larger among women, varying between 0.3 and 0.5

of a standard deviation in the two countries. For men, the gaps are lower, hoovering between 0.1

and 0.3 of a standard deviation. Figures for the HRS, which are less volatile than those for ELSA

due to the larger sample size, show a clear decline in the gap with age among both women and

men, consistent with health problems becoming increasingly widespread as individuals get older.

Figure 1: Racial gaps in the instrumented health index (in standard deviations), by survey, gender
and age

Note: Graphs show 3 year moving averages. Gaps are the difference in average health for white respondents and

average health for non-white respondents, measured in standard deviations. Figures are for England on the left

panel, and the US on the right.

3.3 Employment and health heterogeneity by race and gender

Our measure of labour supply is an individual is employed. Figure 2 shows gaps in employment

rates in England (on the left) and the US (on the right). Similarly to the gaps in health, employ-
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ment is higher among white respondents in the US, at all ages. This is shown by the positive gaps

in employment displayed on the graph on the right. These gaps are larger for men than they are

for women, but they are positive for both groups though declining with age, as more individuals

retire from work. The left panel shows that in England, the gaps are positive for women in their

50s; from the early 60s onwards, coinciding with typical retirement age among women in England,

the gaps hoover around zero. In contrast race gaps in employment are close to zero for men in

England, at all ages.

Figure 2: Racial gaps in employment rates, by survey, gender and age

Note: Graphs show 3 year moving averages. Gaps are the difference in employment rates for white respondents and

employment rates for non-white respondents. Figures are for England on the left panel, and the US on the right.

To investigate how much of the racial employment gaps are related to across-race differences

in health and education, we use the method proposed by Gelbach (2016). The method compares
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estimates of the race coefficient in two regression models of employment, baseline and full. It

then calculates how much of the difference between the regression coefficients can be attributed

to the inclusion of additional regressors that are simultaneously related to employment and race

- in our case, we add health and education. The decomposition allows us to assess the fraction

of the race coefficient α1 in equation (4) that is accounted for by cross-race differences in health

and education.

The baseline and full models are described in equations (4) and (5) below

Yit = α0 + α1Whitei + αXXit + eit (4)

Yit = β0 + β1Whitei + βHHit + βH0Hit0 + βCH
C
i + βSSi + βXXit + uit (5)

In the above, i and t index individuals and age, Yit is an indicator equal to 1 if individual i is

employed at time t and is 0 otherwise, Whitei is an indicator for whether individual i is white,

Xit is the vector of baseline control variables, which includes a quadratic in age and wave fixed

effects, Hit is the instrumented health index in the current period, Hit0 is the instrumented health

index from the first time the individual is observed in the survey, HC is retrospective health status

in childhood, and Si are indicators for highest educational qualification in three levels, for less

than high school, high-school and equivalent, and college degree, and (eit, uit) are the unexplained

parts of employment in each model.

Table 4 shows estimates of the race coefficient in each of the two models in the top panel, and

decomposes the difference in these coefficients between health and education in the bottom panel.

Estimates for the baseline model confirm the patterns reported in Figure 2, specifically that white

people in this age group are more likely to be employed than non-white with the exception of men

in ELSA, for whom we find no significant race gap. In the HRS data, employment of white men

(women) is 8.7 (4.2) percentage points higher than for minorities, controlling for age and wave

fixed effects. For all groups, estimated race gaps are smaller in the full model than in the baseline

model. In some cases such as men in ELSA and women HRS, the estimated race gaps become

negative. This means that, when comparing individuals of similar education and health levels, if
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anything it is the non-white group that is more likely to be in work. In the other cases of English

women and American men, the gaps drop towards zero and lose statistical significance.

Table 4: OLS Estimates of Racial Employment Gap and Gelbach (2016) Decomposition

ELSA HRS
Men Women Men Women

Race gaps in employment

Baseline regression model (α1) -.009 .065 .087 .042
(.029) (.025) (.011) (.010)

Full regression model (β1) -.043 .016 .012 -.049
(.026) (.023) (.008) (.009)

Difference (α1 − β1) .034 .050 .075 .091
(.016) (.012) (.007) (.005)

Fraction of difference in race gaps (α1 − β1) explained by:

Current health .444 .448 .421 .418
(.296) (.070) (.041) (.032)

Initial health .584 .528 .242 .298
(.401) (.080) (.036) (.040)

Childhood health -.027 -.063 .001 .013
(.152) (.040) (.004) (.005)

Education -.002 .088 .335 .270
(.089) (.050) (.037) (.022)

Obs. 21,072 26,247 41,316 56,540

Note: Standard errors (in parenthesis) are bootstrapped to include the con-
struction of the health index, based on 100 iterations. (α1 − β1) is decom-
posed into parts explained by each covariate. For example, the fraction
explained by current health Hit is γHβH

α1−β1
, where βH is defined in equation

(5) and γH is the regression coefficient on Hit from a regression of Whiteit
on (Hit, Hit0 , Si, Xit).

The bottom panel in the table describes the roles of health and education in closing, and in

some cases reversing, the racial gap in employment. For ELSA we see that race differences in

education play no role in closing the gaps in employment. This is consistent with our earlier

observation that educational attainment is similar across race in England. Instead, the drops in

the estimated race gaps in employment can be fully attributed to health differences across race,
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and is evenly explained by differences in initial and current health, while childhood health plays

a negligible role. Differences in childhood health explain little of the differences between Whites

and minorities.

By contrast, race gaps in educational attainment exist in the HRS, and explain about one-third

of the closing race gap in employment; the remaining two-thirds are accounted for by differences

in health status, with about 60% of the difference in gaps being explained by differences in

contemporaneous health and 40% by differences in initial health. For the US, childhood health

also plays no role in roughly similar proportions by differences in current and initial health.

Interestingly, the drop in the race gap in employment from the baseline to the full model is smaller

in England than in the US, and the difference between the two is similar to the proportion of the

closing gap explained by education in the US.

The estimated decompositions suggest that much of the racial differences in employment could

be due to underlying differences in health. In other words, estimates in Table 4 suggest that, if

health was to be equalised across racial groups, we would expect racial gaps in employment to

shrink significantly. Both current health status and that observed when individuals first joined

the survey matter, while conditional on those, differences in health during childhood have a

negligible role for explaining race gaps in employment. The strong correlation between health

and employment, combined with large racial differences in health, support the view that health

is a key driver of employment. Both pre-existing conditions as measured by the initial value of

health, and current health are both important for explaining employment gaps.

However, the estimated association of health with employment not be causal. Health may

be correlated with other drivers of employment that are not included in the model, such as

employment opportunities or marital status. Without additional information, it is difficult to

disentangle those effects from the confounding effects of the omitted variables. In the next section,

we propose to estimate the impact of changes in health status on employment and how it varies

with race, by comparing the trajectories of individuals who look similar when they are first

19



observed.

4 The impact of health on employment

4.1 Heterogeneity by race and gender

The previous section showed that the majority of the racial gap in employment could be accounted

for by racial gaps in current and initial health, hence highlighting the potential role of health for

employment. We now propose to estimate the impact of health on employment, and how these

differ by race and gender. There are multiple reasons to think that the impact of health could

differ by race. One example that we investigate is the possibility of racial differences in the

physical job demands of jobs. As we show below, the effect of health on employment is larger for

those who work at physically demanding jobs.

Our approach is to compare the employment outcomes of individuals who look similar with

respect to health, employment and a range of other characteristics when they are first observed.

We allow for full interaction with race, gender and survey by estimating the following model

separately by groups defined by these variables:11

Yit = θ0 + θHHit + θZZit + vit. (6)

In the above, Yit is an indicator for whether the respondent is employed, Hit is the instrumented

health index and θH is the parameter of interest. As noted in Blundell et al. (2023), the inter-

pretation of estimates of θH depends crucially on the choice of other covariates Z. In that paper,

equation (6) is derived from an economic model of labour supply and health that also guides the

choice of covariates Z. The paper demonstrates that, with a careful choice of covariates Z, the

parameter θH can be interpreted as the overall impact of health shocks on employment. It sub-

sumes various mechanisms through which changes in health status impact employment, including

effects on preferences for work and productivity, access to benefits and public programmes (e.g.

11We have also estimated a similar model of employment using a probit regression. Results are in all very similar
to those obtained under linear probabilities and are shown in Appendix B.
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disability benefits), medical expenses and expectations of these objects in the future as well as life

expectancy. We adopt the specification proposed in that paper, where Z includes all the variables

in equation (5), plus several more: a quadratic polynomial in age, time fixed effects, education

fixed effects, as well as a rich set of initial conditions comprising of health status when the re-

spondent was a child, and the health index, employment status, accumulated years of working

experience, marital status and net wealth (inclusive of housing) for the respondent’s first survey

observation. The set of variables describing initial conditions capture existing heterogeneity when

the individual is first observed that may be responsible for persistent co-variation in health and

employment. Our estimates of θH can then be interpreted as the impact of changes in health

status from that initial state on changes in employment status.

Table 5 shows estimates of the parameter θH in equation (6). The health indices are nor-

malised, so estimates show the impact in employment of a one standard deviation change in

health. Panel A shows estimates for ELSA, while estimates for the HRS are shown in panel B.

For ELSA excluding controls for initial conditions, we see that, among white men, a 1 standard

deviation increase in health status is associated with almost 10 percentage points higher employ-

ment rates (first column, first row). For non-white respondents, the relationship between health

and employment is even stronger, with a difference of 13.6 percentage points in employment for 1

standard deviation in health (first row, second column). The patterns are very similar for women,

though the estimates are in all cases slightly smaller (first row, columns 3-4).

As argued above, some of these differences may reflect persistent differences in employment

by health rather then the impact of new health problems on employment. Estimates for ELSA

including initial conditions are shown in the second row in the Table (columns 1-4). With the

exception of non-white men, estimates of the effects of health shocks are smaller when we add

initial conditions, but they remain nevertheless large and statistically significant. We see that a

1 standard deviation drop in health reduces employment rates by between 6 (white women) and

15 (non-white men) percentage points.
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Table 5: Effect of health on employment (θH), by survey, race and gender

Estimated θH p-val: test equality of θH across groups

Men Women By Race By Gender
White Non-white White Non-white Men Women White Non-white
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: ELSA

Without ICs .098 .123 .084 .122 0.173 0.053 0.031 0.490
(.005) (.027) (.004) (.023)

With ICs .069 .150 .057 .114 0.057 0.087 0.146 0.264
(.010) (.051) (.007) (.042)

Obs. 20,237 836 25,206 1,046

Panel B: HRS
Without ICs .111 .164 .095 .162 0.000 0.000 0.002 0.419

(.005) (.008) (.004) (.007)
With ICs .112 .157 .097 .169 0.002 0.000 0.052 0.207

(.008) (.012) (.007) (.010)
Obs. 33,275 8,041 43,492 13,048

Note: IC stands for ‘initial conditions’, which include health as a child and values for the health index,
employment status, accumulated working experience, marital status and wealth when the respondent was
first observed in the sample. All regressions also include a full set of education dummies and time dummies,
as well as a quadratic polynomial in age. Columns 1 to 4 show estimates of the impacts of health (mea-
sured by the instrumented health index) on employment from the regression model 6 (θH) assuming linear
probabilities. Standard errors shown in parenthesis under each estimate are bootstrapped to include the
construction of the health index, based on 100 iterations. Columns 5-6 and 7-8 show p-val for the testing
equality of estimated θH across, respectively, race and gender groups.
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The bottom panel shows similar estimates for the US. The patterns are similar to those

observed for England, but the effects are larger by about 50% in most cases. Conditional on

initial conditions, we find that a 1 standard deviation reduction in health is associated with a

10 to 11 percentage points drop in employment rates among white respondents, and 15 to 17

percentage points drop among non-white men and women (second row in panel B, columns 1-4).

Columns 5 to 8 show p-values for the t-tests comparing estimates of the health effect on em-

ployment across groups. For ELSA, we see that, though estimated effects are systematically larger

for men and for non-white respondents, differences are in most cases not statistically significantly

different from zero. However, the differences in estimated health effects across race (but not

gender) for the US are statistically significant.

Estimates of the effects of health on employment can be used to calculate the fraction of

the employment decline that happens between the ages of 50 and 70 that can be explained by

declining health. Following Blundell et al. (2023), this is

δH =
θH(H̄70 − H̄50)

Ȳ70 − Ȳ50
(7)

where θH measures the effect of a one standard deviation change in the health index on employ-

ment rates, H̄70 − H̄50 is the change in average health between the ages of 50 and 70, predicted

from a regression of instrumented health on an quadratic polynomial in age, and individual fixed

effects (to account for the unbalanced nature of our samples). Ȳ70 − Ȳ50 is the change in employ-

ment rate over the same period. Table 6 shows estimates of parameter δH by gender, race, and

country, from regressions excluding and including initial conditions.

For England, health decline can explain a modest 5-10% of the decline in employment among

most groups. It is a more important driver of employment decline for non-white men than for

other groups, explaining 11% of the decline once initial conditions are controlled for; declining

health is less important for white women, explaining less than 4% of their employment decline.

Consistently with our earlier discussion, health is a stronger driver of the employment decline in

the US, explaining almost 15% of those changes among the white men, and over 12% among white
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Table 6: Share of employment decline explained by health decline, by survey, race and gender

Men Women
White Non-white White Non-white

Panel A: ELSA

Without ICs .105 .123 .072 .078
(.010) (.069) (.007) (.055)

With ICs .059 .113 .039 .059
(.009) (.073) (.006) (.046)

Obs. 20,237 836 25,206 1,046

Panel B: HRS

Without ICs .174 .241 .143 .220
(.010) (.022) (.008) (.019)

With ICs .146 .195 .124 .199
(.012) (.022) (.009) (.019)

Obs. 33,275 8,041 43,492 13,048

Note: Table shows estimates of δH as specified in equation 7, using the estimated
impacts of health on employment detailed in Table 5. Standard errors shown in
parenthesis under each estimate are bootstrapped using 100 iterations.

women. The impacts are larger for non-white respondents in both countries. For men in both

countries, the share of the employment decline explained by health is approximately 5 percentage

points larger for minorities.

The share of the employment decline explained by declining health depends on three compo-

nents: the impact of health on employment (θH), the decline in health (H̄70−H̄50), and the deline

in employment (Ȳ70− Ȳ50). Table 7 uses the Oaxaca-Blinder method to decompose the racial gap

in employment decline explained into these three components.12 Column 1 of the table shows that

declining health explains 5 percentage points more of the change in employment for the non-white

than white men in both England and the US. Column 5 shows that declining health only explains

2 percentage points more of the change in employment for women in England, but 8 percentage

points for women in the US. Columns 2 and 6 present the share of those differences that can be

attributed to differences in the impact of health on employment for men and women, respectively.

In all cases close to 100% of the difference is explained by the effects of health on employment

12Technical details on the decomposition can be found in the Online Appendix.
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across races. Columns 3 and 7 show that changes in health have negative contributions; while

non-whites have worse health at all ages, they have smaller declines in health between 50 and 70.

Finally, Columns 4 and 8 show that the larger drops of employment of whites results in a modest

positive contribution. Results are largely similar across groups, except for women in ELSA. For

this group, the difference in the overall share explained is small. As a result, the contributions

to this share are very imprecisely estimated. In summary, the key driver of the differences is the

greater response of employment to health shocks among minorities.

Table 7: Oaxaca decomposition of racial gaps in (δH), by survey and gender

Men Women
δNW − δW θ ∆H ∆Y δNW − δW θ ∆H ∆Y

(1) (2) (3) (4) (5) (6) (7) (8)

ELSA Estimates 0.05 1.06 -0.31 0.26 0.02 1.45 -1.26 0.81
HRS Estimates 0.05 0.92 -0.04 0.12 0.08 1.14 -0.20 0.06

Note: δNW − δW is the difference in δ estimates from Table 6 between non-whites and whites. Based on
estimates with initial conditions only.

4.2 The role of job occupations

Good health may be an especially important requirement for workers in some occupations, while

it is also possible that some occupations are linked to quicker health deterioration than others.

Therefore, the decline in health and its impact on employment may depend on the type of job one

does. Here we investigate the extent to which the large racial differences in the effect of health

on employment can be rooted in differences in the types of occupations that white and non-white

people have. To do so, we focus on the sub-sample of individuals who were actively in work

when first observed in our samples. For them, we have information on how physically demanding

their occupation was. This information comes in different formats in each of the surveys. ELSA

respondents in active work are asked if their jobs involve ‘physical work’, ‘heavy manual work’

or are a ‘sedentary occupation’, or ‘standing occupation’; we construct an indicator variable for

physically demanding jobs (or heavy jobs) that equals 1 in the former two cases. HRS workers
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are asked if their jobs require much physical work ‘all/almost all the time’ ‘most of the time’,

‘sometimes’, ‘rarely’; our indicator variable for physically heavy jobs equals one in the former two

cases.

We estimate the regression model in equation (6) by race and nature of initial job among those

employed in their first period in the sample. The small sample sizes for the non-white minority in

England do not support further splitting by gender. Thus we group women and men together.13

Model estimates with initial conditions are reported in Table 8 .

Table 8: Effects of health on employment (θH), by survey, race and initial occupation

Estimated θH p-val: test equality of θH across groups

White Non-white By occupation By Race
Heavy Light Heavy Light White Non-white Heavy Light
(1) (2) (3) (4) (5) (6) (7) (8)

ELSA estimates .070 .047 .141 .109 0.072 0.373 0.227 0.033
(.012) (.009) (.093) (.033)

Obs. 8,588 22,995 266 967

HRS estimates .102 .092 .159 .143 0.153 0.137 0.000 0.000
(.006) (.007) (.010) (.012)

Obs. 38,619 36,123 13,203 7,182

Note: Columns 1-4 show estimates of the impact of health on employment (θH in equation 6) among
those in active work in the first observation in the sample, by race (white/non-white), nature of initial
job (heavy/light for how physically demanding the job is) and survey. Regressions also control for a
quadratic polynomial in age, a full set of education dummies, gender, and initial conditions, including
the working experience, health index, marital status and wealth when the respondent was first observed
in the sample. Standard errors shown in parenthesis under each estimate are bootstrapped to include the
construction of the health index, based on 100 iterations. Columns 5-6 and 7-8 show p-values for testing
the equality of estimated θH across, respectively, occupations (for white and non-white respondents)
and gender (for those employed in physically heavy and light jobs).

The estimated impact of health on employment for individuals who were employed when first

observed are very similar in magnitude to the estimated impact for the full sample of employed

and non-employed individuals. For ELSA, workers initially doing physically demanding jobs are

more likely to respond to health shocks by moving out of employment than those in comparatively

13We estimate a set of regressions by gender and nature of initial job. Like for our earlier gender analysis, gender
differences are not statistically significant in most cases. Estimates for the gender split can be found in appendix
B.
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lighter jobs (compare estimates is columns 1 and 2 for white respondents, and 3 and 4 for non-

white respondents, top panel). However, the differences are small, and only statistically significant

for white respondents. For the US, the differences in health effects across types of jobs are even

more muted, and never statistically significant (bottom panel). For both countries, the patterns

across races are similar to those described earlier, with stronger impacts of health being registered

for the non-white minority.

These patterns suggest that the types of jobs white and non-white people do are unlikely

to be important determinants of the differences in the role of health in driving employment at

older ages. However, it is possible that health declines at different rates among those working in

different types of jobs and of different races, compounding and magnifying the differences in the

estimates of θ that we reported above. To investigate this, we calculate the share of employment

decline explained by the decline in health by survey, race and type of initial job. Estimates are

shown in Table 9.

Table 9: Share of employment decline explained by health decline, by survey, race and initial
occupation

White Non-white
Heavy Light Heavy Light

ELSA estimates .093 .041 .177 .060
(.016) (.008) (.142) (.031)

Obs. 8,588 22,995 266 967

HRS estimates .143 .130 .224 .172
(.010) (.010) (.023) (.022)

Obs. 38,619 36,123 13,203 7,182

Note: Table shows estimates of δH for individuals who were working when first observed in the surveys.
Standard errors shown in parenthesis under each estimate are bootstrapped using 100 iterations.

For ELSA, but not for the HRS, the fraction of employment decline explained by health decline

is substantially larger in heavy occupations than in light ones, and that occupational differences

are particularly large among non-white respondents (though the large standard errors due to the

small size of the non-white sample do not lend statistical significance to that difference). For the
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US, the differences across occupations are again much more muted. Overall, we conclude that

differences in the health content of occupations as described by our (arguably rough) measure

cannot explain race differences in the impact of health on employment.

5 Conclusion

Using representative and comparable longitudinal survey data for both the US and England, we

estimate the impact of health on employment by country, gender and race for the population aged

50-70. Our estimates reveal non-negligible health and employment gaps across racial groups, with

the white population showing advantages in both dimensions relative to the non-white population.

However, our estimates also show that the white advantage gradually drops with age, as more

individuals enter retirement and as the health of white individuals, having started from a higher

level in their early 50s, deteriorates quicker on average than the health of non-white individuals.

Our estimates show that health is an important driver of race gaps in employment in both

England and the US. We demonstrate that gaps in employment across racial groups can be partly

explained by gaps in both contemporaneous and past health. We also show that individuals from

the minority groups respond more strongly to health shocks, conditional on initial conditions. We

find that a larger proportion of the decline in employment observed for the non-white minority

between the ages of 50 and 70 can be attributed to a contemporaneous decline in health than for

the white majority. For example, declining health can explain 12% of the employment decline

for white women in the US, and up to 20% for non-white women. We do not find evidence that

these differences are related to differences in the types of jobs held by the white and non-white

populations. On the contrary, the non-white population responds more to health shocks than the

white population, irrespective of job type. However, these results should be interpreted cautiously

since our information on job characteristics lacks detail.
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Online Appendix

Oaxaca decomposition

The effect is δ = θ∆H
∆Y . The difference is (subscripts NW and W stand for non-white and white,

respectively):

δNW − δW =
θNW∆HNW

∆YNW
− θW∆HW

∆YW

=
∆HNW

∆YNW
(θNW − θW ) + θW

(
∆HNW

∆YNW
− ∆HW

∆YW

)
=

∆HNW

∆YNW
(θNW − θW ) + θW

[
1

∆YNW
(∆HNW −∆HW ) + ∆HW

(
1

∆YNW
− 1

∆YW

)]
=

∆HNW

∆YNW
(θNW − θW )︸ ︷︷ ︸

variation in parameter

+ θW
1

∆YNW
(∆HNW −∆HW )︸ ︷︷ ︸

variation in health

+ θW∆HW

(
1

∆YNW
− 1

∆YW

)
︸ ︷︷ ︸

variation in employment︸ ︷︷ ︸
variation in health relative to employment
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Additional tables and figures

Figure 3: Racial gaps gaps in the subjective health index, by survey, gender and age

Note: Graphs show moving averages of three age groups. Gaps are for whites versus non-whites, measured in

standard deviations. Figures are for England on the left panel, and the US on the right.
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Figure 4: Racial gaps in objective health measures in England, by gender and age

Note: Graphs show moving averages of three age groups. Gaps are for whites versus non-whites. Figures are

for gaps in prevalence rates of cancer (top left), arthritis (top right), diabetes (bottom left) and cardio-vascular

conditions (bottom right).
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Figure 5: Racial gaps in objective health measures in the US, by gender and age

Note: Graphs show moving averages of three age groups. Gaps are for whites versus non-whites. Figures are

for gaps in prevalence rates of cancer (top left), arthritis (top right), diabetes (bottom left) and cardio-vascular

conditions (bottom right).
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Table 10: Probit estimates of the effect of health on employment (θH)

Effects of health on employment (θH) p-val for comparison of θH

Men Women By Race By Gender
White Non-white White Non-white Men Women White Non-White

Panel A: ELSA

Without ICs .091 .107 .082 .114 0.173 0.053 0.031 0.490
(.005) (.023) (.004) (.020)

With ICs .067 .131 .055 .118 0.103 0.066 0.281 0.411
(.014) (.048) (.016) (.038)

Obs. 20,237 836 25,206 1,046

Panel B: HRS

Without ICs .105 .152 .093 .156 0.000 0.000 0.002 0.419
(.004) (.007) (.004) (.006)

With ICs .105 .148 .095 .167 0.003 0.000 0.136 0.103
(.008) (.012) (.007) (.010)

Obs. 33,275 8,041 43,492 13,048

Note: Table shows probit estimates of θH . IC stands for ’initial conditions’, which include health
as a child and values for the health index, employment status, marital status and wealth when the
respondent was first observed in the sample. All regressions also include a full set of education
dummies, a quadratic polynomial in age, Columns 1 to 4 show estimates of the impacts of health
(measured by the instrumented health index) on employment from the regression model 6 (θH).
Standard errors shown in parenthesis under each estimate are bootstrapped to include the construc-
tion of the health index, based on 100 iterations. Columns 5-6 and 7-8 show p-val for the testing
equality of estimated θH across, respectively, race and gender groups.
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Table 11: Probit estimates of the share of employment decline explained by health decline (δH)

Men Women
White Non-white White Non-white

Panel A: ELSA

Without ICs .098 .107 .070 .073
(.009) (.059) (.007) (.051)

With ICs .058 .099 .038 .061
(.013) (.063) (.012) (.044)

Obs. 20,237 836 25,206 1,046

Panel B: HRS

Without ICs .163 .223 .141 .211
(.010) (.020) (.007) (.019)

With ICs .137 .184 .122 .197
(.011) (.020) (.009) (.019)

Obs. 33,275 8,041 43,492 13,048

Note: Table shows probit estimates of δH as specified in equation 7, using the
estimated impacts of health on employment detailed in Table 10. Standard er-
rors shown in parenthesis under each estimate are bootstrapped to include the
construction of the health index, based on 100 iterations.
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