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Abstract

Given that poor individuals face worse survival conditions than non-
poor individuals, one can expect that a steeper income/mortality gradient
leads, through stronger income-based selection, to a lower poverty rate at
the old age (i.e. the "missing poor" hypothesis). This paper uses U.S.
state-level data on poverty at age 65+ and life expectancy by income lev-
els to provide an empirical test of the missing poor hypothesis. Using air
pollution as an instrument for mortality differentials, we show that instru-
mented changes in mortality differentials have a negative and statistically
significant effect on old-age poverty: a 1 % increase in the mortality dif-
ferential implies a 9 % decrease in the 654+ headcount poverty rate. Using
those regression results, we compute hypothetical old-age poverty rates
while neutralizing the impact of the income/mortality gradient, and show
that correcting for heterogeneity in income-based selection effects modifies
the comparison of old-age poverty prevalence across states.
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1 Introduction

The income/mortality gradient is a widely established stylized fact: empirical
studies show, for various countries and epochs, that lower incomes are statis-
tically related with higher mortality risks.! Those studies show that, although
the strength of the income/mortality gradient varies across gender (it is stronger
for men than for women) and also across countries, it remains true that poorer
individuals have, on average, shorter lives than richer individuals.?

What are the implications of the income/mortality relationship for poverty
measurement? In a pioneer work, Kanbur and Mukherjee (2007) argued that
standard poverty measures tend, under income-differentiated mortality, to lead
to too low levels of measured poverty. Actually, given that poor individuals
face, on average, worse survival conditions than non-poor individuals, measures
of old-age poverty are subject to a selection bias: these measure poverty only
within the surviving population, which includes, due to excess mortality of the
poor, a relatively smaller proportion of poor individuals. Income-based selection
leads thus to an under-representation of poor individuals at the old age.

Under income-differentiated mortality, low levels of measured old-age poverty
may not be caused by a better situation of the old, but may be due to a steeper
income/mortality gradient, leading to a stronger income-based selection. Mak-
ing an analogy with Sen’s (1998) expression of "missing women", we can coin
this hypothesis the "missing poor" hypothesis. According to that hypothesis, a
steeper income/mortality gradient leads, through stronger income-based selec-
tion, to a lower poverty rate at the old age.

The missing poor hypothesis has important consequences for the compar-
ison of old-age poverty measures across countries. When the strength of the
income/mortality gradient varies across space, the missing poor phenomenon
questions the comparability of old-age poverty measures across countries. If the
missing poor hypothesis is correct, observed gaps in standard poverty measures
may be due not to "true" differences in the prevalence of poverty, but may be
due to income-based selection processes of unequal strengths across space.

Whereas the existence of an income/mortality gradient is strongly estab-
lished, the missing poor hypothesis has not yet been tested empirically. Ac-
tually, the mere existence of an income/mortality gradient does not necessarily
imply that poverty measures are biased downwards. True, the income/mortality
gradient leads to some selection effects, but the final impact of those selection
effects on poverty is not obvious, since selection effects induce general equilib-
rium effects (e.g. variations in wages) that may make poverty measures take, in
theory, either lower or higher levels than in the absence of selection effects.?

1See Pamuk (1985, 1988), Duleep (1986), Deaton and Paxson (1998), Backlund et al (1999),
Deaton (2003), Jusot (2003), Bossuyt et al (2004), Van Oyen et al (2005), Duggan et al (2007),
Salm (2007). One exception is Snyder and Evans (2006), who find a negative correlation
between income and survival.

20n the variation of the income/mortality gradient across gender and across European
countries, see Lefebvre et al (2018a).

3See Lefebvre et al (2018b) on how general equilibrium effects due to selection (i.e. excess
mortality of the poor) can affect poverty measurement in an overlapping generations economy.



The goal of this paper is to test empirically the missing poor hypothesis, that
is, to investigate the effect of the mortality differential between the poor and the
non-poor on measures of old-age poverty. For that purpose, we use U.S. state-
level data on old-age poverty (age 65 and more) and on life expectancy at age
40 by income quartile, to test the missing poor hypothesis, that is, to examine
whether higher mortality differentials between the poor and the non-poor tend
to reduce measured old-age poverty.

At this stage, it should be stressed that the empirical test of the missing poor
hypothesis raises several difficulties. From an empirical perspective, the estima-
tion of a relation between poverty and mortality differentials may not necessarily
validate or invalidate the missing poor hypothesis. A first estimation problem
may come from reverse causation, i.e. a higher prevalence of poverty leading
to stronger mortality differentials between the poor and the non-poor. Reverse
causation from poverty to mortality differentials is plausible in theory, and can-
not be excluded a priori. For instance, in the presence of capacity constraints,
a larger prevalence of poverty can reduce the capacity of pro-poor programs to
achieve their goals, leading, in fine, to larger mortality differentials between the
poor and the non-poor. Besides reverse causation, another estimation problem
may come from omitted variable biases: the estimated relation between poverty
and mortality differentials may be due to a third variable affecting both mortal-
ity differentials and poverty measures, so that the observed relation would not
suffice to validate the missing poor hypothesis.?

In order to avoid drawing fallacious conclusions on the impact of mortality
differential on poverty measurement, it is important, when testing the missing
poor hypothesis, to develop an empirical strategy that uses an instrumental vari-
able for mortality differentials, which is not affected by poverty measurement,
but which affects mortality differentials within the population. For that pur-
pose, we use state-specific data on air pollution as an instrument for mortality
differentials, and examine its impact on old-age poverty measurement.

Anticipating on our results, we show that, when we carry out simple OLS
regressions of mortality differentials on old-age poverty, the mortality differential
has negative and statistically significant effect on measured old-age poverty.
Moreover, when we instrument for the mortality differential variable by means
of an air pollution indicator, we find that the instrumented changes in mortality
differentials have a negative and statistically significant effect on 65+ headcount
poverty rate: a 1 % increase in the mortality differential leads to a 9 % decrease
in the 65+ headcount poverty rate. Those results, which are robust to various
specifications concerning control variables, provide some empirical support for
the missing poor hypothesis, in the sense that, in line with that hypothesis, a
steeper income/mortality gradient leads to reduce the measured old-age poverty.

In the light of this empirical support for the missing poor hypothesis, one
can question the comparability of old-age poverty measures across states. In-
deed, given that states are heterogeneous in the strength of the income-mortality

4For instance, unemployment, by reducing accidents at work, may reduce mortality differ-
entials, while, at the same time, contribute to increase poverty.



gradient, and given that the income-mortality gradient has a negative and sig-
nificant effect on old-age poverty measures, one can question the meaningfulness
of comparing old-age poverty rates across states with unequal income-mortality
gradients. This limited comparability of old-age poverty rates across states mo-
tivates us to use our regression results to calculate hypothetical old-age poverty
rates while neutralizing the impact of the income/mortality gradient on the mea-
surement of old-age poverty. We show that correcting for income-based selection
effects tends to increase old-age poverty rates by between 1 and 3 percentage
points. It is also shown that the comparison of old-age poverty across states is
affected by heterogeneity in the income/mortality gradient across states.

This paper is related to several branches of the literature. First, it is related
to the literature on the "missing poor" problem, such as Kanbur and Mukherjee
(2007) and Lefebvre et al (2013, 2018a). Those papers are mainly theoretical,
and, when turning to data, propose to correct poverty measures for selection
biases by building counterfactuals: hypothetical income distributions are con-
structed while assuming that all individuals enjoy the survival conditions of the
top income class. This paper complements those studies by adopting an econo-
metric approach, whose goal is to provide empirical tests of the missing poor
hypothesis. Another related literature is the one on the income/mortality gra-
dient, to which we referred above. Whereas that literature is mainly descriptive,
it documents a relation that is shown, in this paper, to have strong corollaries
for poverty measurement. Thirdly, our paper is also related to the literature on
the links between mortality and development, such as Acemoglu and Johnson
(2007), Hazan (2009) and Cervelatti and Sunde (2011). While those papers ex-
amine, from a historical perspective, the link between life expectancy and GDP
per capita, our paper adopts a cross-sectional approach to study a different
relation, between life expectancy differentials and the prevalence of poverty.

The rest of the paper is organized as follows. Section 2 develops a model
aimed at motivating our empirical explorations of the impact of mortality dif-
ferentials between the poor and the non-poor on old-age poverty measurement.
Section 3 presents the data. The estimation framework and the OLS estimates
are presented in Section 4. The IV approach is developed in Section 5. Section
6 proposes to turn back to old-age poverty measures, by correcting these for the
missing poor effect quantified in Section 5. Section 7 examines the robustness
of our results to alternative specifications. Conclusions are drawn in Section 8.

2 Motivating theory

To frame the empirical analysis, we first develop a simple model of poverty
measurement under income-based premature mortality, to examine how mor-
tality differentials between the poor and the non-poor contribute to bias the
measurement of poverty at the old age.

Let us consider an economy with finite population size.” For simplicity,
human lifespan is composed of two periods. During the first period (young

5

>Given that we use the law of large numbers, the population size is assumed to be large.



age), individuals earn some income level y¥°"™9. Survival to the second period
(old age) arises with a probability 0 < 7 < 1 that depends on the income level
when being young. In case of survival, individuals enjoy an income 3°.

For the sake of simplicity, we assume that there exist two income levels, g
and ¢, as well as a poverty line z > 0, with § < z < 9.

At the young age, a fraction p > 0 of individuals has income y¥°""9 = g,
and thus lies in poverty, whereas a fraction 1 — p has income y¥°*™9 = ¢, and
thus escapes from poverty.

To keep the analysis simple, the survival rate to the old age takes only two
levels, which depend on whether the income enjoyed at the young age is below
or above the poverty line z:

i if yyound < z
T=19 L.
T if yyound > 2

We define the mortality differential as:

d > 1

SHES

The parameter d captures the strength of the income/mortality gradient. When
the income-based mortality differential is low, d is close to 1, whereas when there
is a strong mortality differential, d takes higher values.

There is some income mobility between the young age and the old age. The
income mobility matrix M, defined conditionally on survival, is given by:

M= ( z 1l—=z >
y l-vy
where 0 < x < 1 is the probability that an individual who is in poverty at the
young age remains in poverty at the old age, whereas 0 < y < 1 is the probability
that an individual who is not poor at the young age falls into poverty at the old
age. Given some hysteresis in income levels, the elements along the diagonal

are higher than those outside the diagonal, implying that z > y.
In our economy, the old-age headcount poverty rate H can be written as:

x7ip + yi(1 —p)

H=—"—"—77"—"" 1
wp+#(1—p) o
Multiplying the numerator and the denominator by ﬁ, the old-age head-
count poverty rate can be rewritten as:
L +dy
1-p
H=12"C (2)
Zd

This formula basically says that the old-age headcount poverty rate depends
on (1) poverty at the young age (p); (2) income mobility (z and y); (3) the
mortality differential between the non-poor and the poor (d).



Assuming, as an approximation, that the probability of falling into poverty
at the old age y is low, and acknowledging that poverty at the young age is not
a widespread phenomenon (i.e. p is low), so that % << 1< d, one can, as a
proxy, rewrite the old-age headcount poverty rate as:

H~ <1pp> zd ™! (3)

Taking logs, we can rewrite the old-age headcount poverty rate as:

log(H) ~ log (&)) +  log(z) - log(d) (4)
~——~—"  income mobility effect of mortality differential

initial poverty

This model suggests that, in theory, there are reasons to believe that a
larger mortality differential d between the poor and the non-poor leads to lower
measured old-age poverty, in line with the missing poor hypothesis. Having
stressed this, it should be stressed that this simple model abstracts from several
forces that may be at work in real economies, and may invalidate the missing
poor hypothesis. For instance, in real world economies, mortality differentials
may affect the propensity to save, and, hence, capital accumulation, leading to
changes in wages and in income levels. Thus, although this model points to a
possible impact of mortality differentials on poverty measures, one needs to test
empirically the missing poor hypothesis. This is the task of the next sections.
For that purpose, our empirical strategy below is to estimate equations that are
close to equation (4), and to test empirically whether the mortality differential
has a statistically significant impact on the old-age poverty headcount ratio.

3 Data and descriptive statistics

We use recent estimates of the life expectancy by income across U.S. states, as
released by the Health Inequality Project (see Chetty et al 2016). For each state,
we have access to data of life expectancy computed at age 40 and by quartile of
income, for men and women separately. As shown on Figure 1, the U.S. men in
the fourth quartile of income live on average 10 years longer than those in the
first quartile. The difference for women is a little smaller, but still the richest
women live five years longer than the poorest women. Interestingly, the first
quartile life expectancy has, over the last 15 years, evolved in a much smoother
manner than the life expectancy associated to the last income quartiles. Figure
1 tends thus to show that the income/mortality gradient has tended to become
steeper over the last decade.
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Figure 1: Life expectancy at age 40 by income quartile (years), males and
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females, U.S., 2001-2014.

These estimates of life expectancy by income quartile are used to define
the mortality differential variable as the ratio between the life expectancy in
the fourth and the first quartiles. This mortality differential indicator can be
regarded as an indicator of the strength of the income/mortality gradient. The
larger that indicator is, and the larger is the differential in survival conditions
between the non-poor and the poor. Figures 2 and 3 show, respectively for men
and women, the mortality differential across states in the U.S., for the year 2014.
We observe a large heterogeneity, both for men and women, across U.S. states,
with a lower differential on the West coast and a bigger differential in the center
of the country. It should be stressed that the mortality differential is larger for
men than women, for whom the variability of the mortality differential across

states is lower, but remains sizeable.
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Figure 3: Mortality differential in the U.S., females, 2014.

Our aim is to relate the mortality differential to the level of poverty in each
state. Data on poverty are obtained from the Current Population Survey of the




U.S. Census Bureau. We use the standard headcount poverty measure, which
corresponds to the percentage of population in poverty at the state level. The
official poverty threshold is a measure of need that does not vary across states,
but that is updated for inflation using the Consumer Price Index (CPI-U). The
official poverty definition uses money income before taxes and does not include
capital gains or non-cash benefits (such as public housing, Medicaid, and food
stamps).

Given that we are interested in estimating the impact of mortality differ-
entials on poverty measurement, we use headcount poverty rates at age 65+.
These data on the level of poverty are not available by sex. Figure 4 shows the
headcount poverty rate for population aged 65+ by states for the U.S., in 2014.
Figure 4 shows that there exists a large variation in old-age poverty across U.S.
states. Poverty of the elderly is, in general, larger in the South than in the
North, but with some important exceptions.

0113.70 - 19.70
. =1110_ 1370
.. mo65_1110

» m7.60 -965

3 W6 70 _ 7.60

- m430_670

Figure 4: Headcount poverty rate (%), age 65+, United States, 2014.

How can one interpret the large heterogeneity in terms of old-age poverty
across states? A naive interpretation consists of stating that a larger value
for the old-age headcount poverty rate in a state ¢ than in a state j must
necessarily account for a larger prevalence of old-age poverty in state ¢ than in
state j. However, this interpretation of Figure 4 assumes implicitly a kind of
"full comparability" of poverty rates across states. The problem is that this
"full comparability" assumption is a strong one. Actually, Figures 2 and 3
show that the states are actually quite heterogeneous in terms of the strength



of the income/mortality gradient. Some states are characterized by a steep
income/mortality gradient, which implies that the population reaching the old
age is strongly selected in terms of income. On the contrary, other states exhibit
a weaker income/mortality relationship, so that income-based selection effects
are here less sizeable. This heterogeneity in the strength of the income /mortality
gradient may create serious interferences in the comparison of old-age poverty
rates between states, which limit the degree of comparability of old-age poverty
measures across states.

Actually, in the light of the substantial differences in terms of mortality
differentials across states shown on Figures 2 and 3, one may wonder to what
extent the sizeable differences in terms of old-age poverty rates shown on Figure
4 are due to selection effects varying across states. If the missing poor hypothesis
is correct, then the old-age poverty rates shown on Figure 4 are not comparable
across states. Indeed, in states with higher mortality differentials between the
poor and the non-poor, selection effects are stronger, and tend to reduce the old-
age poverty rate, whereas, in states with lower mortality differentials, selection
effects are weaker, which pushes old-age headcount poverty rates up.

Hence, in order to be able to compare poverty rates across states in an
accurate way, one must first test the missing poor hypothesis. As a starting
point, Figure 5 displays a first empirical test of the missing poor hypothesis.
It plots, for all U.S. states, the old-age poverty rate (65+) against the measure
of mortality differential for the year 2014.5 Since we only observe the poverty
rate for both male and female together, we rely on an aggregate measure of
the mortality differential that corresponds to the weighted average of gender-
specific differential, where the weights are the relative population size. Quite
interestingly, Figure 5 shows that there exists a decreasing relationship between
the logarithm of the old-age poverty rate and the logarithm of the mortality
differential. Clearly, states that exhibit a higher mortality differential tend to
exhibit a lower old-age poverty rate, in line with the missing poor hypothesis.

6We use log value of our variable of interest because it is make the link with our theoretical
model. On a more practical ground, it also allows to avoid that the results are too much
impacted by extreme values. The same exercise is carried out for each year separately in the
Appendix. Interestingly, the clear decreasing pattern is not observed for every year, making
necessary the regression analysis where we control for various counfounding factors.

10
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Figure 5: Poverty and mortality differential, 2014

However, one should be cautious before drawing conclusions from Figure
5. First, this figure does not necessarily imply that mortality differential has
a causal effect on poverty. One cannot exclude a priori the possibility of some
reverse causality, from poverty to mortality differentials. For instance, under
capacity constraints in pro-poor programs, higher poverty rates, by leading to
more congestion, reduce the capacity of those programs to achieve their goals,
and, hence, lead to higher mortality differentials. In that case, the decreasing
relationship between old-age poverty and mortality differential would be driven
by the impact of poverty on mortality differentials, without any link with the
missing poor hypothesis. Second, Figure 5 plots a relation between old-age
poverty and mortality differential without any control. Actually, it may be the
case that the plotted relation is driven by a third variable, which impacts both
old-age poverty and mortality differentials. One should thus be cautious before
interpreting Figure 5 as casting some light on the missing poor hypothesis.

In order to tackle these issues, we will, in the rest of this paper, carry out
econometric regressions of old-age headcount poverty rate on our indicator of
mortality differential, by controlling for a series of covariates that may also
explain the variation of poverty across states and years. This is done using OLS
estimates (Section 4) as well as an instrumental variable approach (Section 5),
for the reasons exposed in the introduction.

11



4 OLS estimates

In order to test the missing poor hypothesis, that is, to test whether income-
based mortality differentials affect old-age poverty, we use a state panel data
model, controlling for fixed state characteristics and state differential in terms
of longevity. In particular, we estimate the equation:

Hst :ﬁMDst+’7Xst+as+6t+Est (5)

where Hg; is the log of the old-age headcount poverty rate in state s in year ¢,
that is, the proportion of individuals (of any age or aged 65+) in state s in year
t who have income below the poverty threshold, M Dy; is the log of mortality
differential and o and J; are state and year fixed effects. X; is a set of control
variables that we detailed below and e, is the idiosyncratic error term.

As control variables, we include the log of per capita GDP expressed in
2009 dollars, available at the Bureau of economic analysis for each state and
year, and the unemployment rate obtained at the Bureau of Labor Statistics.
It corresponds to the annual average. Both variables allow us to control for
the state-specific economic circumstances and the macroeconomic cycle. We
also include the log of state government spending per capita, as calculated by
the Urban Institute-Brookings Institution Tax Policy Center, to account for the
size of public services. Finally, we introduce an indicator of income inequality
within the population as given by the Gini index obtained from the US Census
Bureau.

Table 1 reports OLS regressions as presented in equation (1). All regres-
sions are weighted using state population in the state-year cell and we cluster
the standard errors at the state level. We present here the results using the
weighted mortality differential as the main explaining variable. Results based
on the gender-specific differentials are presented in the appendix. Results are
qualitatively similar.

Column (1) of Table 1 shows the results of the base model where we ob-
serve a clear and significant relationship between the mortality differential and
the level of old-age poverty. The negative coefficient shows that when the in-
come/mortality gradient is stronger, then the level of old-age poverty is reduced.
This results is not much affected by the introduction of a series of covariates in
column 2 to 4. The coefficient is between 1.6 and 1.9 depending on the speci-
fication. When the differential increases by 1%, the level of poverty is reduced
by 1.6% to 1.9% depending on specifications.

12



0 ) ®) ™)
Basic + Controlling for  + Controlling for + Controlling for
Macroeconomic income welfare
factors distribution expenditures
Mortality differential ~— -1.940** -1.592%** -1.650%*** -1.571%*
(0.944) (0.552) (0.550) (0.609)
GDP per cap. -0.300%* -0.338%* -0.308%*
(0.159) (0.159) (0.186)
Unemployment rate -0.008* -0.009* -0.008
(0.004) (0.004) (0.006)
Inequity 1.402%* 1.426%*
(0.569) (0.575)
Welfare exp. per cap. -0.024
(0.078)
Constant 4.675%F* 7.485%%* 7.201%%* 7.045%%*
(1.030) (1.663) (1.658) (1.847)
N 696 696 696 696
Adj. R-squared 0.589 0.593 0.590 0.592

Table 1: Results of OLS regressions.

Although our panel approach allows us to control for country-specific char-
acteristics and time-varying factors, the causal interpretation of the relationship
between mortality differentials and old-age poverty rates can be questioned on
the grounds of endogenity issues. As we stress in the introduction, it is indeed
still possible that other variables which are varying across time and states are
both related with the poverty rate and the life expectancy. It may also be the
case that the direction of causation is reversed, and that it is the level of old-age
poverty that explains the mortality differential. Thus the results of Table 1 do
not allow us to conclude of any causal effect of the mortality differential on the
level of measured old-age poverty. The goal of the next section is to develop
an empirical strategy allowing us to identify and quantify the causal impact of
mortality differential on poverty measurement.

5 IV estimates

In order to identify causal effects from mortality differentials to old-age poverty
measures, we are completing the results obtained from OLS regressions by addi-
tional estimations relying on an instrumental variable, that is, a variable that is
unrelated with our dependent variable but related with our explanatory variable.
In our panel context, the challenge is to find a source of exogenous variation of
the mortality differential across states.

The determinants of mortality are numerous, but can be categorized in three
groups: socioeconomic status, genes and environmental conditions. The first is
obviously the reason of our concern for reverse causality and the second is rather

13



difficult to measure, particularly at the aggregate level we are relying on here.
But a series of environmental characteristics are available and can be related
to the level of mortality. In particular, it has been shown that the level of air
pollution is increasing with mortality and morbidity (see Anderson, 2009 for
a survey of evidence on air pollution and mortality). Furthermore the effect
has been found to be more pronounced among persons with lower income and
socioeconomic status (i.e. Forastiere et al, 2006; Milojevic et al, 2017; Di et al,
2017).

In this section, we propose to exploit the level of air pollution measured at
the state level as a source of exogenous variation of the mortality differential.
The underlying intuition is that the extent of air pollution, by hitting poor and
non-poor individuals in an asymmetric manner, is likely to strengthen the mor-
tality differential, without affecting the old-age poverty rate. This identification
strategy is valid only if the last condition is respected but we are confident that
this exclusion restriction holds, especially once we control for macroeconomic
factors as well as country fixed effects and government transfers.

We collected air pollution measures as provided by the America’s Health
Ranking from the United Health Foundation. The air pollution indicator corre-
sponds to the average exposure of the general public to PMs 5, i.e. particulate
matter of 2.5 microns or less in size, as calculated by U.S. Environmental Pro-
tection Agency.

The first-stage relationship underlying the 2SLS estimates are shown in Panel
A of Table 2. The results suggest that the level of pollution has a strong pre-
dictive power for the mortality differential, and that this predictive power is
robust to various specifications regarding control variables. The results of pre-
vious epidemiological papers are thus confirmed, and we observe an increasing
relationship between air pollution and the mortality differential. The effect
remains significant and similar once we introduce other explaining variables.”

The 2SLS estimates are presented in Panel B of Table 2. The 2SLS co-
efficients are slightly higher than the OLS model. Once we introduce control
variables, the coefficient of the mortality differential increases a little to stabilize
at a reduction of about 9% of the level of the old-age poverty rate for an increase
of 1% of the mortality differential.

"In Table 2, we only present the estimates of the variables of interest. See the Appendix
for a complete table and the effect of the other covariates.

14



(1) (2) 3)

Basic + Controlling for + Controlling for

(4)

+ Controlling for

Macroeconomic income welfare
factors distribution expenditures
Panel A: First-stage
Pollution 0.501*** 0.387*** 0.386*** 0.383***
(0.059) (0.074) (0.073) (0.077)
F-stat for excluded instruments 71.90 27.29 24.71 24.78
P-value 0.000 0.000 0.000 0.000
Panel B: Second-stage
Mortality differential -6.948%** -8.224%** -0.385%** -0.422%**
(1.580) (2.401) (2.526) (2.565)
N 696 696 696 696

Table 2: Results of IV regressions.

Table 2 provides a strong empirical support for the missing poor hypothesis.
Clearly, the results of our IV regressions show that a 1 % rise in the strength of
the income/mortality gradient tends to reduce the old-age headcount poverty
rate by about 9 %. Thus, in states where poor individuals tend to die earlier
than non-poor individuals, it is also the case that the measured old-age poverty
rates are, ceteris paribus, lower. Thus the premature death of the poor pushes
old-age poverty measures down. Table 2 suggests that this effect is far from
negligible, and, based on our identification strategy, we can be confident that
this effect from the mortality differential to the measure of old-age poverty is
a causal effect, which goes from the mortality/income gradient to the old-age
headcount poverty measure, and not the other way around.

As such, Table 2 provides also some empirical material against the - generally
assumed - postulate of full comparability of poverty measures across space. If
our calculations are correct, the strength of the income/mortality gradient varies
across states, so that income-based selection effects also vary across states. This
heterogeneity in the strength of selection effects across states tends to question
the comparability of old-age poverty rates. In the light of our results, one can
hardly claim, on the basis of Figure 4 alone, that old-age poverty is a more
widespread phenomenon in one state than in another, since a lower value of
the old-age headcount poverty rate may be due to a steeper income/mortality
gradient in that state, leading more selection, that is, to lower poverty due to
a lower (relative) survival of the poor in that state. Thus Table 2, by provid-
ing some support for the missing poor hypothesis, tends also to question the
comparability of old-age poverty rates across states.

In the light of those results, one may wonder how one could correct or adjust
existing poverty measures, in such a way as to make the old-age poverty rates
more comparable across states. This is the task of the next section.
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6 Back to poverty measures

Whereas the previous section tends to question the comparability of old-age
poverty measures across states, this section proposes to use the results of the
regressions of Section 5 to build old-age poverty measures that are comparable,
and do not suffer from the missing poor problem.

In this section, we use our results from regressions in Section 5 to simulate
hypothetical old-age poverty rates, where the impact of mortality differential is,
by construction, neutralized. For that purpose, we now impose, in a hypothetical
way, that the income mortality differential variable takes, in each state, the value
of 1, so that poor and non-poor individuals face the same survival conditions,
and we use our regressions results to calculate the hypothetical poverty rates
that would prevail in that hypothetical case. The simulated, hypothetical old-
age poverty rate thus differs from the standard old-age poverty rate on an extent
that depends on (1) how strong the income/mortality gradient is in that state;
(2) the estimated causal impact of the income/mortality gradient on measured
old-age poverty.

Figure 7 presents our results. We can see that, in every state, hypothetical
old-age poverty rates are higher than the standard old-age poverty rates. This
result is not surprising, since it was shown above that there exists a signifi-
cant income/mortality gradient in U.S. states, and that this income/mortality
gradient has a negative and statistically significant impact on old-age poverty
measures. In the light of this, it does not come as a surprise that neutralizing the
influence of the income/mortality gradient tends to lead to higher measures of
old-age poverty. Note, however, that the magnitude of the differentials between
the standard and the hypothetical poverty rates is far from negligible. In some
states, the old-age poverty rate would, in the absence of income-based selection
effects, reach levels close to or even above 20 %, whereas the standard old-age
headcount ratio hardly exceeds 15 %. Thus, once we correct for income-based
selection effects, old-age poverty measures tend to take higher values.

As such, Figure 7 suggests that relying merely on standard measures of old-
age poverty may tend to minor the prevalence of poverty at the old age, by
focusing on measures that are subject to income-based selection effects. Given
that there exists a significant relation between income and mortality, and given
that this relation has a significant causal impact on poverty measurement, stan-
dard poverty rates capture not only the prevalence of old-age poverty, but, also,
depend on the strength of income-based selection effects. Once we neutralize
the impact of the latter effects, we obtain a more accurate picture of old-age
poverty in the U.S., and that picture shows larger prevalence of old-age poverty
than the picture provided by standard measures.
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Figure 7: Standard old-age poverty rates and simulated old-age poverty rates
(without mortality differentials).

As shown on Figure 8, the gap between the simulated, hypothetical old-age
poverty rate and the standard old-age poverty rate varies significantly across
states, from about 1 percentage point to more than 3 percentage points. Note
that the gap is larger in states where the mortality differential variable takes
higher values, that is, in states where the income/mortality gradient is stronger.
The gap between the simulated and the standard old-age poverty rate can be
interpreted, for a given state, as a measure of the missing poor effect, that is, the
impact of income-based selection effects on the measurement of old-age poverty.
Thus Figure 8 shows that, once the impact of the income/mortality gradient
on old-age poverty measures is neutralized, we obtain not only higher levels
of measured poverty, but, also, the comparison of old-age poverty rates across
states is affected.
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Figure 8: Difference between the simulated and the actual level of old-age
poverty rates.

The results shown on Figure 8 suggest that ignoring the impact of income-
based selection effects on the measurement of old-age poverty may lead to biased
comparisons across states. The gap, in terms of old-age poverty prevalence,
between two states, may actually be larger than what it looks at first glance.

Quite interestingly, it is also the case that the ranking of states in terms of
old-age poverty may be affected by selection effects. To illustrate this, one can
take the example of Massachusetts (MA) and Maryland (MD). Standard head-
count old-age poverty measures indicate that old-age poverty is slightly larger in
Massachusetts than in Maryland. However, the mortality differential between
the poor and the non-poor is much lower in Massachusetts than in Maryland.
When computing hypothetical old-age poverty measures while neutralizing for
the impact of the income/mortality gradient, it appears that old-age poverty is
actually larger in Maryland than in Massachusetts.

7 Robustness checks

In order to check the robustness of our results, a first, natural, step consists of
considering alternative indicators for the mortality differential variable. Up to
now, we took, as an indicator, the ratio between the life expectancy in the last
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quartile and the life expectancy in the first quartile of the income distribution.
In the following, we check that our results are consistent with other definitions.

For that purpose, we consider three alternative indicators of the mortality
differential variable. First, in order to avoid that our results are driven by
states in which life expectancy of the richest is higher than in other states, we
propose to define the mortality differential indicator as the ratio between the
life expectancy in the third and the first quartiles of the income distribution
(Ls/L1). Second, we propose another indicator, which is the ratio between
the average life expectancy in the last two quartiles over the life expectancy
in the first two quartiles (L3 + L4/L1 4+ Lo). Thirdly, we define alternatively
the mortality differential not as a ratio of life expectancies, but, instead, as a
difference of life expectancies, between the last quartile and the first quartile
of the income distribution, in such a way as to have a measure of the absolute
differential in survival conditions (Ly — L1).®

In Table 3, we report robustness tests when we change the definition of the
mortality differential. The regressions are similar to the one presented in column
4 in Table 3. The first two specifications correspond to the case where we change
the numerator and/or the denominator of the mortality differential variable. We
observe estimates very similar to the results presented in Table 2, both in terms
of significance and value of the coefficient. The last column displays rather
different coefficients but similarly significant and of the same sign. Here the
absolute definition of the differential changes the value of coefficient.

(1) (2) (3)
L3/L1 L3+L4/L1+L2 Ly—14
Panel A: First-stage

Pollution 0.313*** 0.317*** 31.959***
(0.069) (0.053) (5.957)

F-stat for excluded instruments 20.82 35.33 28.27

P-value 0.000 0.000 0.000

Panel B: Second-stage

Mortality differential S11.557+** S11.434%%%* -0.113%**
(3.408) (2.989) (0.030)
N 696 696 696

Table 3: Robustness tests - mortality differential

In sum, Table 3 suggests that our main result - the negative effect of mortality
differential on old-age poverty measures - is robust to the particular definition
of the mortality differential variable that we use.

8 Although this indicator uses the same numbers as the one used in the benchmark case,
these indicator convey different information.
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8 Conclusions

Although the existence of an income/mortality gradient is widely documented,
there are few empirical attempts to test empirically the consequences of that
gradient on the measurement of poverty at the old age. In particular, one may
expect, in line with the missing poor hypothesis, that regions with a steeper
income/mortality gradient tend also to exhibit lower old-age poverty measures,
because of a stronger income-based selection, which excludes the poor from the
population under study.

The goal of this paper was to provide an empirical test of the missing poor
hypothesis. For that purpose, we used U.S. state-level data on poverty at age
65+ and life expectancy by income levels, and we tried to estimate the impact
of variations in the mortality differential (measured by the ratio of the life ex-
pectancy of the first and the fourth income quartiles) on the headcount poverty
rate at age 65+. It was shown that the strength of the income/mortality gradi-
ent has a negative and statistically significant effect on the old-age headcount
poverty rate, and that this effect is robust to various specifications concerning
control variables. In order to address potential reverse causation issues, we also
developed an IV approach, by instrumenting the mortality differential variable
by means of air pollution statistics. Our IV regressions showed that a 1 % rise
in the instrumented mortality differential causes a 9 % decrease in the old-age
headcount poverty rate.

Given the large heterogeneity across states in terms of the strength of the in-
come/mortality gradient, and given the negative and significant impact of that
gradient on old-age poverty measures, one can seriously question the compa-
rability of standard old-age poverty rates. Actually, a lower measured old-age
poverty may be due not to a lower prevalence of poverty, but to a stronger
income-based selection, which excludes the poor from the old-age. In order to
deal with this comparability problem, we proposed, in a second stage, to calcu-
late hypothetical old-age poverty rates while neutralizing the income-mortality
gradient (i.e. assuming that survival conditions are similar for all income quar-
tiles). This thought experiment allowed us to show that neutralizing selection
effects can lead to a rise of old-age headcount poverty rates by between 1 and
3 percentage points. Whereas those magnitudes may seem small, it should be
stressed, however, that the large variation of the income/mortality gradient
across states implies that correcting for the missing poor problem may signifi-
cantly affect the comparison of states in terms of old-age poverty. In particular,
we showed that the ranking of states in terms of standard old-age poverty rates
may differ from the ranking of states in terms of hypothetical old-age poverty
rates corrected for selection effects. Thus the missing poor problem is an im-
portant issue, that is not purely theoretical.

Our analysis provides thus some empirical support for the missing poor
hypothesis, in the sense that a steeper income/mortality gradient leads, through
stronger income-based selection, to a lower poverty rate at the old age. However,
it should be stressed here that our results should be interpreted with caution.
Actually, our empirical test of the missing poor hypothesis relies on highly
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aggregated, macro datasets. As such, our analysis does not provide direct,
microeconometric evidence supporting the missing poor hypothesis, but, rather,
some form of indirect macroeconomic evidence compatible with that hypothesis.
In some sense, this paper provides a "first pass" for the missing poor hypothesis.
Having stressed this, our results are nonetheless important, since these point
to a significant measurement problem for poverty. If our calculations are correct,
the missing poor hypothesis is true, and standard old-age poverty measures
are biased downwards due to selection bias associated to mortality differentials
between the poor and the non-poor. Given that those biases vary across states,
the existence of an income/mortality gradient varying across states tends to
question the comparability of standard poverty measures at the old age.
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10 Appendix

10.1 Mortality differential and poverty by year
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Figure Al: Poverty and mortality differential

10.2 OLS regressions by gender
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(1)

2)

3)

(4)

Basic + Controlling for 4 Controlling for  + Controlling for
Macroeconomic income welfare
factors distribution expenditures
Mortality differential -1.296* -1.057** -1.088* -0.975%*
(0.755) (0.429) (0.427) (0.456)
GDP per cap. -0.313** -0.351%* -0.283
(0.159) (0.159) (0.186)
Unemployment rate -0.009** -0.010** -0.008
(0.004) (0.004) (0.006)
Inequity 1.372%* 1.429%*
(0.570) (0.576)
Welfare exp. per cap. -0.053
(0.075)
Constant 4.022%%* 7.084%** 6.878%** 6.369%**
(0.852) (1.651) (1.647) (1.797)
N 696 696 696 696
Adj. R-squared 0.587 0.588 0.591 0.591
Table Al: OLS regressions for men.
) @) 3) @
Basic + Controlling for 4 Controlling for  + Controlling for
Macroeconomic income welfare
factors distribution expenditures
Mortality differential — -1.152%%* -0.900** -0.939%* -0.803*
(0.528) (0.440) (0.438) (0.463)
GDP per cap. -0.353** -0.392%* -0.300
(0.157) (0.158) (0.187)
Unemployment rate -0.009** -0.011%* -0.007
(0.004) (0.004) (0.006)
Inequity 1.375%* 1.447*%*
(0.571) (0.577)
Welfare exp. per cap. -0.068
(0.074)
Constant 3.T72%** 7.264%** T.071¥** 6.390%**
(0.556) (1.669) (1.665) (1.825)
N 696 696 696 696
Adj. R-squared 0.586 0.587 0.590 0.590

Table A2: OLS regressions for women.

10.3 IV estimates
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(1) ()

3)

Basic + Controlling for 4+ Controlling for

(4)

+ Controlling for

Macroeconomic income welfare
factors distribution expenditures
First-stage

Pollution 0.501%** 0.387%** 0.386%** 0.383%**
(0.059) (0.074) (0.073) (0.077)
GDP per cap. 0.029** 0.029** -0.024**
(0.013) (0.013) (0.013)

Unemployment rate 0.001%** 0.001%** -0.008*
(0.001) (0.001) (0.001)

Inequity 0.005 -0.022
(0.051) (0.042)
Welfare exp. per cap. 0.052%**
(0.006)
Constant 1.054%** 0.743%** 0.741%%* 0.986%**
(0.005) (0.137) (0.137) (0.131)

F-stat for excluded instruments 71.90 27.29 24.71 24.78

P-value 0.000 0.000 0.000 0.000

Table A3. IV regressions (first stage)

Second-stage

Mortality differential -6.948%F*% 8. 224%F* 9 385¥F*K 0 422%F*

(1.580) (2.401) (2.526) (2.565)

GDP per cap. 0.073 0.087 0.084
(0.235) (0.234) (0.236)

Unemployment rate 0.006 0.006 0.006
(0.007) (0.007) (0.007)
Inequity 1.744%%* 1.732%*
(0.769) (0.770)

Welfare exp. per cap. -0.084
(0.072)

Constant 10.140%**  10.730%**  11.021%**  11.033***

(1.727) (2.409) (2.437) (2.424)

N 696 696 696 696

Table A4. IV regressions (second stage)
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