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Abstract

The income inequality hypothesis (IIH) predicts that income inequality itself is the major determinant

of population health. A novel continuous wavelet approach allows us to directly estimate the asso-

ciation between health and income inequality for the U.S. between 1941 and 2015 simultaneously,

at any frequency and time domain. After controlling for gender, aggregate income, governmental

spendings on health and education, the paper finds, first, that the frequency domain is relevant for

identifying any relationship between health and income inequality, but, second, the overall evidence

for the IIH is weak. Only for the time span 1956-1993 and for long-run frequencies, we find that an

increase of income inequality has adverse effects on health. We are not able to confirm the existence

of the IIH for any other time periods at different frequencies, even not for the period of the recent

financial crisis. Hence, the empirical confirmation of the IIH is the rare exemption rather than the rule

and its existence, at least on an aggregate level, clearly depends on the frequency domain.
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1 Motivation

Using U.S. data for the years 1941-2015, this paper asks the question whether an egalitarian society

is beneficial for its members’ health status. Since Wilkinson’s (1992) study, a large number of cross-

country or longitudinal studies find that income inequality has deleterious effects on health (among

others, see Lynch and Kaplan (1997) or Kawachi et al. (1997a, 1997b)) while others do not (e.g.

Mellor and Milyo (2001) or Deaton (2003)). Although, the evidence for this so called income inequality

hypothesis is mixed (see Truesdale and Jencks (2016)), it nevertheless greatly influenced the public

media, policy makers as well as grant-making institutions making them believe that income inequality

causes poor health1.

The great communality of many studies is that they either exploit the time dimension, the cross-

sectional dimension or both dimensions simultaneously. Astonishingly, these studies paid no atten-

tion to the nature of shocks per se that might affect the IIH at different frequencies over time. For

instance, if shocks affecting the IIH today are more short-lived compared to the past, ignoring this

change of the frequency domain in the data might lead to a rejection of the IIH at the time domain.

Further, it might also be possible that shocks cancel out if we aggregate over all frequencies, which

again, leads to a rejection of the IIH even if it exists at some frequencies. In other words, ex ante,

there is no reason to assume that the World War II influenced the health status-income inequality

relationship exactly in the same way as the recent sub-prime crises2. In this paper we argue that ig-

noring the frequency domain is obviously a gross oversimplification when it comes to an investigation

of the association between income inequality and health status over a long period of time.

Contribution to the literature. This paper is the first exploiting both the time and frequency

dimension of the IIH. Overall, our findings show that there is no strong empirical support for the

contention that income inequality is detrimental to a society’s health. After controlling for gender,

aggregate income, governmental spendings on health and education, the paper finds, first, that the

frequency domain is relevant for identifying any relationship between health and income inequality,

but, second, the overall evidence for the IIH is weak. Only for the time span 1956-1993 and for

long-run frequencies, we find that an increase of income inequality has adverse effects on health.

Hence, rising income allows people to purchase higher-quality goods that are beneficial to their

health. Further, using wavelets, we can directly check the existence of a possible reverse relationship

between health and income inequality: If people with a good health status are more able to work and

therefore benefit from immediate higher earnings (e.g. Cutler et al. (2011) or Garcia Gomez et

al. (2013)), this might reduce inequality, given that the relationship between income and health is

1The literature distinguishes the relative or weak from the absolute or strong IIH. The relative or weak IIH assumes
that what matters for health is the individual’s income relative to her reference group. Instead, the strong IIH states that
inequality itself matters, independently of an individual’s own income.

2Standard, linear time-series domain regression approaches implicitly assume that a possible linear relationship holds
across all frequencies.



#2012 Bremen Papers on Economics & Innovation

Estimating the income inequality-health relationship for the United States
between 1941 and 2015: Will the relevant frequencies please stand up?

3 / 29

concave3.

Our study offers several new innovations over the existing literature which are grounded on a re-

investigation of the IIH from a macroeconomic perspective due to three important reasons: First, the

long-term impact of income inequality on health has not been fully explored in the current literature

(see Zheng (2012)). As pointed out by Mellor and Milyo (2001), the validity of results regarding the IIH

obtained so far also suffer from the fact that this relationship is only investigated over a short period

of time. Second, and in contrast to our study, the short-or long-term link between income inequality

and health on an aggregate level was often investigated without controlling for other covariates. Third,

and to the best of our knowledge, none of the relevant contributions have simultaneously investigated

this relationship in the time and frequency domain.

However, there are good reasons to incorporate the frequency dimension in our analysis of the

IIH: If we investigate the link between income inequality and health over time, this relationship might

be hit by several shocks which normally differ in their size and persistence. Hence, for the same dis-

crete time span we might observe different causal lead-lag patterns of the income inequality-health

relationship. As we are going to investigate this relationship between 1941 and 2015, the assump-

tions that shocks during that time are homogenous and/or do not differ over frequencies in their impact

on the income inequality-health relationship is clearly a drawback coming along with the application

of pure time-series techniques. Leaving out the frequency domain might be a further explanation

why the empirical literature is rather inconclusive regarding the existence of a relationship predicted

by the (strong/weak) IIH. Moreover, considering the frequency domain is also a valuable source for

an appropriate design of health policies. For instance, if only short-lived shocks are relevant affect-

ing the income inequality-health relationship, a policy design might be biased if it aims to mitigate

the consequences of long-run instead of short-run shocks. To sum up, our suggested methodology

allows both, to investigate the effects of short term fluctuations in income (see Ruhm (2000, 2005))

and changes in permanent income on the health status (Deaton and Paxson (2004)).

It is rather obvious that the IIH does not necessarily imply a causal relationship. For instance,

in order to account for confounding and previously omitted factors in the income inequality-health

relationship, we, first, include additional controls for U.S. government spendings on education as well

as GDP per capita. Hence, in this way we control for the possibility that the primary pathways through

which income inequality affects health is education as suggested by Grossman (1972, 1975, 2000)

or aggregate income instead of income inequality per se4. Moreover, as predicted by the Meltzer-

Richard theorem (1981), more inequality may be associated with higher government spendings on

health care. That is why we also add governmental health spendings as a further control variable.

Further, due to the fact that changes in inequality might affect health, we use first differences of

variables instead of their levels. Finally, we also control for gender. It turns out that controlling

3If this is the case, income has a smaller effect on health and longevity among the rich than among the poor.
4For instance, highly educated agents might be better informed of treatment options (among others, see Bago d’Uva et

al. (2008) or Glied and Lleras-Muney (2008)), which might lead to a comparably better health status on average.
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for these issues, most of the income inequality-health relationship is quashed over the time and

frequency domain.

This paper adopts the continuous wavelet tools to investigate the dynamic relationship between

health status and income inequality. Reflecting the relevant literature, the number of contributions

employing this approach is steadily increasing. For instance, it has been used to discuss cycles in

politics (Aguiar-Conraria and Soares (2012, 2013)), the estimation of the Taylor rule (Aguiar-Conraria

et al. (2018a)), the analysis of (regional) house price cycles and the role of monetary policy (Klarl

(2016) and Flor and Klarl (2017)) or the investigation of California’s carbon market and energy prices

(Aguiar-Conraria et al. (2018b)). We further use the recently introduced concept of the so-called

partial wavelet gain (see Aguiar-Conraria et al. (2018a, 2018b), Verona (2019)) in order to quantify

the magnitude of the impact of income inequality on health. In particular, the latter concept allows

to estimate regression coefficients in the time-frequency domain5. Section 3 of this paper provides a

controlled experimental study to show the reader the intuition behind these tools.

The paper finds the following: First, for all considered frequencies over the period 1941-2015, and

after controlling for aggregate income, gender, governmental spendings on health and education,

there is only one period (1956-1993) where we can confirm the existence of the IIH at longer-run

frequencies (15-20 years). This relationship is more pronounced for men than for women6. We are

not able to confirm the existence of the IIH for any other time periods at different frequencies, even not

for the period of the recent financial crisis. Moreover, the results are robust to an additional measure

for inequality, the top 1% in gross income. In summary, the empirical confirmation of the IIH is the

rare exemption rather than the rule and its existence, at least on an aggregate level, depends on

the frequency domain. Hence, it is definitely not ”[...] clear that the scale of income differences in a

society is one of the most powerful determinants of health” (Wilkinson (1996), ix).

The plan of the paper is as follows. Section 2 provides a short review of the relevant literature.

Section 3 briefly motivates the continuous wavelet methodology with the help of a controlled exper-

iment. Section 4 presents the data. Section 5 shows the results, whereas section 6 discusses the

main findings. Section 7 concludes.

2 Related Literature

The investigation of the link between health and income produced an enormous volume of literature.

A large strand of literature focused on the (mental/physical) health-income relationship in a growth

context (see Ruhm (2000, 2003, 2005), van den Berg et al. (2017), Swift (2011), Chen (2017),

5From a methodological point of view, exactly this point makes our paper different from, inter alia, Svensson and Krüger
(2012) or Chen (2017).

6One explanation for this finding is that during 1956-1993, shocks such as the Vietnam and the second Gulf war have
a stronger effect for men’s than for women’s life expectancy. Also in that time span, the HI-virus, which jumped from the
Caribbean to the U.S. around 1980 triggered the country’s AIDS epidemic that affects men relatively more than women
(see �������������	
���
��	
���	����
��
	���������������������	��	��).
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Gerdtham and Johannesson (2005), Lam and Piérard (2017) or Svensson and Krüger (2012)). See

Hollingsworth et al. (2018) for a recent review of much of this research.

A second strand of literature has investigated the health effects of income inequality. The link between

income inequality and health has been repeatedly observed across countries (see Rogers (1979),

Flegg (1982), Wilkinson (1992, 1996)), and across smaller geographical entities, such as states and

metropolitan areas in the U.S. (Kaplan et al. (1996), Kawachi et al. (1997a and 1997b), Lynch et al.

(1998)). For the U.S., it has been further asserted that this relationship is rather robust irrespective

of the exact measure of health status and income inequality (see Lynch et al. (1998)). Reflecting

over 100 studies, Clarkwest and Jencks (2003) conclude that among scholars there is consensus

that there is definitely a connection between health and income inequality.

Apart from that, Mellor and Milyo (2001) point out that the association between health and income

inequality on an aggregate level is sensitive to the specific time period (see also Judge (1995), Judge

et al. (1998)) and the inclusion of relevant control variables. For the period 2001-2014, Chetty et

al. (2016) found that higher income was associated with greater longevity, and that differences in life

expectancy across income groups increased over time. Further, the authors pointed to the fact that

local areas characteristics and health behaviors are significant driving forces explaining the IIH (see

also Francovic and Kuhn (2019)). Deaton (2003) and Leigh et al. (2009) emphasize a possible re-

verse causation, which if it is not adequately addressed, in turn fails to establish a causal link running

from income inequality to health.

Although not the focus of this paper, some studies have tackled the validity of the IIH also on the

individual level (among others see Mellor and Milyo (2001, 2002); see also Deaton (2003) for a su-

perb overview.). Compared to aggregate studies, these strand of literature show a weaker or even

no relationship between income inequality and health.

However, many studies are limited by small sample sizes, inadequate data, and selection and hetero-

geneity biases (see Mellor and Milyo (2001), Beckfield (2004) or Babones (2008) for a discussion).

In particular, from an aggregate perspective, local area or individual characteristics might cancel out,

leading to an erroneously rejection of the IIH. Although more recent work takes steps to ameliorate

some of these issues, results are still not conclusive, partly due to the use of different methodologies

and control variables. A direct comparison of studies is therefore not a straightforward exercise (Torre

and Myrskylä (2014)).

To sum up, there is less consensus in the literature whether or not there is evidence for the IIH to be

true, not only for the U.S.: ”[...] There seems to be little support for the idea that income inequality

is a major, generalizable determinant of population health differences within or between rich coun-

tries” (Lynch (2004), p.5.). We add to this literature by showing that besides the time dimension

and the inclusion of further controls, the link between health and income is also sensitive towards

the frequency dimension. In contrast to the before mentioned studies, we take the heterogeneity of

shocks and their potential asymmetric influence they might have on the association between income

inequality and health status into account.
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3 A valuable tool for empirical economics: Continuous Wavelets within a controlled

experiment

This section first provides an intuitive example following Aguiar-Conraria et al. (2018a). For an

intuitive explanation of the continuous wavelets methodology, the interested reader is also referred to

Aguiar-Conraria et al. (2012, 2013)7. Unlike to standard linear time series approaches, the wavelet

approach does not impose the implicit assumption that a linear relationship between variables is

identical across all frequencies. When it comes to an analysis of dynamic relationships in economics,

the natural way to exploit the information contained in this relationship is to use well established

dynamic panel or time-series tools. However, like others, we argue that neglecting the frequency

domain and, hence, solely focusing on the time domain may lead to biased conclusions regarding a

potential dynamic relationship between two or several variables. We will use the following controlled

experiment to make this striking point clear.

Consider that we have three time-series, Xt , Yt and Zt , for t = {1, ..., 200} which are measured

on a quarterly base8. For instance, a researcher uses life expectancy at birth data (Yt ) to find out

whether or not life expectancy at birth is related to the business cycle (Xt )
9. To obtain the cycle

component of a time-series, one prominent way is to use the Hodrick-Prescott (HP) filter. However,

this filter may be too restrictive: By reconsidering the relationship between life expectancy at birth

and the business cycle, van den Berg et al. (2017) on page 67 pointed out that the "trend estimates

clearly contain cyclical variation hence absorbing information of the business cycle that we wish to

capture by the cyclical component". We exactly address this problem by suggesting wavelets.

For our experiment, we generate the variables in the following way10:

Xt = sin
�

2π
t
2

�
+ sin
�

2π
t
5

�
+ εX ,t ,

Zt = cos
�

2π
t
6

�
+ εZ ,t ,

Yt =

⎧⎨
⎩

1.15 sin
�
2π t+0.25

2

�
+ sin
�
2π t−1

5

�
+ εY,t for t ≤ 100

1.15 sin
�
2π t+0.25

2

�− 2sin
�
2π t−1

5

�
+ εY,t for t > 100

,

where the errors εi,t , i ∈ {X , Z , Y } are i.i.d. We note that there is a structural break in the time

series realization for Yt at t = 100 which might be caused by a severe financial crisis or a medical

innovation. The first shock might affect the IIH at higher frequencies (at the business cycle), whereas

the latter shock might affect the IIH at longer frequencies. Again, it is impossible to distinguish the

7The results in this paper were obtained using the Matlab toolbox ASToolbox2018, which is available at
�������������	
��
��	���������
����������������������������������������������� and
cross-checked by our own Matlab programs and the R-package WaveletComp. We are grateful to Luis Aguiar-Conraria
and Maria Joana Soares for sharing their toolbox.

8We have to clearly point out that the choice of the frequency does not change the overall findings.
9See Ruhm (2000, 2005) for instance.

10Figure (1) in Appendix A.1 shows the time series.
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nature of these shocks as well as their potential different influence on the IIH by running standard

time series regression ignoring the frequency domain. Related to our example, what do we expect

from this experiment when we regress Yt (say health status) on Xt (say income inequality) as well

as on Zt (which could be education)? In general, we observe that variable Zt directly influences Yt

and Xt . Thus, regressing Yt on Xt by not controlling for the influence of Zt would lead to a biased

estimate as income might effect both, income inequality as well as health status. For a moment, let

us ignore the influence of Zt . By regressing Yt on Xt using OLS, at frequencies that correspond to

a period of 2 years, we would obtain an estimated coefficient of around 1.15. At frequencies that

correspond to a period of 5 years, however, we should expect an estimated coefficient of around 1.15

for t ≤ 100, and a coefficient of around -2 for t > 100. However, due to the influence of Zt on Yt at 6

years frequencies, we should expect an unbiased estimate of the influence of Xt on Yt by controlling

for the influence of Zt . This experiment clearly shows that OLS estimates depend on frequencies.

However, this rich and important information cannot be extracted by using standard dynamic panel

or time-series approaches that exploit the information only at the time dimension. To make this last

point clear, we run simple OLS regressions of the relationship between Yt , Xt and Zt and obtain

(HAC standard errors in parentheses):

Yt = 0.02
(0.10)

+ 0.30
(0.07)

Xt , (1)

and

Yt = 0.02
(0.09)

+ 0.28
(0.06)

Xt + 0.86
(0.13)

Zt . (2)

Hence, even if we control for the influence of Zt in a standard OLS regression (equation (2)), we

are not able to recover the fact that, first, the OLS estimates are different at different frequencies,

and, second, that we observe a structural break in frequencies11.

Figure (2) in Appendix A.2 summaries our findings by employing continuous wavelets. Reflecting

the respective vertical axis of each plot in figure (2) in Appendix A.2, it is worth noting that cycles of

1.5-4 years show the short end of business cycles, cycles of 4-8 years present the bulk of business

cycle fluctuations, and cycles of 8-20 years capture long-run relations (see Aguiar-Conraria et al.

(2018a)). Hence, our example and the analysis executed below simultaneously covers short, medium

and long-run relationships. In the top (bottom) left panel, we show a so-called heat map which

visualizes the non-Granger-causal (Granger-causal) relationship between Yt on Xt
12. The warmer

the colors, the stronger is the relationship of these two variables in the time and frequency domain.

11As we have a structural break in frequencies and not in the time dimension, a dummy-variable in equation (1) and (2)
turns out to be insignificant.

12For instance, if life expectancy at birth Granger-causes income inequality, the change in life expectancy at birth comes
before the change of income inequality. Thus, the lagged value of life expectancy at birth helps to predict the current values
of income inequality. In turn, past values of income inequality should not have any significant impact in explaining the
current variations in life expectancy at birth. Hence, we do not argue that Granger-causality implies causality, although we
controlled for the influence of additional (but possibly endogenous) variables.
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The right panel shows the so-called wavelet gain, which is the estimated coefficient of regressing Yt

on Xt with and without controlling for the influence of Zt in absolute terms. The center panel provides

us with information regarding the leading-lag relationship between Yt on Xt , and, hence, establishes

a Granger-causal relationship between these variables at very period of time and frequency13. This

center panel also helps us to identify the sign of the wavelet gain.

From this experiment, we should take on board that wavelet tools not only simultaneously ex-

tract information from the time and frequency dimension. These tools further establish a so-called

Granger-causal (lead-lag) relationship. Figure (2) in Appendix A.2 makes this latter point clear: By

comparing the second plot from above in the right panel with the plot at the bottom in the right panel

clearly shows that the relationship between Yt on Xt is measured with higher accuracy when con-

trolling for the influence of Zt .

We can directly link this experiment’s findings to our data-set. Assume that we run the very naive

OLS regression of the (stationary) growth rate of life expectancy at birth as a proxy for health on a

constant and the (stationary) growth rate of the Gini-index. With our data, we would have that (HAC

standard errors in parentheses):

heal tht = 0.003
(0.000)

− 0.009
(0.05)

Ginit , (3)

which, ignoring for a moment any further identification problems, would suggest that there is no

significant relationship between income inequality and life expectancy at birth in the time dimension

at given growth frequencies. However, with the continuous wavelet, we can exploit the time and

frequency dimension simultaneously to check whether or not this relationship is still insignificant.

Even if we would have solved any identification problems associated with estimation equation (3), we

still cannot be sure that there is a(n) (in)significant Granger-causal lead-lag relationship at a specific

frequency. Again, it would be nice to exploit this additional information for the design of a health

policy. For instance, if short-run shocks are predominantly relevant for explaining the variance of the

income-health relationship, a policy design should have a short-run focus.

In a nutshell, what we obtain by using wavelets is a time series of estimates for a band of fre-

quencies. Stated in different words, using wavelets could be also interpreted as a robustification of

pure time-series or panel data estimates, which usually ignore the frequency domain. Moreover, with

a multivariate extension of the continuous wavelet, we can also establish Granger-causality in the

time and frequency dimension explaining the health status-income inequality nexus.

13Olayeni (2016) offers an alternative approach to implementing the continuous wavelet transform causality.
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4 Data

We draw on annual data for the U.S. economy between 1941 and 201514. The length of the period is

dictated by the availability of the Gini-index. As a measure for health status, we include life expectancy

at birth, which is in line with the health economics literature15. The life expectancy at birth (for both

men and women) are available on-line from the Human Mortality Database hosted by the Max Planck

Institute, Rostock, and the University of California, Berkeley (������������	
�������
���).

Data for the U.S. government spendings on education/health per capita and GDP per capita (constant

2012 U.S. Dollar) were retrieved from ����������
����	�������������
	 (see also Chantrill

(2012)). A frequently used measure for inequality is the Gini-index. We collect data for the annual

income Gini-index (equalized gross U.S. household income) from Atkinson et al. (2017). We have

calculated annual growth rates for all considered variables.

5 Results

5.1 Descriptive Statistics

Table (1) summarizes the descriptive statistics of GDP per capita (constant 2012 U.S. Dollar), GDP,

the Gini index, Gini, and government spendings on education/health per capita (constant 2012 U.S.

Dollar), Educ/Hspen. Descriptive statistics for the life expectancy at birth, health, is also reported for

men health (male) and women, health (female).

During 1941-2015, the U.S. economy was hit by several shocks: The period of World War II

(WWII) period (1939-1945), the two oil crises (1973-1975 and 1980-1982), the 1990s recession

(1990-1992), the dot-com bubble recession (2001-2002), and the subprime crisis (2007-2009). After

WWII, income inequality was rather stable until the 1970’s where it was steadily increasing until the

end of our sample in 2015. During the same time, life expectancy (for men and women) at birth

increased. We further observe that government spendings on education increases after WWII and

reached its speak during the second oil crisis. Educ/Hspen and GDP per capita are highly correlated

(0.99/0.97). Moreover we find that the correlation between the Gini-index and life expectancy at birth

is 0.75 if we do not differentiate between both sexes. If we take the sex into account, the correlation

is smaller for women (0.67) than for men (0.81). Besides the fact that GDP and Educ might influence

the income inequalty-health relationship, we should also control for possible gender differences with

respect to their life expectancy at birth.

14Unfortunately, higher frequency data for the Gini-index and life expectancy at birth data are not available.
15In the following we use health, health status and life expectancy interchangeably.
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1. Level
Series Mean SD Max. Min. Obs.
GDP 30,953.97 13,084.70 54,208.00 11,688.00 75

Health 72.83 4.18 79.07 63.79 75
Health (male) 69.72 4.21 76.64 61.58 75

Health (female) 76.00 4.07 81.45 66.26 75
Gini (%) 40.47 3.25 46.30 36.30 75

Educ 1,543.36 927.89 3,096.30 210.70 75
Hspen 1,314.26 1,250.12 4,250.20 59.00 75

2. Annual growth rate (%)
Series Mean SD Max. Min. Obs.
GDP 2.16 3.78 17.28 -12.80 74

Health 0.29 0.34 1.18 -0.44 74
Health (male) 0.29 0.35 1.17 -0.58 74

Health (female) 0.28 0.34 1.31 -0.34 74
Gini 0.08 1.59 2.86 -5.62 74
Educ 3.62 6.49 37.93 -10.86 74

Hspen 6.07 7.93 55.98 -9.78 74

Table 1: Descriptive statistics

5.2 Wavelet power spectrum

Figure (3) in the Appendix A.3 presents on the right the wavelet power spectra of life expectancy at

birth for both male and female, GDP per capita16, and education per capita in terms of annual growth

rates, respectively. On the left, figure (3) shows the annual growth rates for each variable.

For each frequency and moment, the wavelet power indicates the intensity of the variance of

the time series for each frequency of cyclical oscillations. The vertical axis shows the 1.5-30 years

frequency bands, the horizontal axis displays the time dimension. The so-called cone of influence

(COI) identifies regions where results are affected by edge effects, and, hence, are not reliable (inter

alia, see Aguiar-Conraria and Soares (2014) for more details). Thus, only regions inside the conic

dashed green lines should be interpreted. Further, the white lines in the power sepctra show local

maxima, whereas the black (grey) contours show the 5% (10%) level of significance. Further, the

degree of variability of a specific variable is distinguished by a spectrum of colors, ranging from dark

blue (low variability) to red (high variability).

As shown in figure (3 A), the volatility of the Gini-index is only significant at 1.5-4 years frequen-

cies during the period from 1941 until 1953 on a 5% level. This indicates that rising income inequality

in the U.S. in that period is particularly driven by short-run and medium-run shocks during WWII and

after the end of the so-called New Deal policy. In fact, we see a structural change in the variance of

GDP cycles right after the end of 1953 at the 1.5 years as well as, though less pronounced, at the

16In the following, we synonymously use the terms per capita and per member of working-force.
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4-8 years frequency band.

As can be directly seen by comparing figures (3 B), (3 C) and (3 D) with each other, the wavelet

power spectra of the annual growth of life expectancy at birth for the entire population are very simi-

lar. All power spectra identify significant (at the 5% significance level) volatilities of annual growth of

life expectancy at birth over the periods 1941-1945 at the 1.5-4 years frequency band showing the

direct influence of the WWII shock on life expectancy. Moreover, during that time, medical progress

lead to advances in vaccines, penicillin and antibiotics. In turn, this leads to an increase of longevity

at all ages and for both sexes. Moreover, for the period 1955-1965, particularly for men, we see

significant volatilities at the 1.5-4 years frequency. An interpretation of this latter finding might be that

during that time the Korean and Vietnam wars took place, both significantly affecting the longevity of

U.S. American men, whereas there is no influence on the life expectancy for women. For both sexes

we observe hardly any significant volatilities at the beginning of the 1980’s, which may reflect the

emergence of the HI-virus which jumped from the Caribbean to the U.S. around 1970 and triggered

the country’s AIDS epidemic. Moreover, but only for men, the shocks associated with the economic

downturn at the beginning of the 1990’s as well as with the most recent economic crisis likely influ-

ence longevity at 2 years frequencies. However, we should not push this interpretation very hard

though, since these volatilities are hardly significant. Finally, we observe a gradual decline of the life

expectancy’s variance for both sexes until the end of the 1980’s at 20 to 30 years frequencies. After

that time period, we observe a stabilization of the life expectancy’s variance. Again, this observation

might be seen as a result of the medical progress during that time period that increases longevity but

at a decreasing rate.

In addition, the wavelet power spectrum in figure (3 E) identifies significant (at the 5% significance

level) volatilities of annual growth of GDP over the periods 1941 to 1960 at the 4-15 years frequency

band. Notably, we observe a shift towards longer cycles during that period, suggesting that longer-

run shocks gain more importance. Similar to the annual growth rate of the GDP, the annual growth

rate of governmental education spendings exhibits significant (at the 5% significance level) volatilities

during the years 1941-1965 at the 8-15 years frequency band and, moreover, for the years 1942-

1950, at the 1.5-4 years frequency (see figure (3 F)). This at least partly reflects the influence of

WWII on governmental spendings on education. For instance, the mid-century GI bills (a kind of a

domestic Marshall plan) were the largest direct scholarship program for higher education in the U.S.

history. From this perspective, it is not surprising that the wavelet power spectra of the GDP and

governmental education spendings looks similar in this period.

Finally, the wavelet power spectrum in figure (3 F) nicely reflects the history of public health

spendings in the U.S.17. Before the Medicare and Medicaid became effective on July 1, 1966, health

expenditures were financed largely by private payers. From 1966 to 1973, we observe a sharp in-

crease of the growth rate of public health spendings. This corresponds to highly significant volatilities

17See Kirby and Kaneda (2010) who provide a nice introduction to the system of health insurance coverage in the U.S..
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at the upper and lower bound of business cycle frequencies at the wavelet power spectrum. Thus,

the increase of public health spendings between 1966 and 1973 was not only a short- but also a

medium-run phenomenon. Moreover, the most important driving force for the increase in real per

capita health expenditures which can be observed since 1947 is the availability of new medical tech-

nology and the increased specialization that accompanies it (Pauly (2005)). That is why we observe

also significant volatilities at very long-run frequencies at least until the year 1982. In this time pe-

riod, spendings for hospital care and physicians received a boost from the Medicare and Medicaid

program (Fuchs (2012)).

5.3 Health and income inequality: Is there a causal (lead-lag) relationship in time

and frequency?

In this section, we asses the relationship between health status and the income Gini-index as a

measure for income inequality controlling for governmental spendings on education and health as well

as for GDP in the time-frequency domain referring to multivariate continuous wavelet tools introduced

in section (3). The inclusion of education/health spendings and GDP is motivated by the fact that

these variables are likely to affect simultaneously the health status as well as income inequality,

particularly on an aggregate level.

To obtain a first impression regarding the cyclical relationship between health and inequality,

we first start with the computation of the simple coherence between health and inequality. Next,

we present and discuss the partial coherency, the partial phase-difference, and, finally, the partial

gain between life expectancy at birth and the Gini-index for income by controlling for the influences

from GDP and governmental spendings for health and education18. As already mentioned above,

the partial gain delivers the regression coefficient of a regression of life expectancy at birth on the

Gini-index for income by controlling for the influences stemming from governmental spendings on

education and health as well as from aggregate income. Figures (4)-(6) in Appendices A.4-A.6

summarize our findings. From the wavelet power spectrum analysis above (section 5.2), we obtain

the impression that short- but even longer-run frequencies are relevant. Hence, in the following we

focus on the 1.5-15 years frequency as well as on the 15-30 years frequency band.

To facilitate the presentation, we follow the suggestion made by Ge (2008) and only focus on

the mean values of the phase-differences with corresponding statistically significant coherencies19.

We start with the simple coherency graphically depicted in figure (4) that shows a simple bivariate

relationship between life expectancy at birth and the Gini-index. Only for the longer-run frequencies

(20-30 years), we observe a pronounced, significant, bi-variate relationship between health status

and income inequality ranging over the entire sample size (excluding the cone of influence). More-

18To ensure readability, we depart from mentioning that variables are measured in growth rates.
19We do note compute corresponding confidence intervals. Reflecting the relevant literature, it is challenging to formulate

a Null hypothesis that is not too restrictive for an economic model (inter alia, see Aguiar-Conraria (2018b), Ge (2007, 2008)
and Maraun et al. (2007))).
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over, we observe some very short periods where there is also a highly significant relationship be-

tween health status and income inequality at business cycle frequencies. Interestingly, these periods

comprise the recessions in 1953, 1969 as well as the great recession between December 2007-June

2009. Nevertheless, the fact that in figure (3) cold colors prevail indicates a low level of significant

coherence (at the 5% significance level) for the great majority of frequencies over the years 1941-

2015. However, an obvious drawback associated with the simple coherency is that we cannot isolate

a potential impact of other variables on the income inequality-health relationship. Hence, next we

estimate the partial coherence between life expectancy at birth and the Gini-index, controlling for the

influence coming from GDP and governmental spendings on education and health (see lower left

panel in figure (4)).

The inclusion of the control variables dramatically changes our findings. First, we observe a

relatively pronounced high level of significant coherence (at the 5% significance level) at the 20

years frequency band for the time span 1956-1993. Second, for the years 1947-1950, we see a

significant relation between the health status and income inequality at the 2-4 years frequency band.

This is also true for the the years 1959-1977 at the 3-4 years frequency band as well as for the

time span 1983-1995. Finally, for the years 2006-2007, we observe a highly significant relation at

the 2-4 years frequency band. Compared to the findings derived from the simple coherency, after

including the controls, we see that some frequencies lose importance explaining the health-income

inequality relationship, whereas other frequencies become more dominant, particularly at the 3-13

years frequencies.

What remains robust is the health-income inequality relationship at the long-run. After the inclu-

sion of controls, this relationship is only significant at a 5% level in the period between 1956-1993 at

the 15-20 years frequency band. From a pure time-series perspective, this latter result is less surpris-

ingly, as income inequality and life expectancy at birth rates are generally considered as slow-moving

processes. For the remaining frequencies, the picture is somewhat unclear. Although we observe

some significant relationships at higher frequencies, these relationships are rather short-lived, and,

might be therefore interpreted as short-run deviations from a stable health-income inequality relation-

ship in the longer-run, at least until the year 1993. After the year 1993, if any, only very short-lived

periods of a significant relationship between health status and income inequality can be observed at

higher frequencies (1.5-10 years).

The innovation of this paper is that we can be more precise regarding the description of the co-

evolution of the health-income inequality relationship by calculating the partial gain and interpret the

results together with the partial phase-differences for specific frequency bands. The result of this

exercise can be found in the middle and right panel in figure (4). For the years 1956-1993, health

status and income inequality move out of phase at long-run frequencies (15-20 years) as indicated

by the partial phase-difference that is between [π2 ,π]. In turn, this implies a negative relationship

between health status and inequality, where the Gini-index is the leading variable. Moreover, over

this period, the gain is steadily decreasing from 0.09 to 0.06. Thus, for the period 1956-1993 and
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for longer frequencies, we can confirm the existence of an IIH as an increase of income inequality

has adverse health effects, although the IIH becomes weaker until 1993 and completely disappears

afterwards as indicated by the decreasing gain. Controlling for gender do not alter the overall findings

we made above regarding the existence of the IIH. However, we find that the health-income inequal-

ity relationship is more pronounced for men than for women (see figure (5) and (6) in the Appendix).

Finally, we have also checked whether our results are robust regarding the measure of income in-

equality. We have used the share of top 1% in gross income (tax units, excluding capital gains) as

an alternative indicator for income inequality20. Comparing figure (7) with figure (4), we do not find

qualitatively different results.

The overall important impression we can take on board from this exercise is that an increase in

income inequality has adverse health effects only at longer-run frequencies and only for the years

1956-1993, thus confirming the existence of an IIH. Considering the entire time span over all ob-

served frequencies, however, the evidence for a potential existence of an IIH is rather weak, particu-

larly after 1993.

6 Discussion

This section is devoted to a discussion of our findings in the light of established literature. A central

result we derive from our analysis is that our wavelet analysis predicts a strong relationship between

income inequality and health status only at longer-run frequencies and only between 1956-1993. We

also see that to some extent the correlation between income inequality and health status reflects

more the operation of some third, neglected factors, such as governmental spendings for education

(see Grossman (1972, 1975, 2000)) and health rather than a causal link (e.g. see Deaton (2003)) at

least in the long-run and prior 1986. In the light of our findings, the IIH is the rare exemption rather

than the rule. From this point of view, it is not astonishing that Mellor and Milyo’s (2001, 2002), who

tried to reproduce the findings made by Wilkinson (1992), find a non-significant correlation coefficient

between between changes in both income inequality and life expectancy between 1970 and 1980.

Their results are partly reflected by our findings. Although we find a positive correlation in the long-run

in that time, according to the evolution of the computed gain, the correlation is nevertheless weak.

But why does the link between health status and income-inequality has decreased between 1956-

1993 and disappeared afterwards, at least at longer-run cycles? As already mentioned, from 1966

to 1973, we observe a sharp increase of the growth rate of public health spendings. Fuchs (2012)

pointed out that between 1950 and 1980, spendings for hospital care and physicians received a

boost from the Medicare and Medicaid program. Together with the medical technological progress

in these time this might explain the increase of people’s longevity. What we also see in the data is

that after 1972, income inequality in the U.S. increased, with an accelerating rate in the mid-1980’s.

20Data are available from from Atkinson et al. (2017). Due to data limitations, we cannot use other indicators for income
inequality.
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Prior to 1972, where real median family incomes grew, we observe that income inequality shows no

perceptible trend after it slightly fell between 1941-1971 (Deaton and Paxson (2004)). In contrast,

the increase of longevity in the U.S. continued even after the mid-1980’s, while family incomes fell.

In line with our findings, there is no significant link between longevity and long-run income inequality

after the year 1993 and, moreover, we expect that the link becomes weaker the closer we move to

the year 1993. What is nevertheless interesting though, is our finding that the significant relationship

between health and income inequality between the years 1956-1993 is relatively more pronounced

for men than for women which might be explained by their different histories of health behavior (see

Wise (2004)).

Moreover, for higher frequencies (1.5-8 years) and more recent times, we do not find clear evi-

dence for a the existence of the IIH. Interestingly, for the time span 2003-2008 which also comprises

the subprime crisis as well as the epidemic of pain, suicide and drug (Case and Deaton (2015)),

we observe an unclear lead-lag relationship between health status and income inequality. This find-

ing leaves us with the impression that for the periods after 2007, for neither frequency domain we

observe a significant relationship between health status and income inequality.

Of course, and the reader should keep this in mind, our findings do not imply that there is no

way to establish a potential causal relationship between health status and income inequality. Income

inequality evolution can be seen as a consequence of, among others, social, political and economic

shocks hitting the U.S. economy differently at the time and frequency domain. Controlling for any

underlying factors which simultaneously determine health and income inequality is, of course, impos-

sible21. What we can say is that what many researchers in the literature claim to be causal is in fact,

if at all, a rare exemption, even if we investigate this relationship in time and frequency.

What are the caveats of our study? Rodgers (1979) and Gravelle (1998) pointed to the fact that

if individual health is a nonlinear function of income, income inequality may be spuriously correlated

with aggregate health status. As we use aggregate data, our results might partly suffer from a

potential ecological fallacy, which we obviously cannot resolve by using aggregate data. This implies

that aggregate correlations do not necessarily reflect (Granger-) causal relationships at the individual

level. Mellor and Milyo (2001) tackle exactly this issue. Using data from 1995-1999, the authors find

no evidence of an association between income inequality and health status at the U.S. metropolitan

area level.

Closely related to the first caveat, we cannot control for the fact that income inequality might affect

health inequality on a sub-national level, even if it does not affect average health. As mentioned by

Kawachi et al. (2002), poverty besides many other characteristics may not only impact the average

health of a community, but also affects health disparities between social groups. What we see in our

data is that for the recent years, national mortality rates are rather stable over time, which shows

21As an example, among others, such factors comprise changes in manufacturing employment, international migration,
urbanization in specific areas, and the increase of households headed by single females or technological progress in the
health sector.
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that sub-national health disparities seem to channel out on a national level. So even if we observe

that health inequality affects sub-national health inequality via the income channel, we do not neces-

sarily observe that on a national level, where average health seems to be rather constant over time.

Again this highlights the important findings made by Chetty et al. (2016) that the differences in life

expectancy were correlated with health behaviors and local area characteristics.

But even on the aggregate level, it might be that income inequality can still affect health inequality

even if it does not directly affect health22. From a city-level perspective, this might be explained by

local governmental expenditures schemes and also partly by positive neighborhood externalities.

Supported by the data, low-income individuals tend to live longest in cities with highly educated

people and high governmental expenditures for public health and educational spendings (see Chetty

et al. (2016).). After aggregation to the city-level, we might conjecture that, first, in those cities, the

correlation between city-level income inequality and city-level health status should be lower compared

to other cities where governmental expenditure activities are less pronounced. In turn, this might

also explain that some cities with higher income inequalities exhibit lower levels of health inequalities

(even if there is no correlation between the city-level income inequality and city-level health status

after controlling for governmental spendings and neighborhood effects). Beyond the scope of this

paper, testing this theory may be a good subject for future research in this area.

Further, our time span comprises several crisis periods which might also affect the income-

inequality health relationship. For instance, to maintain a rising standard of living, particularly house-

holds in the lower part of the distribution finance their spendings at the cost of increasing their debt

level23. During the crisis, these households cut spendings (including health spendings), shed out-

standing debts, and increased their rate of personal savings in response to reductions in income.

Finally, the concept of Granger-causality based on the lead-lag relationship between life ex-

pectancy at birth and income inequality is only a necessary condition for the true causality between

life expectancy at birth and income inequality. Hence, we cannot exclude the possibility, and of

course, do not argue that the relationship between life expectancy at birth and income inequality is

driven by other variables which are not included here. The choice of our controls is primarily moti-

vated by the literature (among others, see Barro (2013), Mellor and Milyo (2001)). Instead, our results

provide information regarding a possible lead-lag pattern of two variables over a certain time period

and frequency.

7 Conclusion

The income inequality hypothesis predicts that income inequality itself is the major determinant of

population health. Using cross-section or longitudinal approaches, there is an enormous literature

22We are grateful to a referee for pointing us to this issue.
23As shown by Cairó and Sim (2017), for the U.S., between 1960 and 2010, there is a close link between income

inequality and credit-to-GDP ratio, which, in turn can be seen as a good indicator of excessive credit.
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trying to establish such a link empirically. While earlier studies predict a strong causal relationship

between income inequality and health, recent contributions, taking the bidirectional causality between

health and income inequality into account, are very skeptical about finding support of the IIH for the

U.S.. This paper argues that the so-far neglected frequency domain might render this overall conclu-

sion. Using annual data for the U.S. between 1941-2015, a novel continuous wavelet approach allows

us to estimate the IIH relationship at any frequency and time domain. After controlling for gender, ag-

gregate income, governmental spendings on health and education, only for the time span 1956-1993

and only for long-run frequencies, we find that an increase of income inequality has adverse effects

on health, thus confirming the existence of the IIH. However, we fail to confirm its existence for shorter

frequencies at the same period, which comprises also the business-cycle frequencies, but also for

other periods at different short-as well as long-run frequencies. Hence, the empirical confirmation of

the IIH is the rare exemption rather than the rule.
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A.3 Wavelet power spectrum and time-series
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Figure 3: On the left we plot the annual growth rates of each time-series. On the right we present the
wavelet power spectrum for each variable. The black (grey) contour lines indicates the 5% (10%) level
of significance estimated by Monte Carlo simulations (5,000 draws). The coherency color spectrum
ranges from blue (low coherency) to red (high coherency). The cone of influence, which shows the
region affected by so-called edge effects, is the outside region of the thick-dashed, green line.
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A.4 Wavelet power spectrum
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Figure 4: On the left we plot the simple wavelet coherency (top) and partial wavelet coherency
between life expectancy at birth and income inequality. The black (gray) contour designates the 5%
(10%) significance level estimated by Monte Carlo simulations (5,000 draws). The color for coherency
ranges from blue (low coherency) to red (high coherency). The cone of influence, which shows the
region affected by so-called edge effects, is the outside region of the thick-dashed, green line. In
the center we present the partial phase-differences at different frequency bands. The limits of the
confidence intervals for the mean phases are indicated in the pictures with red dashed-lines. On the
right we plot the partial wavelet gain at different frequency bands.
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A.5 Wavelet power spectrum (female)
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Figure 5: On the left we plot the simple wavelet coherency (top) and partial wavelet coherency
between life expectancy at birth and income inequality. The black (gray) contour designates the 5%
(10%) significance level estimated by Monte Carlo simulations (5,000 draws). The color for coherency
ranges from blue (low coherency) to red (high coherency). The cone of influence, which shows the
region affected by so-called edge effects, is the outside region of the thick-dashed, green line. In
the center we present the partial phase-differences at different frequency bands. The limits of the
confidence intervals for the mean phases are indicated in the pictures with red dashed-lines. On the
right we plot the partial wavelet gain at different frequency bands.
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A.6 Wavelet power spectrum (male)
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Figure 6: On the left we plot the simple wavelet coherency (top) and partial wavelet coherency
between life expectancy at birth and income inequality. The black (gray) contour designates the 5%
(10%) significance level estimated by Monte Carlo simulations (5,000 draws). The color for coherency
ranges from blue (low coherency) to red (high coherency). The cone of influence, which shows the
region affected by so-called edge effects, is the outside region of the thick-dashed, green line. In
the center we present the partial phase-differences at different frequency bands. The limits of the
confidence intervals for the mean phases are indicated in the pictures with red dashed-lines. On the
right we plot the partial wavelet gain at different frequency bands.
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A.7 Robustness check

Simple Coherency between health and inequality
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Figure 7: On the left we plot the simple wavelet coherency (top) and partial wavelet coherency
between life expectancy at birth and income inequality. The black (gray) contour designates the 5%
(10%) significance level estimated by Monte Carlo simulations (5,000 draws). The color for coherency
ranges from blue (low coherency) to red (high coherency). The cone of influence, which shows the
region affected by so-called edge effects, is the outside region of the thick-dashed, green line. In
the center we present the partial phase-differences at different frequency bands. The limits of the
confidence intervals for the mean phases are indicated in the pictures with red dashed-lines. On the
right we plot the partial wavelet gain at different frequency bands.



1/1 
 

#2012 Bremen Papers on Economics & Innovation 

 
Estimating the income inequality-health relationship for the United States between 1941 
and 2015: Will the relevant frequencies please stand up? 

Imprint 

Bremen Papers on Economics & Innovation 

Published by 
Universität Bremen, Department of Economics, 
Institute for Economic Research and Policy 
Max-von-Laue-Straße 1, 28359 Bremen, Germany 
 

Editors 

Prof. Dr. Christian Cordes 
Evolutionary Economics 
Phone: +49 (0)421 218 66616, e-mail: c.cordes@uni-bremen.de 
 

Prof. Dr. Dirk Fornahl 
Regional and Innovation Economics 
Phone: +49 (0)421 218 66530, e-mail: dfornahl@uni-bremen.de 
 

Prof. Dr. Jutta Günther 
Economics of Innovation and Structural Change 
Phone: +49 (0)421 218 66630, e-mail: jutta.guenther@uni-bremen.de 
 

Prof. Dr. André W. Heinemann 
Federal and Regional Financial Relations 
Phone: +49 (0)421 218 66830, e-mail: andre.heinemann@uni-bremen.de 
 

Prof. Dr. Torben Klarl 
Macroeconomics 
Phone: +49 (0)421 218 66560, e-mail: tklarl@uni-bremen.de 
 

Bremen Papers on Economics & Innovation #2012 

Responsible Editor: Prof. Dr. Torben Klarl 

All rights reserved. Bremen, Germany, 2020 

ISSN 2629-3994 

The working papers published in the series constitute work in progress circulated to stimulate discussion and critical 
comments. Views expressed represent exclusively the authors’ own opinions and do not necessarily reflect those of the 
editors. 


