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Introduction

Income inequality has been on the rise, globally, for multiple decades according to the

2018 World Inequality Report (Alvaredo et al., 2018). Since 1980, income inequality has

increased rapidly in North America, China, India, and Russia. The growth in Europe has

been more moderate however still positive (see figure 1.1). There are almost no exceptions

to this trend. Despite the fact that the Scandinavian countries enjoy a relatively low

level of inequality also they have seen an increase in income inequality over the past years

(Fritzell et al., 2012).

Figure 1.1: Top 10% income shares across the world, 1980–2016: Rising inequality almost every-

where, but at different speeds (Alvaredo et al., 2018)

2



Concurrent with the rise in income inequality the argument has been made that income

inequality might play a role in determining population health. Currently, the list of

studies investigating the link between income inequality and health is extensive. The

meta-analyses by Wilkinson and Pickett (2006) and Kondo et al. (2009) both review

over 150 different articles dealing with this question. The body of evidence is diverse in

methodologies, units of aggregation and variables used. Though despite all this attention,

the causal relationship between income inequality and health is still a topic of debate. The

inconsistent results are most likely due to the difficult nature of estimating the relationship

and the wide range of contexts and plausible mechanisms underlying the association. For

example, inherent to the association is an ambiguity about the direction of causality.

Reverse causality is a matter of concern because the deterioration of population health

may also affect income inequality by limiting people’s ability to work and earn an income.

Part of the debate concerns the the fact that most of the empirical evidence has been

done in the United States (Subramanian and Kawachi, 2004). The U.S. is a developed and

rich country with relatively high income inequality and could be a special case. It is im-

portant to know the validity of these findings in other countries with different institutions

and levels of income inequality. Most of the support for the income inequality hypothesis

stems from studies done in American states (Kawachi and Kennedy, 1999). However, the

strength of the support weakens when looking at smaller units of aggregation like cities

or municipalities (Blakely et al., 2002). Outside the U.S. multiple studies find weak or no

support for the income inequality hypothesis (Osler et al., 2002; Blakely et al., 2002).

Only a limited number of studies have focused on the Nordic countries of Europe,

developed countries with relatively low income inequality. The results from these studies

are mixed and inconclusive (Osler et al., 2002, 2003) which lead some authors to argue

that income inequality has to cross a certain threshold to affect health negatively (Lynch

et al., 2004; Subramanian and Kawachi, 2004). A few papers do find some support for the

income inequality hypothesis on a regional and municipal level of aggregation (Dahl et al.,

2006; Rostila et al., 2012), other studies find no statistically significant effects (Grönqvist

et al., 2012) whilst other find the inverse effect where income inequality promotes health

(Henriksson et al., 2010). The lack of consensus around the effect of income inequality is

worrisome as the world has become more unequal in the last decades. Even if the true

health effects of income inequality are small the total cumulative damage can be enormous

as it might affect the entire population. This underlines the need for new evidence on the

effects of income inequality.
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In this paper, I examine the association between income inequality and health in Swe-

den using 1) the sickness absence rate on the municipal and county level; 2) the heart

attack incidence rate on the county level. I address potential concerns about reverse

causality and measurement error by using an instrumental variable approach. The instru-

ment is constructed by predicting the local income distribution using national patterns in

income growth; hereby isolating variation due national income inequality trends (Boustan

et al., 2013; Enamorado et al., 2016).
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Previous research and literature

In this section I will first discuss the plausible mechanisms governing the relationship

between income inequality and health. Second, I will turn my attention to how the validity

of these mechanisms might depend on the unit of aggregation used. Lastly, I will go over

the previous research that is close and relative to my analysis and discuss my contribution

to the literature.

Interpretations of the association

There are different interpretations given as to what mechanism underlies the association

between health and income inequality. In the paper by Lynch et al. (2000) three different

interpretations of the link between inequality and health are presented: the individual

income-, the psychosocial- and the neo-material interpretation. The first pathway is via

the aggregation of individual income which reflects the association between individual

income and health. The concave relationship between individual income and health is

enough to create a negative relation in the data between income inequality and health

on the aggregate level, whilst keeping average income constant. In figure 2.1, decreasing

income inequality from (X1, X4) to (X2, X3) creates larger marginal health gains for the

most disadvantaged whilst only slightly diminishing the health of the most affluent. With

the same average income the average population health increase from Y1 to Y2. According

to this mechanism, individual health is only affected through individual income and not by

the level of income inequality directly. This interpretation is also known as the absolute-

income hypothesis. However, some studies showed that the relationship between income

inequality and health remained even after controlling for individual income, challenging

this interpretation (Wolfson et al., 1999).
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Figure 2.1: The individual-level relation between income and health (Subramanian and Kawachi,

2004)

The second interpretation suggests that high income inequality works through psy-

chosocial factors to deteriorate health (Marmot and Wilkinson, 2001). The psychosocial

explanation states that high income inequality affects health through the perception of

place in the social hierarchy, with higher discrepancies creating stronger effects. Negative

emotions such as distrust and shame, which are associated with income inequality, could

results into worse health via psycho-neuro-endocrine mechanisms (hormones) and stress

induced behaviors such as smoking. In addition, perceptions of relative position in an

unequal society could lead to the deterioration of social cohesion/social capital. “Social

Capital” is defined in the paper by Kawachi and Kennedy (1999) as “the extent of interper-

sonal trust between citizens, norms of reciprocity, and vibrancy of civic associations-that

facilitate cooperation for mutual benefit”. Without cooperation systems fail and the health

of the public suffers. This school of thought is also backed up by several primate studies.

In an experiment done by Shively and Clarkson (1994) adult female monkeys where housed

in small social groups and fed a particular diet which induced atherosclerosis, a build-up

of plaque, in the coronary arteries. The narrowing of the arteries slows down blood flow

and increases the risk of a heart attack. The experiment went on by altering the social

status of half of the animals. The selected monkeys either changed from a dominant-

to subordinated status or vice versa. This change in status significantly increased the

coronary artery atherosclerosis in both groups. However, the increase was highest among
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primates which declined in social status. Although the results from these primate studies

are not directly applicable to human subjects, they do have some merit in understanding

the link between social status and health.

Lastly, the third interpretation suggests that health differences are the result of a

combination of negative exposures and a lack of resources (Lynch et al., 2000). The neo-

material explanation states that the political and economic processes that create income

inequality also lead to a systematic under investment in physical -, health - and social

infrastructure which facilitates in keeping the population healthy. When the rich get

richer and income inequality rises, the interests of the wealthy diverge from the rest of

the population. This divergence could lead to increased pressure from the top to lower

spending on social goods, hurting the most vulnerable in the population. The associations

found between population health and income inequality might be generated because the

political systems that invest heavily in health-promoting institutions, such as healthcare

and education, also tend to keep income inequality low.

Level of aggregation

The level of aggregation could be important when examining the effect of income inequal-

ity as it determines which relationship and mechanism is observed. In the meta analysis by

Wilkinson and Pickett (2006) support for the income inequality hypothesis often depended

on the level of aggregation, with higher levels of aggregation finding support more easily.

Rostila et al. (2012) and Kawachi (2000) give an example of how the level of aggregation

can play a role in observing effects from a specific mechanism. They pose that if income

inequality affects health through reductions in spending on public goods, then you should

only expect to find effects using units of aggregation which are politically meaningful and

autonomous. In Sweden, municipalities are the smallest unit of aggregation with forms

of autonomy when it comes to spending and taxation. Whereas neighborhoods have no

political autonomy and thus are unlikely to experience effects of income inequality through

spending on social goods. Neighborhoods can however pick up something else: social seg-

regation. The segregation of high and low income households keeps the income inequality

within neighborhoods low. Yet one hypothesis is that poor people benefit from living in

affluent urban neighborhoods (Stjärne et al., 2006). Neighborhoods with lower levels of

spatial socioeconomic segregation and thus higher income inequality could therefore foster

higher levels of average population health. This was first theorized by Fritzell (2005) and

later the positive association between income inequality and population health was found
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by Henriksson et al. (2010). Alternatively, the positive relation between income inequality

and health could stem from affluent neighborhoods setting higher demands for the quality

and quantity of social goods. Given that is the poor who benefit the most from high

quality services and institutions, this could increase population health in areas with high

income inequality Rostila et al. (2012).

Previous research

As mentioned earlier, the amount of research examining the relationship between income

inequality and health is extensive. I would like to go into a couple papers that are close

and relative to my analysis in terms of variables, methods and geographic area used.

The first paper that brought forth evidence on the negative health effects from income

inequality in comparatively egalitarian societies was Dahl et al. (2006). Hereby the pa-

per contradicted earlier suggestions of a threshold above which income inequality affects

population health (Lynch et al., 2004). The authors use a multilevel logistic regressions

to analyse the effect of income inequality on mortality in Norway. They find that higher

regional income inequality is associated with higher mortality, especially for those in dis-

advantaged social positions.

In the paper by Rostila et al. (2012) the authors test the income inequality hypothesis

by examining a part of the population of Stockholm (Sweden) on multiple aggregation

levels. Their analysis uses individual self-rated health gathered from a public 2002 health

survey and they are able to control for individual characteristics and municipal spending

on social goods. The authors analyse the data using a multilevel logistic regression at

three levels of aggregation (individuals, neighborhoods and municipalities). They find

some evidence of a negative relation between health and lagged income inequality on the

municipal level, however this effect is not found on the neighborhood-level.

A similar paper by Stjärne et al. (2006) also examined the population of Stockholm

(1992-1994) using a multilevel random effects logistics regression. The authors evaluated

the impact of neighborhood economic resources and the degree of socioeconomic homo-

geneity on the relative risk of myocardial infarction (heart attacks), whilst controlling for

individual characteristics. The paper concludes that the socioeconomic context of neigh-

borhoods do have an effect on health.

In the paper by Henriksson et al. (2010) the authors execute a multilevel analysis inves-

tigating the relation between income inequality and the risk of acute myocardial infarction

(AMI, heart attacks) in Swedish municipalities and parishes. There data consist of all in-
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dividuals aged 40-64 years from 1990 till 1998. By linking several registers they can follow

individuals over time with data on socioeconomic, demographic a health information. The

authors find that the risk of AMI is lower in municipalities with higher levels of income

inequality. This effect is mediated by the degree of social segregation in a municipality.

Most of these studies can control for individual characteristics and other confounders

that are associated with health. However as mentioned by Grönqvist et al. (2012), they

can not rule out the possibility that the association is spuriously driven by non-random

sorting of individuals across regions. In their paper the authors show suggestive evidence

indicating that refugees tend to sort them across municipalities in Sweden. The authors

take advantage of the plausibly random variation in initial placement location of refugees.

They find no statistically significant effects of income inequality on the risk of being

hospitalized, but they do find evidence on non-random sorting.

My contribution to the literature comes by attempting to tackle the potential method-

ological problems cause by reversed causality - and selection bias. I do this by instrument-

ing income inequality by a constructed prediction of local income inequality and use it in

a two-staged least squares regression. Furthermore, by following the method explored by

Boustan et al. (2013) and Enamorado et al. (2016) in constructing the instrument I gen-

erate additional evidence on the effectiveness of this instrument in a different context. To

the best of my knowledge the use of this exact method for instrumenting income inequality

has only done by the authors mentioned above.
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Empirical Methods

In the next section I will first discuss the basic specification used to estimate the effect

of income inequality on health using the OLS method. Second, I will introduce the in-

strumental variable approach and explain the construction of my particular instrument.

Lastly, I will discuss the conditions needed for this instrument to be valid.

The Basic Specification

The relationship between income inequality and health can be described in the following

equation:

yit = β(Gini)it + γXit + εit, (3.1)

where εit = µi + uit; i indexes a municipality in a given year t. The depended variable

y is the local health outcome, Gini is the local inequality measure and the coefficient

β indicates the estimated relationship between income inequality and population health.

The Gini coefficient is an income inequality measure which takes a value between 0 and

1. A value of 0 represents complete equality with homogeneous income and a value of 1

indicates complete inequality with one person holding all the income. Xit is a set of control

variables containing time-varying municipal characteristics, such as the population level,

the median household income, the unemployment rate, the share of university educated

and the local public expenditures per capita. The error term εit consists of two unobserved

determinants of health, a constant local component µi and a transitory component uit.

The permanent component of the error term can be absorbed by implementing the first-

difference (FD)1 specification:

∆yit = β(∆Gini)it + ∆γXit + ∆εit, (3.2)

1(yit − yi(t−1)) = (β(Gini)it − β(Gini)i(t−1)) + (γXit − γXi(t−1)) + (µi − µi) + (uit − ui(t−1))
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The coefficient of interest, β, now indicates the effect of changes in income inequality

on changes in population health within a municipality over time, whilst controlling for

changes in time-varying local characteristics. Despite the fact that a fixed effects (FE)

specification is more efficient than the first-difference (FD) specification, the latter is

preferable in this setting as it does not require the strict exogeneity condition between

the independent variable and the error term2. For this condition to hold there can be no

feedback loop between the error term and the independent variable or any omitted lagged

variables (Stock and Watson, 2015). As this might not be the case it is preferable to use

the less efficient FD approach. To account for the potential serial correlation of the error

terms I cluster the standard errors on the relevant unit of observation.

Furthermore, income inequality most likely does not have an instantaneous effect on

population health for several reasons. First, income inequality is linked to population

health by decreasing an individual’s accessibility to social goods; the erosion of social cap-

ital; and/or the increase of psychosocial stresses related to perceptions of position in the

socioeconomic hierarchy (Kawachi and Kennedy, 1999; Wilkinson, 1992). These mediat-

ing mechanisms thought which income inequality affect health may not be instantaneous

(Kondo et al., 2009; Blakely et al., 2000). Second, even if these mechanisms would work

instantaneously it takes time before the exposure to risk factors are observed to predicted

illness (Yusuf et al., 2001). Even though the exact lag is still a topic of debate there is

some consensus around the paper by Zheng (2012) where he showed that income inequal-

ity began to have an effect on the mortality risk with a lag of 3 to 5 years. However up

to 12 years the effect was still measurable. In my main specification I will lag the Gini

coefficient from equation (3.2) with three years. As a robustness test I will increase this

lag to 5 years, however a greater lag will put strain on the available data and decrease

precision. The final specification with thus look like:

∆yit = β(∆Gini)i(t−3) + ∆γXit + ∆εit, (3.3)

Estimating the relationship between income inequality and health is not straight for-

ward, there are concerns about potential biases that have to be addressed. First of all,

there exists the possibility that the relationship might be driven by non-random sorting

of individuals across regions. In the paper by Grönqvist et al. (2012) the authors found

signs of the sorting of refugees across Swedish municipalities. The settlement decision of

individuals and households is endogenous and can be related to both income inequality

2E(uit|Ginii1, ...Giniit, ...GiniiT ) = 0
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and health. If healthier individuals sort themselves, to a substantial degree, into areas

with low income inequality then the effect we estimate is biased. Second, the causality

between inequality and health could also run the other way if people with worse health

are less able to work and earn income, creating a greater disparity between the poor and

rich. Perhaps both directions of causality are true and we are dealing with simultaneity

bias where health is jointly determined by income inequality. Both reverse causality and

simultaneity will cause the independent variable to be endogenous and correlated with the

error term. Lastly, as discussed in earlier the level of aggregation of which you observe the

relationship might also affect the results. In order to mitigate the concerns about reverse

causality and simultaneity I will instrument my income inequality variable using national

trends in income growth, as described below. In addition, I will estimate the association

between income inequality and population health on both the municipal level and county

level in order to compare the effect on different levels of aggregation.

Instrumental variable

To address the methodological problems described above I will use a Bartik-like instru-

mental variable that is associated to income inequality changes in an area but not to

changes in local population health. I follow the works of Boustan et al. (2013) and use the

national trends in income growth to predict the income distribution of a local area based

on their initial local income distribution. This predicted income distribution is then used

as an instrument in a two-stage least squares (2SLS) regression to combat concerns about

reverse causality and measurement error.

In the papers by Boustan et al. (2013) and Enamorado et al. (2016) the authors create

their instrument by starting with an initial labelling/matching of household income and

their respective local income percentiles to the national income percentiles. In this way

a household can be relatively rich on the local level but be poor on the national level

because they live in a relatively poor area. Then, the authors let each local percentile

grow over time according to the growth of the corresponding national percentile. This

instrument thus uses national variation in the income distribution to affect the local income

distribution. Hereby avoiding local factors like regional migration but keeping national

variation caused by for example, changes to labor market institutions. The instrumental

variable approach has the additional benefit of possibly mitigating measurement error

bias, if existing. Given that most of the variation in the instrument stems from national

trends, this will help reduce measurement error bias at the local level.
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Unfortunately, due to limited available data I can not use this exact method and have

to add some restrictions. One of these limitation is the inability to obtain individual level

household data to form local income percentiles. However, I do have aggregate data on the

number of people, average -, median - and total cumulative income in an income bracket

on the municipal, county and national level which I gathered from Statistics Sweden.

These income brackets go in steps of 20.000 SEK3 from 0 to 400.000 SEK, where after it

continues in steps of 100.000 SEK till 600.000 SEK) and then steps of 200.000 SEK till 1

million SEK and above . In total I have 25 different income brackets. Despite this obvious

limitation on precision I will still be able to follow the method explored by Boustan et al.

(2013).

Construction of the instrument

To construct the estimated Gini coefficients for both municipalities and counties I first

need to calculated the national trends in income growth for each income bracket. I started

by calculating the cumulative proportion of the population in each income bracket for all

years. I set a base year and determined if the cumulative proportions of a given income

bracket would fall into a different bracket five years later. For example, all individuals who

earned up to the 6th income bracket (119.000 SEK) made up almost 24% of the population

in 1999. However, this same bracket only contained around 20% of the population in 2004.

The first 24% of the population in 2004 earned up to the 7th bracket (139.000 SEK).

To calculate the income growth rate I took the average income of what this cumulative

proportion of the population would earn in the new income bracket and compared it to

the what they earned on average before. For example, the 6th income bracket in 1999 had

an average income of 110.400 SEK, this proportion of the population would fall into the

7th bracket in 2004 which had average income of 130.200 SEK. The income growth rate

for the 6th income bracket from 1999 to 2004 is thus: ((130.2− 110.4/110.4) + 1) ≈ 1.179.

In figure B.1 in the appendix the growth in average income is displayed for each national

percentile. From this graph it is clearly visible that certain percentiles in the income

distribution experienced a greater increase income than others. This creates changes in

the income distribution which I use as variation. The income growth rate is calculated for

all national income brackets in 5-year intervals to allow enough time for national trends

to deviate i.e income growth rate measures for 2004 are based on the income distribution

from 1999, the growth rate for 2005 on the 2000 distribution etc. till 2018. These growth

310.000 SEK is equal to 1.043 USD or 946 EUR as of May 2020
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rates are multiplied by the mean income of the respective municipal income brackets for

the corresponding initial years. The estimated Gini coefficients are calculated using the

new estimated income with the initial local distribution of households. This causes the

initial income distribution of a locality to determine how it is affected by the national

trend. For example, when the top income brackets experience a large income increase,

then municipalities with a larger initial share of the population in these top brackets

experience are greater increase in income inequality. However, by calculating the income

Gini coefficient with the initial income distribution the instrument forecloses the possibility

that households move in and out of municipalities. A strong relationship between the

actual and estimated income distribution suggests that the change in income distribution

is due to national trends in income growth rather than in- and out-mobility of households

(Boustan et al., 2013).

As mentioned above, this income inequality instrument is constructed similarly to a

Bartik or shift-share instrumental variable. These kinds of instruments have there roots in

applied labor economics where they are used to isolate shocks to the labor market (Bartik,

1991; Blanchard and Katz, 1992). A Bartik instrument uses a common shock(s) and looks

if differential exposure leads to differential changes in the outcome. For example, in the

paper by Autor et al. (2013) a rapid increase in Chinese imports between 1990 and 2007 is

used a common shock to the US labor market. As certain markets have a different import

exposure rate this leads to a different change in manufacturing employment.

Conditions for a valid instrument

The instrument needs to fulfill two conditions in order to be valid. These conditions are Ex-

ogeneity and Relevence as presented below. Zi represents the instrument or the predicted

inequality coefficient, Xi the independent variable or the actual inequality coefficient and

ui is the error term of the structural equation.

Exogeneity : E(ui|Zi) = cov(ui, Zi) = 0 (3.4)

Relevance : E(Xi|Zi) = cov(Xi, Zi) 6= 0 (3.5)

The relevance condition (3.5) needs to hold in order for the instrument to have an

effect on the endogenous inequality variable. The condition can be check by looking at the

first-stage results. If the F-statistic is above the conventional threshold (> 10) then the

predictive power of the instrument is high enough. “Weak” instruments that do not meet
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this criteria lead the 2SLS estimates to be biased towards OLS estimates (Stock and Wat-

son, 2015). In addition, a strong relationship between the actual and predicted inequality

measure also indicates that other possible mechanisms that could explain the local varia-

tion are less likely, like the in- and out-mobility of households (Boustan et al., 2013). The

exogeneity condition (3.4) needs to hold in order to solve the original endogeneity prob-

lem, if the instrument is still correlated to error term ui we will still have biased results.

This condition can be divided into two parts: Randomization & Excludability. The first

part, Randomization, means that the instrument Zi is randomly assigned. It is not possi-

ble to test this condition directly, however showing that the instrument is not correlated

with other variables that affect the outcome is a way to strengthen your argument. The

randomization condition might not hold as the instrument is constructed using national

trends in income growth which could also be correlated with local industry shares. A

decrease in a particular national income percentile could be linked to a shrinking industry

sector and if this industry in particularly unhealthy or dangerous, for example the mining

industry, the change of this industry share might affect population health directly.

The second part, Excludability, implies that the instrument Zi only affects the outcome

through the independent regressor Xi and thus has no direct effect. This should not be an

issue as long as an individual’s health is influenced by their local income inequality and

not by national trends in income that do not necessarily have to change their local income

inequality. Moreover by only looking at within-municipality (or county) variation we

already assumed individuals are only affected by the income inequality in their area. The

excludability condition might be violated if long-standing patterns of income inequality

have an independent influence on current population health as the historic inequality is

used in construction of the inequality variable. To test if this is indeed an issue I will add

the initial inequality measure used in the construction of the instrument along side the IV

specification as a robustness test.
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Data

Data on income, inequality and local characteristics

To construct both the actual and estimated local income inequality measures I use popu-

lation and income data of 25 income brackets on the municipal, county and national level

from 1999 till 2018, gathered from Statistics Sweden1 (Statistiska centralbyr̊an, 2020e).

Preferably this income data is for disposable income, however the only available local in-

come data is for total employment income in a year. This means that taxes and benefits

are not included which would lead to a likely reduction in income inequality (Fritzell,

2005). The local median income is used as a control variable for average wealth and pop-

ulation size is use as control variable to differentiate between larger urban localities and

smaller rural area’s. Apart from these variables I also gathered data on local population -

and other area characteristics from Statistics Sweden. These control variables include the

share of the local population who are university educated, the share over the age of 65 and

the share of foreign born (Statistiska centralbyr̊an, 2020a,b,c). These population charac-

teristics are likely associated with the level of population health. In addition, the level of

public spending per capita is gathered as the net cost of a particular area of government

(Statistiska centralbyr̊an, 2020d). This data is available from 1999 till 2013. Some of

these expenses are endogenous to the local health variable like healthcare and education,

whilst others are exogenous like the expenses on infrastructure. Only the exogenous public

expenses are used in the main specification, endogenous expenses are added as sensitivity

check. The size of government expenditures is important as they might act as one of the

1As mentioned previously, these income brackets go in steps of 20.000 SEK from 0 to 400.000 SEK,

where after it continues in steps of 100.000 SEK till 600.000 SEK and then steps of 200.000 SEK till 1

million SEK and above. 10.000 SEK is equal to 1.043 USD or 946 EUR as of May 2020
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mechanisms through which income inequality affects health. Lastly, the county-level un-

employment rate is used as control variable in all specifications (Statistiska centralbyr̊an,

2020f). Being unemployment is arguably bad for an individual’s health, increased stress

and lower income are associated with the deterioration of health. In addition, the unem-

ployment rate could also affect the income inequality if the change in the unemployment

rate is affecting the certain parts of population more then others. Excluding this vari-

able would thus cause omitted variable bias as it is both related to the dependent and

independent variables.

Data on Health

The Swedish health data on the municipal level has restricted access. However, I can

use an indirect measure of municipal population health, the amount of sickness absence

from work. Specifically, I use municipal level data on the sickness absence rate in Sweden

which is available from the Swedish Social Insurance Agency (Försäkringskassan) for the

period 2001-2018. The sickness absence rate is defined as the number of sick days in a

year, payed by Försäkringskassan, relative to the number of insured people aged 16-64.

The sickness absence rate only includes short-term sickness benefits and rehabilitation

allowances (Försäkringskassan, 2020). Unfortunately, the specific reasons behind an ap-

plication for sickness benefits are not available. However there are statistics available on

the amount of cases divided in to icd-10 diagnosis codes which reveal that a dispropor-

tionate amount of the sickness benefit applications are due to psychological illnesses and

stress related causes2. The number of sick leave days in not a perfect proxy for population

health as it can be influenced by other factors, for instance social norms or the business

cycle. One hypothesis suggested by Leigh (1985) states that the business cycle could in-

fluence the sickness absence rate through variations in levels of moral hazard. Employees

might fear job loss more during recessions compared to booms and thus experience an

increased costs from the absence from work. This hypothesis is far from the only one

describing a procyclical nature in the absence rate, see the paper by Pichler (2015) for a

more expansive discussion. The sickness absence rate might be affected by the business

cycle, yet it is a reasonable health indicator for several reasons. First, individuals can only

apply for sickness benefits after two weeks of illness. This means that the variable only

includes more serious health conditions and not minor illnesses. Second, it is mandatory

for employees to receive a doctor’s certificate in order to receive sick pay. This incentive

2https://forsakringskassan.se/statistik/sjuk/sjuk-och-rehabiliteringspenning
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to visit a doctor makes it less likely that individuals neglect serious health issues which

could cause measurement error. Finally, by controlling for the county level unemployment

rate I try to absorb the cyclical nature of the business cycle. The sickness absence rate is

also used on the county level in order to gain insights on the affects of the unit of aggrega-

tion used. In addition, healthcare in Sweden is decentralised to the 21 regional counties.

Examining the the association on the county level might proof to be a more relevant level

of aggregation for the mechanism linking income inequality and health.

Fortunately, some Swedish health data on the county level is readily available from

the database of the National Board of Health and Welfare (Socialstyrelsen). A direct and

objective measure of population health is the heart attack incidence rate. This condi-

tion has a low probability of going undiagnosed which limits the likelihood of suffering

from measurement error. I have gathered the incidence rate per 10.000 individuals for

acute myocardial infarctions (AMI) for each county in Sweden from 1999 till 2017 (So-

cialstyrelsen, 2020). The AMI incidence rate is plausibly affected by the level of income

inequality through psychosocial factors such as stress. It has been shown that psychosocial

factors are associated with coronary heart decease (CHD)(Chandola et al., 2008; Krantz

and McCeney, 2002). This decease causes the arteries connected to the heart to accu-

mulate plaque and narrow, limiting the amount of blood flow to the heart muscle and

increasing the risk of infarction.

Summary Statistics and Graphical Evidence

In table C.1 of the appendix C the summary statistics of all the variables are presented

for both the municipal and county level. The statistics of these two levels do not differ

much, as is to be expected. We can see that the Gini coefficient and the estimated Gini

coefficient both have a small standard deviations indicating the usable deviation is limited.

There is more variation in the population health. In figure 4.1 the development of the

Gini coefficients is displayed for both aggregation levels in two boxplots. From the two

figures it is clearly visible that in the last two decades the median income inequality has

increase in Sweden as indicated by the line inside the coloured box. This increase is

mainly due to a rise in income inequality in municipalities with the lowest values in the

Gini coefficient distribution. This is illustrated by the upward shift of the lower whisker

and first quartile. Furthermore, on the municipal level we can see a relatively large amount

of outliers represented by the dots.
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Figure 4.1: The development of the Gini coefficients in Boxplots

(a) Municipal (b) County

In section 3 the construction of the instrumental variable is explained. National trends

in income growth are used to predict an area’s local income distribution based on there

initial income distribution. In figure 4.2 the change in actual Gini coefficient is plotted

against the change in predicted Gini coefficient over one year. Most notable are relatively

small changes in Gini coefficient on the county level compared to the municipality. These

graphs give first indication if the instrument is correlated with the independent variable

or can be considered a “strong” instrument.

Figure 4.2: Relationship between the 1-year change in the actual and estimated Gini coefficients

(a) Municipal (b) County

Graphing the relationships between relevant variables can give us a first insight into the

dynamics at play. Figure 4.3 displays the relationship between the change in lagged income

inequality and the change in population health, on the municipal and county level. The

gini coefficient is lagged by 3 years in all figures to depict the more realistic relationship

between income inequality and population health (see section 3). In the left panel (4.3a)
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we can see that there is very subtle negative slope on the municipal level, however far

it is from conclusive. The association seems to be more dependent on the observed time

period. This indicates that it is important to control for year fixed effects. In the right

panel (4.3b) the same relationship is displayed for the county level. There is no apparent

relation visible and most of the variation is due to year fixed effects.

Perhaps the association is driven by differences between counties. In figure B.2 of

appendix B, the same relationship is displayed on municipal level however now it is di-

vided into randomly selected counties. From the figure no compelling differences between

counties are noticeable. This implies that unobserved permanent county fixed effect are

of lesser concern. Lastly, the change in the AMI incidence rate, on the county level, is

presented against the change in lagged gini coefficients in figure B.3 of appendix B. Here

a similar pattern is visible where the observed time period seems to cause most of the

variation in the data. To summarize, no striking associations are detectable in the graphs

however to uncover the true relationship we need to control for confounding variables and

deal with issues of reverse causality and measurement error.

Figure 4.3: Relationship between change in 3-year lagged Gini coefficient and change sickness

absence rate

(a) Municipal (b) County
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5

Results

This section provides the results of my empirical analysis. To estimate the relationship

between income inequality and health I employ multiple specifications. These specifica-

tions are used to give insights to potential biases and to corroborate my findings. The

main specification will use municipal level data and relates changes in the sickness absence

rate to changes in 3-year lagged Gini coefficients. Thereafter, the same specification will

be repeated but on the county level to verify my findings and gain insights on potential

effects of socioeconomic segregation. Lastly, to corroborate these results an alternative

specification will be estimated on the county level. The change in income inequality will

be related to changes in the acute myocardial infarction (AMI) incidence rate (per 10.000

inhabitants). All the specifications follow the form of equation (3.3) and will be estimated

with both an OLS and 2SLS approach to potentially identify a bias and it’s direction. All

regressions control for a set of time-varying control variables and year fixed effects. The

standard errors are clustered at the relevant level of aggregation.

Sickness Absence rate - Municipal level

Table 5.1 investigates the relationship between changes in the income distribution and

changes in sickness absence rate1 at the municipal level. In the first column the naive

OLS is presented which does not address the reverse causality problem between income

inequality and health. The result shows a slight positive relation between income inequality

and population health. A one point increase in the Gini coefficient is associated with

decrease the sickness absence rate by only 0.001. This estimate is however not precise

enough and thus not statistically distinguishable from zero. Notable is the effect of the

1The sickness absence rate is defined as the number of sick days payed out by the Swedish social security

agency relative to the number of insured people (age 16-64) in a given year.
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county level unemployment rate on the sickness absence rate. The sickness absence rate

seems to be procyclical with increasing sickness absence in times of low unemployment. In

addition, the population size of a municipality seems to have positive effect on the sickness

absence rate. A one percent increase in population size increases the sickness absence rate

by about 0.05.

Table 5.1: Estimates of the effect of lagged income inequality on the sickness absence rate at the

municipal level

Municipal level OLS First Stage Reduced Form 2SLS

∆Sick rate ∆Ginit−3 ∆Sick rate ∆Sick rate

∆ Ginit−3 -1.066 25.288

(5.932) (82.129)

∆ Estimated Ginit−3 0.085*** 2.150

(0.030) (7.064)

∆ Log(population) 4.928** -0.063*** 5.061** 6.643

(2.244) (0.011) (2.214) (5.790)

∆ Log(Median Income) -1.263 -0.029* -1.213 -0.473

(3.735) (0.018) (3.742) (4.600)

∆ Unemployment rateb -0.128*** -0.000 -0.128*** -0.122***

(0.030) (0.000) (0.030) (0.035)

∆ Share of foreign born -7.696 0.095 -7.892 -10.287

(6.220) (0.062) (6.166) (9.616)

∆ Share Population with - 9.473 -0.128*** 9.621 12.856

Post-Secondary Education (6.826) (0.036) (6.785) (12.697)

∆ Log(Public expenses pc) 0.091 -0.001 0.092 0.107

(0.312) (0.002) (0.312) (0.320)

Constant 0.942***

(0.139)

Observations 1,734 1,734 1,734 1,734

Year fixed effects X X X X

R-squared 0.769 -0.003

F-statistic 335.1 8.099 4.616

Dependent coefficient represents the change in the local sickness absence rate (see section 4). b County-level

unemployment rate. Standard errors clustered at the municipal level.*** p<0.01, ** p<0.05, * p<0.1
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To tackle the problems caused by reverse causality and measurement error I use an

instrumental variable analysis. I instrument for changes in the actual Gini coefficient with

changes in the predicted Gini coefficient in an area. In the last three columns of table

5.1 the three components of the 2SLS model are shown. The first stage, displayed in the

second column, is an important step for two reason: first, the F-statistic determines the

strength of the instrument, weak instruments lead to a bias towards the OLS estimate;

second, a strong relation between the actual and predicted Gini suggest that the changes

in the local income distribution are driven by trends in national income growth. When

estimating a 2SLS with one endogenous regressor and one instrument the rule of thumb

for deeming a instrument is weak is comparing the F-statistic to a critical value of 10. By

this rule my instrument in table 5.1 is weak and thus biased. The next step is to see how

large this bias is. In the paper by Stock and Yogo (2005), the authors provide tables with

different critical values that can be used to test, with approximately a 5% significance

level, if the maximum relative bias is at least 10%, 15%, 20% or 25% of the OLS bias. The

Stock-Yogo weak identification test critical values with one regressor and one instrument

are: 16.38, 8.96, 6.66 and 5.53 for the respective 10%, 15%, 20% and 25% levels. This

means that with a F value of 8.099 the maximum relative bias is at least 20% of the OLS

bias.

In the third column of table 5.1 the reduced form results are presented. The reduced

form can be interesting as it shows the effect of the instrument itself on the local population

health. The coefficient for the effect of income inequality has flipped signs and is still

statistically indistinguishable from zero. The final column contains the IV estimates, in

which the change in actual gini coefficient is instrumented by the change in the predicted

gini coefficient. The coefficient of interest is positive but statistically insignificant. An

increase in income inequality thus seems to deteriorate municipal population health by

increasing the sickness absence rate. An one standard deviation increase in the Gini

coefficient (0.0385) is related to a 0.97 (0.0385 × 25.288) day increase in the sickness

absence rate.

Compared to the naive OLS the the IV estimate is larger and the sign of the estimate

is flipped. This might be due to the in- and out-migration of households. From the first

stage we can see that the predicted Gini coefficient instrument, yet statistically significant,

does not have a strong relationship with the actual Gini coefficient. This suggests that

most of the variation in the actual Gini coefficient does not stem from national trends in

income growth but from other sources. The in- and out migration of households could have
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biased the OLS estimate and created a positive relationship between income inequality

and health. For instance, if a decrease in the health of the local population encourages out-

migration of the richer households, then inequality decreases as well because the poorer

households with fewer economic opportunities stay behind.

Sickness Absence rate - County level

The estimation done in table 5.1 is repeated in table 5.2 but now on the county level.

Comparing results on two different aggregation levels can potentially give us insights on

socioeconomic segregation effects. In addition, any unobserved time-varying county effects

that plagued the municipal estimation are now absorbed by this specification. A down side

of estimating this relationship on the county level is the sharp decrease in observations as

Sweden has only 21 counties. The results for the OLS regression in the first column show a

positive relationship between the lagged gini-coefficient and the sickness absence rate. An

one standard deviation increase in the Gini coefficient is associated with an approximate

.45 (0.0309 × 14.685 ≈ .45) increase in the sickness absence rate. To combat potential

reverse causality bias between income inequality and population health I estimated a

2SLS model. The results of this can be found in the last three columns of table 5.2. Apart

from the fact that the IV estimates are very imprecisely measured they are mostly likely

also biased. The estimate is biased because the first stage F-statistic is no where near the

critical value to be considered a strong instrument. A weak instrument means that the

predicted local gini coefficient is not correlated with the gini coefficient and thus does not

solve the endogeneity problems.

Comparing tables 5.1 and 5.2 could potentially reveal signs of socioeconomic segrega-

tion. Counties could be socially segregated into socioeconomically homogeneous munici-

palities. Especially in populous area’s with many municipalities e.g. Stockholm’s county.

Socioeconomic segregation could mask the level of income inequality on the municipal level

potentially creating a negative association between income inequality and health. Using

a higher aggregate unit of observation would reveal this inequality and could result in a

positive association. When comparing the income inequality estimates in tables 5.1 and

5.2 we do see this inverse relationship change into a positive one. This suggests that the

unit of aggregation is an important factor in estimating the relationship between income

inequality and health. Yet, both estimates are imprecisely measured and thus not sta-

tistically distinguishable from a null effect. Perhaps the county level is too large to be

socially segregated in to municipalities. Comparing the municipal level with estimates on
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the neighborhood level might show more promising results like in the paper by Henriksson

et al. (2010). Moreover, to better investigate the effect of social segregation on the asso-

ciation between inequality and health estimating a multilevel regression might be more

appropriate.

Table 5.2: Estimates of the effect of lagged income inequality on the sickness absence rate at the

county level

County level OLS First Stage Reduced Form 2SLS

∆Sick rate ∆Ginit−3 ∆Sick rate ∆Sick rate

∆ Ginit−3 14.685 -131.189

(33.920) (598.982)

∆ Estimated Ginit−3 0.070 -9.122

(0.105) (38.168)

∆ Log(population) 7.997 -0.071** 7.181 -2.097

(7.000) (0.032) (7.571) (39.406)

∆ Log(Median Income) -15.137 -0.012 -15.386 -16.915

(17.998) (0.038) (17.580) (17.786)

∆ Unemployment rate -0.099* -0.000 -0.102* -0.125

(0.054) (0.000) (0.053) (0.119)

∆ Share population foreign born 48.735 0.244* 50.684 82.721

(43.016) (0.133) (48.947) (133.385)

∆ Share Population with - 42.095* -0.267*** 38.802* 3.773

Post-Secondary Education (23.280) (0.095) (20.711) (162.042)

∆ Log(Public expenses pc) -1.557 -0.003 -1.615 -1.985

(1.277) (0.006) (1.245) (1.897)

Constant -2.468***

(0.613)

Observations 126 126 126 126

Year fixed effects X X X X

R-squared 0.910 -0.170

F-statistic 97.10 0.443 4.089

Dependent coefficient represents the change in the local sickness absence rate (see section 4). Standard errors

clustered at the county level.*** p<0.01, ** p<0.05, * p<0.1
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Acute Myocardial Infarction - County level

Table 5.3 presents the additional results for the effect of income inequality on the Acute

Myocardial Infarction (AMI) incidence rate (per 10.000 inhabitants) at the county level.

The specification follows the same form described by equation 3.3. Compared to the

previous specifications one extra control variable is added, the share of the population

which is 65 years of age or older. Because the risk of a heart attack increases with age

this is an important variable to include. In the first column the results for the naive OLS

specification is shown. The lagged effect of income inequality is positively related to the

AMI incidence rate but not statistically significant. The OLS estimate suggest that a one

standard deviation (0,0385) increase in the Gini coefficient increase the AMI incidence

rate per 10.000 with 4,5 heart attacks (0.0385× 117.192).

The 2SLS approach, shown in columns 2 to 4, suffers from the same problem as it did

in table 5.2: a weak instrument. On the county level, the predicted Gini coefficient is not

correlated with the actual Gini coefficient leaving the endogeneity problem unsolved. The

reduced form can be of interest as it uses the national trends in income growth but freezes

the distribution of households in a locality. This thus inhibits the in- and out mobility of

household in search of certain levels of inequality or population health. The point estimate

for the effect of predicted income inequality suggests an one standard deviation increase

of predicted Gini coefficient (0.0309) would raise the AMI incidence rate by 15,86 heart

attacks per 10.000 inhabitants which in relation to the average AMI incidence rate is equal

to an increase of 30%.

Robustness and sensitivity checks

Table C.2 in appendix C provides the results of several robustness and sensitivity tests

for all three specifications discussed above. All results are IV estimates with clustered

standard errors in the round brackets and the first stage F-statistic in the square brackets.

The first row displays the baseline estimate for easy comparison. The second row addresses

the concern that long-standing patterns of income inequality could potentially have an

additional independent effect on population health, other than through the instrument.

To test this I add the initial 2004 gini coefficient along side the other variables in the

2SLS regression. Long-standing patterns of income inequality do not appear to have an

independent affect on population health. In the third row I exclude outliers from the data

set. Outliers are defined as observations with the largest and smallest 1% changes in both
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Gini coefficients and/or population health. Outliers seem to enlarge to effect but not drive

the estimate.

Table 5.3: Estimates of the effect of lagged change in Gini coefficient on the Acute Myocardial

Infarction (AMI) rate per 10.000 inhabitants at the county level

County level OLS First Stage Reduced Form 2SLS

∆AMI ∆Ginit−3 ∆AMI ∆AMI

∆ Ginit−3 117.192 7,113.736

(106.885) (10,976.474)

∆ Estimated Ginit−3 0.072 513.528*

(0.105) (297.063)

∆ Log(population) 27.105 -0.087** -1.812 616.418

(94.339) (0.043) (98.240) (879.895)

∆ Log(Median Income) 116.422 -0.010 120.002 189.613

(138.526) (0.037) (143.146) (291.787)

∆ Unemployment rate 0.346 -0.000 0.342 1.659

(0.448) (0.000) (0.445) (2.482)

∆ Share population foreign born -111.266 0.213 -20.050 -1,532.689

(228.937) (0.158) (274.824) (2,590.904)

∆ Share Population with - -439.715** -0.254** -494.291* 1,310.553

Post-Secondary Education (207.886) (0.098) (255.545) (3,010.435)

∆ Share population 65+ -781.674* -0.140 -864.718* 131.343

(415.603) (0.298) (505.993) (2,343.185)

∆ Log(Public expenses pc) 6.660 -0.004 6.715 31.924

(10.146) (0.007) (11.205) (45.248)

Constant 3.030

(3.748)

Observations 126 126 126 126

Year fixed effects X X X X

R-squared 0.185 -10.126

F-statistic 4.906 0.475 0.686

Dependent variable represents the change in the heart attack incidence rate per 10.000 individuals. Standard

errors clustered at the county level.*** p<0.01, ** p<0.05, * p<0.1

Furthermore, in the main specification all permanent area effects that might be corre-

lated with income inequality are controlled for by method of first differencing. A potential

concern is that unobserved time-varying local characteristics may confound my estimates.

One method to asses whether this is a valid concern is to see if the results change when
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dropping the all time-varying local control variable. The results of this test, which can be

found in row four of table C.2, suggest that unobserved evolving local factors might be a

concern.

To further investigate this concern I include county-by-year fixed effects to the munic-

ipal level specification. This put strain on the available variation as the specification now

only relies on between municipalities within a county. The results of this strategy suggest

that there might be county-level difference which affect all individuals in a county. This

could for example be changes in the regional health care or the sickness absence regulation.

In the 6th row I add the level public spending on area’s which might be endogenous to

local population health to check the sensitivity of my results. The local endogenous public

spending is defined as sum of the net cost per capita for child care, education, elderly

and disabled care and benefits. The endogeneity on the municipal level might stem from

reverse causality as the amount funding for these area’s of government is often decided on

the county level. Municipalities which who experience decreases in the quality of health

care or education could be compensated with extra funds leading to potential negative

association. This negative association is also found in the municipal level specification

with a coefficient of -2.049 and a standard error of (1.409318). On the county level this

alternative specification seems to only increase the coefficients slightly.

As discussed earlier, the effect of income inequality most likely does not have an in-

stantaneous effect on health, yet the exact lag is still up for debate. In row seven and eight

I alter the lag period to five and zero years of lag. Adding more lag tightens the available

data more, especially on the county level. The differently lagged gini coefficients sug-

gest alternative relationships between income inequality and health with either stronger-,

weaker- or even inverse relationships, however none of the estimations are statistically

significant or have conventionally “strong” instruments.

Previous research occasionally has a narrowed focus on larger cities or more populous

area’s. Osler et al. (2002, 2003) examined the relationship between income inequality

and health in Copenhagen (Denmark), Rostila et al. (2012) analysed the population of

Stockholm (Sweden). The paper by Dahl et al. (2006) even found evidence of a stronger

income inequality association when including major Norwegian cities into the specification.

Income inequality might have a heterogeneous effect in urban or populous areas compared

to rural areas. To test this I only include municipalities that have populations larger or

equal to the 75th percentile of the population distribution. The results in the 9th row

suggests that the relationship between income inequality and the sickness absence rate
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is stronger in populous municipalities, yet the estimate is not statistically significant and

biased towards to OLS due to a weak instrument.

Lastly, in my main specification I cluster the standard errors (SEs) on the relevant

aggregate level to combat serial correlation and allow for arbitrary correlation within

groups. However precise estimation of within group correlation requires a sufficient amount

of groups. When using clustered SEs with too few group the probability of rejecting a

true null hypothesis increases. On the county level there are only 21 groups which leads

me to compare the clustered SE’s with the robust SEs. When clustered SEs are smaller

than the robust SEs the amount of groups is too small. In the last row we can see that

this is not the case and that using clustered SEs is good.

Five year first difference specification

In the main specification the permanent component is absorbed by first differencing equa-

tion 3.1. This in done by taking the equation 3.1 in a given year and subtracting the

same equation one year earlier 2. When estimating equation 3.3 you hence use changes

in income inequality that accrued over a single year as variation. This variation in the

Gini coefficient is relatively small as is visible in figures 4.2. In table C.3 of appendix

C I increased this change to the variation accrued over five years. This is done for the

main specification relating chances in the Gini coefficient to to changes in the sickness

absence rate on the municipal level. Increasing the amount of years that the variables

accrue variation over will still remove the permanent component in the error term but it

has two additional effects. First of all, the variation over any two given time period will

increase. This could make it easier to find significant and more precise results as large

effects are easier to confirm. Second, the amount of observations decreases as you increase

the difference. For example, in a decade of data you obtain nine different first difference

observations with variation accrued over a single year. Increase the variation to changes

over five years and you only obtain five different observations per decade of data 3. Fewer

observations also limits you capabilities of credibly finding effects. Choosing the right

first difference time period thus creates a trade-off between observations and variation. In

addition to checking this trade-off, there might be some merit in increasing the first differ-

ence time period from a theoretical perspective. Yearly deviations in the Gini coefficient

might not have such a strong effect on population health, perhaps only larger, long-term

2(yit − yi(t−1)) = (β(Gini)it − β(Gini)i(t−1)) + (γXit − γXi(t−1)) + (µi − µi) + (uit − ui(t−1))
3for example in the 2000’s with a five year difference: ’00-’05 till ’04-’09 = 5 observations
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deviations have an impact on health.

The results in table C.3 of appendix C suggest a inverse relationship between income

inequality and health on the municipal. The first column presents OLS estimates which

indicate that a two point increase in the Gini coefficient decreases the sickness absence

rate by almost one day. Nonetheless, the OLS is a naive estimation as it does not control

for endogeneity issues like reverse causality. From the second column we can see that

the first stage F-statistic is large enough to deem the instrument “strong”, according to

the conventional critical value of ten. The IV estimate in column four suggests a stronger

relation between the Gini coefficient and the sickness absence rate, yet it is not statistically

distinguishable from a null-effect. The stronger effect could indicate that the instrument

is correcting for local measurement error as it only uses national variation. Measurement

error biases estimate towards zero.
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6

Discussion

The main results in tables 5.1, 5.2 and 5.3 show no statistically significant effects of income

inequality on health. The robustness and sensitivity test in table C.2 of appendix C do

not change these results. They do suggest that the findings are sensitive to different lag

periods of the income inequality and unobserved time varying characteristics. In addition,

suggestive evidence is found of a stronger relationship in more populous municipalities.

These findings are in line with other research investigating the income inequality hy-

pothesis in a similar setting (Gerdtham and Johannesson, 2004; Grönqvist et al., 2012;

Osler et al., 2002). These results could support the argument that income inequality needs

to cross a certain threshold in order to affect population health Lynch et al. (2004); Kondo

et al. (2009). However, other papers have shown that there are health effects associated

to income inequality in Sweden and other egalitarian countries (Rostila et al., 2012; Dahl

et al., 2006). Perhaps these insignificant findings are not due to the low level of income

inequality but due the Swedish extensive welfare state. Publicly financed health care, edu-

cation and other social services might compensate for the adverse health effects of income

inequality. It is clear that the specific context of this analysis is important and that any

results might not be externally valid.

Limitations

One of the main limitations of my thesis is the unavailability of proper data on the individ-

ual level. This affects my analysis in several ways. First of all, I construct the inequality

variables from total employment income, pre-welfare state redistribution. Including taxes

and transfers is likely to reduce income inequality measure substantially (Fritzell, 2005).

My results could thus be seen more as an upper boundary of the effect of income inequality.
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Furthermore, the use of employment income neglects the way that other forms of wealth

and status could play a part in the association between health and inequality. The share

wealth of the upper class which in due to employment is often smaller than that of lower

socioeconomic classes. Using a broader term of wealth could thus increase the perceived

inequality compared to using income inequality as measure.

Second, the restricted accessibility of individual level data, especially income, makes it

difficult to make valuable inferences. In the paper by Wagstaff and Van Doorslaer (2000)

the authors explain that without individual level data I can not discriminate between

several income inequality hypotheses brought forth by the literature. For example, the

absolute income hypothesis, as mentioned in 2, states that because the relation between

individual health and income is concave/non-linear there is a mechanical relation between

income inequality and population health on the aggregate level, even if income inequality

it self has no effect on individual health. Without individual level data I thus can not

distinguish between the potential effects of income inequality and the effects of individual

income it self. Yet perhaps the effect of income inequality follows the Relative Income

Hypothesis were a person’s relative distance to the average population income determines

the severity of the effect. Clearly you need individual level income data to test this

hypothesis.These is only two of several hypotheses which relate individual health to income

inequality, for which I am unable to discriminate between. Moreover, individual level data

is valuable for being able to more credibly control for confounding variables.

Lastly, I was restricted to using income data divided into brackets for the construction

of my instrument. Compared to the papers which first explored the method for construct-

ing the income inequality instrument, Boustan et al. (2013) and Enamorado et al. (2016),

which used individual level income. This limited my ability to divide the population into

individual percentiles and I had to make do with percentile ranges. This limitation on

precision could be part of the reason for the weak correlation between the actual income

distribution and the predicted instrument. The weak instrument biases the 2SLS estimate

in the same direction as the OLS estimate and leaves the endogeneity problem unsolved.

However it could also be due to the context of the analysis. The research by Boustan et al.

(2013) and Enamorado et al. (2016) focused on the United States and Mexico, respectively,

with different time period which could have let there instrument to correlate more with

actual income inequality.

As discussed earlier in section 3, in order for the instrument to be valid two conditions

need to be fulfilled : Exogeneity & Relevance. The exogeneity condition difficult to test

32



and might not plausibly hold in this instance. National trends in income growth, which

are the basis of the instrument, might no be exogenous to population health but affect

it in another way than via the instrument. For example, shocks to the economy that

create the variation in income growth might have an effect on population health through

booms or busts of certain industries. Particular industries that do well in certain times

could produce income growth and health affects at the same time. This thesis is not able

to tests or address this potential violation of the instrumental variable condition. Future

research that uses the method for instrumenting income inequality as explored by Boustan

et al. (2013) and Enamorado et al. (2016) should focus on testing the conditions of the

instrument.
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7

Conclusion

This thesis examines the association between income inequality and population health

on the municipal and county level. Concerns about endogeneity problems, like reverse

causality, are address by instrumenting income inequality. Overall, the results show no

statistically significant effect of income inequality on population health. This result is not

sensitive to the measure of health used or level of aggregation. Additional tests suggests the

potential relevance of lagging the income inequality variable and of heterogeneous effects

in populous area’s. Future research should use individual level data to better control for

possible confounding variable.
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Appendix A

Imputation of Missing Values

The income variables gathered from Statistics Sweden initially suffered from missing val-

ues, which where found almost exclusively in the top income brackets. About 1% of all

the data was missing or censored. Statistics Sweden censures income brackets when the

number of people in a single bracket is smaller than four. This happens for the following

variables: Number of people -, average income -, median income - and total income in a

given income bracket. Often smaller, more equal municipalities with few individuals in

the highest income brackets suffer from top-coding. When calculating income inequality

measures top-coding cause the measure to be biased downwards.

Fortunately, Statistics Sweden reports both the total number of people in a locality and

the number of people in each income bracket. This allows me to take the difference between

the reported total population and the sum of the number of people in all the 25 income

brackets. This difference is equal to the total number of people in the censored brackets.

When imputing missing values you will always have to make certain assumptions about the

data. I assume that in any given income distribution the frequency of individuals does not

increase with income i.e. there are fewer or an equal amount of people in each successive

income bracket with a missing value. I imputed the missing values following a simple

process which leads to a smooth income distribution whilst using as much information

about the missing values and the censoring as possible. The process goes as follows: Pick

the lowest income bracket with a missing value, impute a number of three individuals as

long as the number of censored people is higher than three. Then subtract three from the

total number of censored people and move to the next bracket with a missing value. When

the left over number of censored people is lower than three then I impute the remainder,

if not repeat the previous procedure. For example, the last three income brackets, number

23 till 25, are all censored and the difference between the reported population and the
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sum of the brackets is equal to five. Follow my imputation method the 23rd and 24th

bracket are imputed with three and two individuals, respectively, and the last bracket is

with imputed with zero. After this exercise the data set containing the number of people

in each income bracket has no more missing values.

With this updated data set, I can tackle the missing values in the variables of average

-, median - and total income in each income bracket. I started with the latter variable and

used a similar tactic as before. I took the difference between the reported total income

and sum of all the income brackets. Now with the updated data set on the number of

people in each bracket I could easily fill in municipalities and years where only 1 bracket

was missing. For all the other cases were multiple brackets where missing I had to make

an additional assumption. I assumed that the missing value would not change and take

the value of the previous year. This is not the most realistic assumption however it does

conserve the previously established differences across localities.
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Appendix B

Figures

Figure B.1: National growth of average income for each percentiles in the income distribution
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Figure B.2: Relation between change in 3-year lagged Gini coefficient and change in sickness

absence rate. (municipal level data for selected counties)

Figure B.3: Relation between change in 3-year lagged Gini coefficient and change in acute myocar-

dial infarction incidence rate (per 10.000 inhabitants).
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Figure B.4: Relationship between the 5-year change in the actual and estimated Gini coefficients
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Appendix C

Tables

Table C.1: Descriptive Statistics for the municipal and county level variables

Municipal level County level

Mean Std. dev. Mean Std. dev.

Gini coefficient 0.310 0.0385 0.326 0.0286

Estimated Gini Coefficient 0.306 0.0410 0.325 0.0309

Sickness Absence Rate 12.29 4.086 11.76 3.638

Hearth Attack incidence rate per 10.000 ... ... 51.69 11.22

Unemployment rate ... ... 7.340 1.497

Average Incomea 270.9 45.32 270.3 33.83

Median Incomea 267.9 37.66 267.1 33.54

Population 18,710 40,521 257,897 300,019

Share population foreign born 0.117 0.0594 0.121 0.0444

Share population 65+ 0.216 0.0413 0.203 0.0234

Share Population with - 0.330 0.105 0.387 0.0622

Post-Secondary Education

Exogenous Public Expenses pcb 5,664 1,297 5,790 957.1

Endogenous Public Expenses pcc 36,969 4,677 37,468 4,181

No. of observations 4,335 315

a In thousand of Swedish crowns.b Defined as sum of the net cost per capita for infrastructure, political activities,

culture and recreation. c Defined as sum of the net cost per capita for child care, education, elderly and disabled

care and benefits.”...” data unavailable.
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Table C.2: IV estimates: Robustness & Sensitivity Checks

Municipal County County

∆Sick ratea ∆Sick ratea ∆AMIb

∆ Lagged Ginit−3 ∆ Lagged Ginit−3 ∆ Lagged Ginit−3

1. Baseline 25.288 -131.189 7,113.736

(N=1,734, 126, 126) (82.129) [8.099] (598.982) [0.443] (10,976.474) [0.686]

2. Initial Gini 22.276 -54.876 10,608.186

(N=1,734, 126, 126) (72.308) [10.65] (681.874) [0.274] (19,590.767) [0.272]

3. No Outliers 14.997 -218.435 6,252.570

(N=1,676, 122, 120) (128.896) [1.364] (701.663) [0.381] (15,494.495) [0.121]

4. No time-varying controls -74.388 -84.564 2,708.715

(N=3,179, 231, 210) (88.680) [8.037] (166.801) [6.516] (2,233.157) [3.071]

5. County-year FE 67.008 ... ...

(N=1,734,.... ,...) (83.420) [5.582] ... ...

6. Endogenous Public spending 23.957 -184.288 8,423.141

(N=1,734, 126, 126) (80.661) [8.330] (779.254) [0.305] (15,013.275) [0.330]

7. Five year lag -11.596 86.792 -1,609.578

(N=1,156, 84, 84) (62.436) [6.936] (212.418) [0.974] (2,507.639) [0.993]

8. No lag 65.890 457.445 1,532.237

(N=2,601, 189, 189) (195.731) [2.219] (441.543) [3.256] (1,279.811) [3.341]

9. Large Muni. 180.718 ... ...

(N=430, ... ,...) (111.2337) [2.485] ... ...

10. No clustered errors ... -131.189 7,113.736

(N=..., 126, 126) ... (446.802) 0.550 (9,677.474) [0.592]

All results are IV estimates with an alternative specifications of equation 3.3.a Change in the local sickness

absence rate. b Acute Myocardial Infarction incidence rate (see section 4). All specifications include the following

additional controls: ∆ Log(Population), ∆ Log(Median income), ∆ County-level Unemployment rate, ∆ Share

population foreign born, ∆ Share population university educated, ∆ Log(Public Expenses pc). Standard errors

clustered at the municipal and county level in the round brackets. First stage F-value in the square bracket. ***

p<0.01, ** p<0.05, * p<0.1
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Table C.3: Five-year first difference estimate of the effect of lagged income inequality on the sickness

absence rate at the municipal level

Municipal level OLS First Stage Reduced Form 2SLS

∆Sick rate ∆Ginit−3 ∆Sick rate ∆Sick rate

∆ Ginit−3 -44.552** -92.728

(17.616) (82.816)

∆ Estimated Ginit−3 0.242*** -22.481

(0.075) (20.893)

∆ Log(population) 17.607*** -0.037*** 19.237*** 15.852***

(3.541) (0.010) (3.500) (4.307)

∆ Log(Median Income) -5.120 -0.135*** 0.631 -11.932

(9.383) (0.023) (8.464) (15.132)

∆ Unemployment rate b -0.402** -0.000 -0.380** -0.419**

(0.174) (0.001) (0.177) (0.178)

∆ Share of foreign born -9.659 0.101* -14.058 -4.702

(13.516) (0.053) (13.037) (17.126)

∆ Share Population with - 9.185 -0.041 11.423 7.636

Post-Secondary Education (11.436) (0.045) (11.339) (12.299)

∆ Log(Public expenses pc) 1.263 0.001 1.206 1.334

(0.854) (0.002) (0.856) (0.883)

Constant -5.635***

(1.661)

Observations 578 578 578 578

Year fixed effects X X X X

R-squared 0.165 0.087

F-statistic 16.48 10.55 11.99

The ∆ represents the change in the variable accrued over 5 years instead of one year. Dependent coefficient

represents the change in the local sickness absence rate (see section 4). b County-level unemployment rate.

Standard errors are clustered at the municipal level. *** p<0.01, ** p<0.05, * p<0.1
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