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ABSTRACT

Income Inequality and Health: .
Lessons from a Refugee Residential Assignment Program

This paper examines the effect of income inequality on health for a group of particularly
disadvantaged individuals: refugees. Our analysis draws on longitudinal hospitalization
records coupled with a settlement policy where Swedish authorities assigned newly arrived
refugees to their first area of residence. The policy was implemented in a way that provides a
source of plausibly random variation in initial location. The results reveal no statistically
significant effect of income inequality on the risk of being hospitalized. This finding holds also
for most population subgroups and when separating between different types of diagnoses.
Our estimates are precise enough to rule out large effects of income inequality on health.
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1. Introduction

This paper investigates how income inequality afféealth for a group of particularly
disadvantaged individuals: refugees. An enormdasaliure in several disciplines has
shown that inhabitants in areas with greater incoregquality suffer from worse health
and higher mortality rates (see reviews by e.gt@ea003; Leigh, Jencks and
Smeeding 2009; Wilkinson and Pickett 2006). The mtade of the estimates in some
of these studies is strikingly large. For instariggich et al. (1998) find that the annual
loss of lives from income inequality in the US @parable to the combined loss of
lives from lung cancer, diabetes, motor vehiclesloes, HIV, suicide and homicide. If
valid, the results suggest that the rising levéis@me inequality witnessed in many
industrialized countries during the past decadest§éhalk and Smeeding 2000) may
have far reaching consequences for public healthttzat policies to combat inequality
can bring major health benefits to society (seeWigdman 2003). Since many
disadvantaged minority groups live in areas charasd by high levels of income
inequality they are especially exposed to theseatsr(Deaton and Lubotsky 2003).
Even though minorities in general suffer from wansalth (see e.g. Loue 1998) little is
actually known about the relationship between imdiguand health for these groups.
There are two theories linking income inequalithé&alth. The first is the
“strong” income inequality hypotheses which stdkes inequality itself matters,
regardless of an individual’'s own income level. &al explanations have been
proposed for why inequality might matter at allonte levels. One is through political
influence. Well off individuals are more likely participate in political activities
(Benabou 2000). In unequal societies rich indivislggay more to the government in

terms of taxes than the transfers and servicesrdoeyve. They may therefore support



policies that favour less public spending. Thisldaesult in worse health care
(Kawachi et al. 1997). It has also been suggesisdequality erodes social capital
(i.e. interpersonal trust) and increases the sds&nce between people, which in turn
has been posited to influence health through psahal stress, self-destructive
behaviour and civic involvement (Kaplan et al. 1996

The “weak” income inequality hypothesis (also adlilee relative deprivation
hypothesis) states that what matters for healdmimdividual’'s income relative to his
reference group. In this framework individuals assumed to compare themselves to
others who are more advantaged while ignoring tindszare less advantaged. Being
relatively more disadvantaged is believed to ramghosocial stress and thereby
adversely impact health (e.g. Wilkinson 1997; Marreical. 1991)There is plenty of
evidence in the biological literature that link$atere social status to both physical and
mental healtH.

As already mentioned, numerous articles have bablisped on the
relationship between inequality and health durlmgpast decades. These have been
carefully reviewed by e.g. Deaton (2003); Judgelligtan and Benzeval (1998); Leigh,
Jencks and Smeeding (2009); Lynch et al. (199&);Vdiikinson and Pickett (2006).
Most of these studies are based on cross-countitgoes-state comparisons and the
general conclusion is that inequality strongly detates health outcoméslo mention
a few, Waldmann (1992) finds that greater crossittgunequality is associated with
significantly higher infant mortality rates. Kaplahal. (1996) show that US states

characterized by high levels of inequality havehleigmortality rates.

! Deaton (2001) and Eibner and Evans (2005) citerséstudies.

2 Only a handful aggregated level studies find mmisicant effect. One example is a study by Leigh a
Jencks (2007) who show that the top decile incamagesdoes not affect population health in a pahel o
developed countries.



Individual level studies have until recently beearse. The reason is that there
has been limited data on health outcomes at theiduadl level. In recent years an
increasing number of health surveys have howeven benducted and there are now
several individual level studies on the topic. @G¥ethey show a weaker relationship
between inequality and health than in aggregat stredies (Deaton 2003). Fiscella and
Franks (1997), Lochner et al. (2001) and Soobadela Clere (1999) only find a
small effect of income inequality on self-reportezhlth. Mellor and Milyo (2002) are
able to control for unobserved regional charadiegsising panel data from the US on
self-reported health. After adjusting for househaltbme and regional level fixed
effects they no longer find any evidence that iradityiaffects health.

Some individual level studies explicitly examine thieak income inequality
hypothesis. One study of particular interestg idtawyes and Wildman (2008) who use
rich data from the British Household Panel Sunegxamine the effect of relative
deprivation on self-reported health. A key featofr¢his study is that they use the
longitudinal properties of the data to control flee potential influence of persistent
unobserved individual confounders. They find that dbserved association essentially
disappears when estimating models that accounirfobserved individual
characteristicd.Gerdtham and Johannesson (2004) use perhapstiestriata set up to
now (Swedish register data merged to survey inftionpand are to the best of our
knowledge the only study that has been able taidigtate between the effects of own
income, relative income and income inequality. Thieg that mortality decreases

significantly as individual income increases, thdre is no evidence that relative

% Lorgelly and Lindley (2008) who also use the BiitHousehold Panel Survey document similar results.



income differences or income inequality mattersnfiartality in Swederd.Gravelle and
Sutton (2009) also find only weak evidence in suppbthe relative deprivation
hypothesis. Other individual level studies docuneesignificant positive association
between relative deprivation and health but ardlent credibly control for the
influence of confounders (e.g. Eibner and Evan$d2®iller and Paxon 2006;
Subramanyam et al. 2009). Mangyo and Park (201dptaah instrumental variables
approach to correct for measurement error in gwvey data and show that increased
exposure to relative deprivation deteriorates sgbrted health, and that this
relationship is especially strong among neighbaumd relatives.

There are at least three reasons to be conceroed thie results in most
previous studies. First, if individual health is@ncave function of income, there will be
a mechanical correlation at the aggregate leveldw inequality and health even if
inequality has no effect on health (see e.g. Glawtlal. 2002; Miller 2001). To
measure the effect of inequality on health it exéfiore essential to use individual level
data® Second, in cases when individual level data alsthalve been used then the
inequality measures often have been estimated ¢meggting information contained in
small sample surveys. It is likely that this apmtogenerates measurement error, which
biases the estimator downwards (Deaton 2003). milght explain why many
individual level studies find a weaker relationshgtween income inequality and
health® Third, the relationship between inequality andltheaay be spuriously driven

by non-random sorting of individuals across regi@asusality could also run in the

“It is not possible for us to study relative deptiva among refugees’ since all refugees were placed
social assistance during the initial period in Seredhich means that there is very little variatioown
income between these individuals.

® Wagstaff and van Doorslaer (2000) provide a disiomsof the advantages of individual level data.

® A further complication is that the measuremenprsrmay not be random. This may for instance be the
case when living in a high inequality area chaigestandards what counts as good or bad health.



opposite direction if people with worse health lass able to work and therefore have
lower earnings (e.g. Cutler, Lleras-Muney and V2@10). Most past investigations
control for potential confounders but in the abseoftca controlled randomized
experiment it is impossible to rule out the ris&ttthe observed relationship is a result
of omitted variables or reverse causality. No prasistudy has been able to
convincingly address these potential concerns.

We circumvent these methodological problems udgtigregister data coupled
with a Swedish refugee placement policy where aittes during the years 1985-1994
assigned newly arrived refugee immigrants to tfiest area of residence. The
institutional setup generates a setting in whidh filausible to assume that initial
exposure to income inequality is randomly determhioenditional on a few key
individual characteristics. The policy has beerduseseveral previous studies to
investigate peer and neighborhood effects amonmeefs (see e.g. Edin, Fredriksson
and Aslund 2003; Aslund and Fredriksson 2009; Adleinal. 2011).

Our data originate from administrative records ender the entire Swedish
population aged 16—65. The data contain the exaghdsis on all individuals admitted
to Swedish hospitals from 1987 to 2004 as well asda range of standard individual
characteristics, income measures, and geograpntifiérs. We measure income
inequality at the municipal level using disposahmme. We employ several
measures: the Gini Coefficient; the CoefficienMatriation; the (log) 90 to 10
percentile income ratio. Sweden has a compressedia distribution but our analysis
focuses on a period in which the country was hialsygnificant economic recession

due to a major banking crisis (see e.g. Englun®@)1L9Bhe cross-municipal cross-year



variation in our data is therefore large and iteyespans the average Gini Coefficient
in countries like the US and the UK.

Our study offers several innovations over the exgsliterature. Most
importantly, this is the first study to explicittkamine the impact of inequality on
health for a minority group. This is important apesure to high levels of inequality
may help to explain why some minority groups suffem worse health outcomes
relative to the overall population.

Our study is also the first one to use a sourqaafsibly random variation in
exposure to inequality to uncover the causal effedbealth. The most convincing
studies to date have instead relied on panel datarttrol for unobserved factors that
may correlate with inequality and health (see #oges and Wildman 2008; Mellor and
Milyo 2002).

Another major advantage is our data. The use wir@dtrative registers
allows us to compute accurate measures of inegdatithe entire population,
minimizing the risk of measurement error. To thetlw# our knowledge only a handful
of datasets link hospital records to populationstegs and this is the first time such
records are used to study this questidine fact that hospital records provide an
objective measure of health removes potential biasbealth self-reports. To
corroborate our findings we also consider two aléve health indicators: mortality
and sickness absence.

Another improvement is that we are able to studgtivér the potential effect

of inequality differs across subgroups of the papah that may be more susceptible to

" In the late 2000s, for instance, the Gini Coefiitiin the US and the UK was about .36 and .34,
respectively (OECD 2011). The Gini Coefficient iuralata varies betweeh9 and .50 and the within
municipality variation in inequality amounts to aib@d0 percent of the overall variation.

8 Grongyist (2009) uses similar data to study thieatof segregation on health.



negative health influences. We are especially @stexd in investigating groups that
differ in terms of education, gender and age. usample size restrictions and lack of
individual level data only few previous studies @édeen able to explore this question.

Our study also departs from the previous literatnrdat we consider the
consequences of long-term exposure to income itiggUaven though many of the
theoretical foundations of the income inequalitpbipesis seem to be more applicable
for long-term exposure the focus in the previotesditure has been on the
contemporaryeffect of inequality on health. We examine th&ues by constructing
measures of an individual’s average exposure tguialdy over multiple years and then
instrumenting for this variable using the leveldquality in the assigned area of
residence.

Our results suggest that a one standard deviat@mease in any of our
inequality measures raises the probability of bé&iagpitalized by between 1.4 and 2.5
percent. This estimate corresponds to between HA8@/20 of the health gap between
individuals with compulsory education versus unsitgreducation. Although these
estimates are not statistically significant they jarecise enough to discard that a one
standard deviation increase in inequality raisesptiobability of being admitted to
hospital by more than between 2.1 and 8.7 pertativeen 1/15 and 1/4 of the
educational health gap). In most subgroups theme evidence that inequality affects
the risk of being hospitalized. These conclusioesdaot change when we instead
consider long-term exposure to inequality or whenseparate between different types
of diagnoses. There is however some weak evidengasignificant adverse effect on
older persons’ health; but the magnitude of theafis not large and it is not significant

when using alternative health indicators. Our tssaile robust to several sensitivity



checks including other measures of health, othmnre concepts, and other geographic
units of analysis.

In thinking about the population to which our fings may generalize, it is
important to note that our sample is very socioeaanally disadvantaged. Sweden
actually has one of the largest immigrant-natifeedentials in the labor market among
the OECD countries, and particularly refugees suftem substantially higher rates of
unemployment and welfare dependency, poor eduataitainment and low incomes
(e.g. OECD 2007; Lundh et al. 2002). As the th@éeaches us that less affluent groups
are likely to respond stronger to exposure to amievel of inequality it suggests that
any effects of income inequality on health mayaatfmore easily be detected in this
sample. On the other hand, although our resultgesigtherwise, we cannot rule out
the risk that the level of inequality that the ggdes faced when entering Sweden was
too small relative to the level of inequality thexperienced in the country of origin, or
that refugees to a lesser degree do not compares#iees to other members of the
local community. These are issues important to keepind when assessing the scope
of extending our results to other populations.

The paper unfolds as follows. Section 2 explaiesitistitutional background
surrounding the placement policy and the Swedigiitiheare system. Section 3
describes our data and empirical strategy. Sedticontains the results and Section 5

concluding remarks.

2. Institutional background
This section discusses institutional facts surrinmthe settlement policy. We also

briefly outline the Swedish health care system.



2.1 Migration to Sweden and the settlement pdlicy

Sweden has a relatively large share of immigratisut 14 percent of its 9 million
residents are foreign-born. Since the late 197@srhjority of the immigrants arriving
are either refugees or family related immigrantgeQhe past decades, the relative
economic performance of the immigrants has beewliing downwards. There are now
large disparities in labor market outcomes betweenigrants and natives (OECD
2007). There is also a significant health gap betwenmigrants and natives. For
instance, our own estimations reveal that the oitibaof being hospitalized was in
1994 almost 9 percent higher among refugee immigitaian among the entire Swedish
population.

As a way of reducing a strong geographic conceaotraif immigrants, the
Swedish government enacted in 1985 a policy tgassewly arrived refugees to an
initial municipality of residence. Because of thegle inflow of refugees in the late
1980s, the number of receiving municipalities waseased from 60 to include 277 of
Sweden’s 284 municipalities in 1989. The expliaabgwas that the number of refugees
assigned to each municipality should constitutep2/Omille of the overall population
(Borevi and Myrberg 2010). The policy encompasdecetugees who arrived during
the period 1985-1994, except for family reunifioatimmigrants.

Following arrival, refugees were placed in refugestres, while waiting for
the Immigration Board’s ruling on whether or nogrant a residence permit. The
centres were distributed all over Sweden and tiwaeno link between the port of entry

to Sweden and the location of the centre. In géniétaok between three and twelve

® This section draws heavily on Aslund et al. (2011)
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months to be approved. Upon admission, municigedgyhent usually occurred
immediately by the placement officers at the Immiigm Board. A family was in this
process treated as a single unit. The original wigsto place people in locations with
good opportunities for work and education. Howesearce the housing market was
booming during this period it became very diffictdtfind housing. The placement
officers therefore placed refugees in municipaitsth available housing. Refugees
were allowed to move if they found housing in aeotlocation but were still required
to take part in an 18-month introduction progranthieir assigned municipality. During
the introduction period the refugees received $@ssistance. Eight years after arrival
about 50 percent were still living in their assigmeunicipality’® The dispersal policy
was later abolished in 1994 due to a large incremee number of refugees. In section
3.2 we discuss the arguments for why the placep@idy provides exogenous

variation in initial location.

2.2 The Swedish health care system

The county councils are the major financiers arviplers of Swedish health care.
There are 21 county councils and each council liged to provide its residents with
equal access to health services and medical caadthare is mostly financed through
local taxes. Each county council sets its own pafiees but a national ceiling limits the
total amount that a patient pays during a 12-meetiod (out-of-pocket). Thus, patient
fees only account for about 3 percent of the t@atnues. The daily fee for staying at a
hospital is about USD 15. There is free choicerof/er but referral is required in

some cases, particularly when patients seek spmsziatare, or when they choose health

19 Males and younger individuals were more likelyrtove. In general, those who moved tended to go to
larger urban areas.

Y This brief outline of the Swedish health care systdraws on the Swedish Association of Local
Authorities and Regions (2005).
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care in another county. The county councils amadt to contract private providers
but the majority of the health care is performedhilic agents. In their contacts with

health care providers immigrants are entitled tinggrpreter free of charge.

3. Data and empirical strategy
3.1 Data and sample selection
Our empirical analysis exploits micro data origingtfrom administrative registers.
The dataset, collected and maintained by StatiSwesden, covers the entire Swedish
population aged 16—65 during the period 1987-20@Dirdividuals aged 16—74 during
the period 2001-2004. It contains annual informratio a wide range of educational
and demographic characteristics as well as diftarmome sources.

Information on hospitalizations was provided by Kational Board of Health
and Welfare and covers all inpatient medical cdstatpublic hospitals from 1987
through 1996. This is no major restriction sinagually all medical care in Sweden at
that time was performed by public agents. From 1&8Y onwards the register also
includes privately operated health care. In ordeah individual to be registered with a
diagnosis (s)he must have been admitted to a labsfg a general rule, this means that
the person has to spend the night at the hosplitalever, starting in 2002 the registers
also cover outpatient medical contacts in spe@dlizare.

An important feature of the data is that it corgaime cause of each admission.
The diagnoses, made by physicians, are classifiearding to the World Health
Organization’s International Statistical Classifioa of Diseases and Related Health

Problems (ICD). ICD is a four digit coding of disea and signs, symptoms, abnormal

12



findings, complaints, and external causes of inprdisease¥ In our analysis we

focus on several common diseases: ischemic hesaask, respiratory diseases, cancer,
mental health problems and diabetes. Table A.linegtthe different types of
diagnoses and the way they have been construdtedddta include possible co-
morbidities but we only use the main diagnosisunanalysis.

Income is measured using disposable income (in ¥880s prices), i.e. the
universe of net income from work and capital corebimvith net social benefits and
transfers. The unit of analysis is the individtilWe compute inequality using
disposable income for the entire Swedish populaiped 25-65 employing three
distinct measures: (i) the Gini Coefficient; (inet Coefficient of Variation; (iii) the (log)
90 to 10 percentile income ratio. These measumgsent some of the most commonly
used ways to quantify inequality (e.g. Atkinson @QR7The Gini coefficient varies
between 0 (complete equality) and 1 (complete inkty. It has several attractive
properties one of which is that it is sensitiventcome disparities throughout the
distribution. The coefficient of variation is sinypghe standard deviation divided by the
mean. Also this measure incorporates all data girout the distribution. Although
each measure has its shortcomings together theycstvell portray income inequality.
We compute the variables for each municipality pear’* As discussed by Deaton
(2003), in doing so we implicitly assume that peophly compare themselves with
individuals living in the same municipality. Everough alternative reference groups

have been suggested (e.g. age, race or educatiorEdser and Evans 2005) the

2The underreporting conditional on having beenantact with health care providers is very low and
estimated to be less than one percent each year.

'3 An alternative solution is to use household incor@wever, we cannot observe co-habitants in the
data if the co-habiting couple does not have arigren in common. Since co-habiting is frequent in
Sweden this strategy would introduce measuremeat.évloreover, using the individual as the uofit
analysis isnot as restrictive in Sweden as it may be in otloeintries because of the high female labor
force participation rate and the fact that Swedgslies individual based income taxation.

1 The average municipality hosts about 30,000 irthats.
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standard approach in the literature is to use ggacally constrained group3Table
A.2 displays descriptive statistics for our inedfyaineasures and other selected
variables.

We extract all immigrants aged 25—-60 who arrivednfia refugee sending
country between 1990 and 19%4Small countries have been aggregated due to
confidentiality rules. In total, refugees from I&uatry groups are included in our
analysis. The rationale for starting our analysi$990 is that this is when information
on disposable income first becomes available. Wuer individuals with a spouse,
child or parent already living in Sweden at thedtiof immigration as family
reunification immigrants were exempted from thecptaent policy.

While our data provide an objective measure ofthdlht is not plagued by
self-report bias or measurement error, one potgiidlem is that we only have
information on health for individuals who have bdwspitalized. First of all, this
means that our analysis less likely extends todessre morbidities. Potentially more
serious is however that the likelihood of being &thd to hospital, conditional on
health, may be correlated with local income inetarhis is true if doctors in
municipalities with greater income inequality aeed/more likely to admit patients, or if
the inhabitants are less/more likely to seek médi@ee. In this case our estimator may

be biased'’ In section 4.2 we discuss how we deal with thisiés

!> One alternative would be to measure inequalitshiwitmunicipalities across ethnic groups (see e.g.
Bertrand, Luttmer and Mullainathan 2000 and Edimdfiksson and Aslund 2003). However, for small
source countries this would mean that our anahgdiss on very few observations and that our messur
of inequality therefore are noisy.

' The placement policy was most strictly enforcethimperiod 1987 to 1991. In a sensitivity analysis
excluded cohorts who arrived after 1991 (resules available on request). Although the statistical
precision decreases due to the smaller numbersareations it is reassuring to find that the estaware
relatively stable and do not alter the conclusiorthis paper.

" This can of course also be a problem in studiésgudata on self-reported health status if greater
inequality for instance generates higher stresslideand thereby decreases an individual's pos##isilio

14



3.2 Using the settlement policy to identify the@fbf inequality on health

To estimate the effect of income inequality on tteale exploit the Swedish refugee
placement policy where authorities assigned newiyed refugees to their first
location of residencé&.he policy has been carefully documented elsewaedehas
been used to examine the impact of neighborhoodittons on refugees’
socioeconomic outcomes (see e.g. Edin, Fredrikaadslund 2003; Aslund and
Fredriksson 2009, Aslund and Rooth 2007; Aslural.e2011). We refer to these
studies for a more comprehensive treatment of dtieyp

As previously mentioned, the institutional arrangemimplied that refugees
were to be assigned their initial municipality esidence. Past studies provide
convincing evidence that the policy actually crdaegeographic distribution that was
independent of unobserved individual charactesstor instance, Edin, Fredriksson
and Aslund (2003) show that the residential arghase placed clearly differed from
the location choices made by immigrants arriviragrfrthe same regions shortly before
the reform.

Despite this evidence it is important to note fflatement officers may have
tried to match refugees to specific locations. Arotssue is that refugees could state
residential preferences. There are three argunh@ntghy it still is possible to consider
initial location as exogenous with respect to thehserved characteristics of the
individual. First, there was no direct interactlmetween the placement officers and
refugees. The only information on the refugee e available to the officer was age,

education, gender, marital status, family size @uhtry of origin. The officer may

correctly assess his or her health. The directioth® bias is ambiguous and depends on the cdoelat
between true health, observed health, and inegualit

15



have tried to match individuals to their initiatktion based on these characteristics.
However, since the administrative registers contfa@nsame set of information we are
able to control for this potential selection. Set;diew refugees stated location
preferences and among those who did the housingetiamom further restricted
residential preferences from being satisfied (sgefeedriksson and Aslund 2009).
Finally, the timing of the receipt of the residempamit must have coincided fully with
the arrival of a housing vacancy in the preferaaghtion in order for preferences to be
fulfilled. Since placement occurred rapidly aftawhg received the permit the joint
probability of these two events to occur at theedime is extremely loW?

It is difficult to test for random assignment sinteequires a variable that was
not observed by the officer (or at least unexptiténstead we provide results which
illustrate the differences in how well individuddaracteristics predict properties of the
local area in the year of arrival and then fivergdater. During this period individuals
will have had time to change residential area. €quently, one would expect to find a
stronger link between individual and municipalityacacteristics five years after
placement. Table 1 presents estimates from regressihere the dependent variable is
some feature of the municipality measured in trer pé arrival and then five years
later. When looking at the results for year ohatidisplayed in Panel A we find only 4
out of 48 estimates significant at the 5 percevelleThis is just slightly more than what
we would expect to find by pure chance. When mupaidy characteristics instead are
observed five years after placement, we can seé&aut of the 48 estimates are

significant. This indicates that individuals oveneé tended to sort across municipalities.

'8 Oreopoulos (2003) use a similar argument wherystgahe effect of neighborhoods on adult
outcomes for individuals who were assigned to diffé housing projects in Toronto.

16



These results clearly highlight the importanceamfoaunting for non-random selection to
uncover the causal effect of income inequality ealth™®
To take advantage of the plausibly exogenous vanian initial inequality

created by the policy we run regressions of follgyviorm by type of diagnosis

Q) Hospitalizedikjt = a + BInequality,, + Y X + (S’Zkt + origin]. + muni; +
year, + €ijt

wherei denotes individuak municipality,j region of origin, and year of arrival.X; is

a vector of individual characteristics. It includisposable income, number of children
and dummies for age, gender, marital status andagidnal attainment (six levelsy,
represents a vector of time-varying municipalitpiacteristics controlling for (the log

of) population size, share university educated, taedunemployment raterigin].

denotes region of origin fixed effectauni, represents municipality fixed effects. This
vector absorbs all persistent municipal charadtesishat may be related to health; e.g.
access to fitness centers or environmental chaistats of the areayear, is a vector of
year of arrival fixed effects;, is the error which by assumption is conditionally
independent of the covariates in the regressionetm®de however allow them to be
correlated across individuals in the same muniitipdVe estimate models where the
outcome is a dummy equal to one if the individued been hospitalized at least once
during a five year period after arrival. To enstivat our inequality measures are not

plagued by non-random residential mobility they @aged in the year of immigration.

9 These regressions are, admittedly, non-standaitdraudes municipal variables as the regressamnti
individual variables as regressors. The regressaiomfiowever appropriate for testing for sortinghie
same spirit as using auxiliary regressions whefopaing Lagrange multiplier tests (see e.qg.
Wooldridge, 2010, p. 424).
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Table 1 OL S estimates from balancing testsregressing initial and later municipal
propertieson individual characteristics

Dependent variable

Gini cvVv log log(Pop. log(Unem. log(Univ.
(P90/P10) size) rate share)
(1) (2) 3) (4) (5) (6)
A. Year of arrival
Age at .002 .035 .003 .008 .031 .002
immigration*10° (.004) (.131) (.018) (.009) (.038) (.009)
Female*18 —-.052 —-.088 —.420% —-261* -.450 117
(.047) (.165) (.210) (.102) (.395) (.109)
Married*10* -.183 -1.880 -771 —.206 .720 .243
(.176) (3.730) (.945) (.273) (.916) (.201)
Number of .001 1.140 .024 —.199* -.601 —.049
children*1¢ (.039) (2.710) (.200) (.088) (.325) (.071)
Ref. Compulsory
school
At most two years .382 10.50* 1.190 .567 1.410 .286
high school*16 (.196) (4.84) (.832) (.352) (1.070) (.217)
At least three 161 .353 426 400 .605 .223
years high (.127) (3.88) (.577) (.226) (.954) (.176)
school*1G
At most two years .237 5.550 .403 192 1.420 -.014
university*l@ (.142) (4.530) (.658) (.301) (.903) (.202)
At least three .169 -.513 413 .313 -.318 192
years (.112) (3.680) (.496) (.197) (.874) (.185)

university*10

B. Five years after arrival

Age at —-.024 —1.050 -.032 1.030 493* 146
immigration*10’ (.030) (.997) (.112) (.927) (.112) (.277)
Female*16 —.294 -7.220 -1.210 -12.400 —1.750* 3.900*
(.261) (7.990) (1.060) (10.200) (.950) (1.870)
Married*10° —.754 —6.080 —4.880* —41.90* —8.000* —6.700*
(.403) (14.100) (1.650) (15.70) (2.340) (3.310)
Number of -.431* —13.20* -.984 -15.00* 1.560* -3.810*
children*1¢* (.135) (4.010) (.637) (5.320) (.785) (2.170)
Ref. Compulsory
school
At most two years -.980 —-2.060 —4.490* —-26.50 -1.720 -10.90*
high school*18 (.640) (20.300) (2.590) (22.20) (2.440) (4.820)
At least three .637 2.820 2.790 23.40 -1.290 10.70*
years high (.524) (16.900) (2.160) (18.70) (2.060) (3.710)
school*1G
At most two years 1.070* 12.700 4.700* 52.40* 747 24.00*
university*10 (.488) (15.800) (2.000) (17.80) (2.380) (4.29)
At least three 2.190* 7.017 9.280* 77.10* 1.480 36.00*
years (.480) (14.900) (2.170) (18.00) (2.580) (5.49)

university*10

Notes Each column represents a separate regressiortogfficients and its standard errors have been
multiplied by 16. The sample consists of refugees aged 25-60 igalawho immigrated 1990-1994
(N=65,595). All regressions control for municipglityear of arrival and ethnic group fixed effects.
Standard errors are clustered at the municipaitgllin parentheses. * = significant at 5 % level
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4. Empirical analysis

4.1 Main results

This section provides the results from our empirgrlysis. Our baseline specification,
given by equation (1), relates the probability eiryg hospitalized at least once in five
years following arrival to inequality in the assegghmunicipality. Throughout, estimates
are reported for all three inequality measuresGhe Coefficient; the Coefficient of
Variation; the (log) 90 to 10 income percentilegal o conserve space we suppress the
estimates of the control variables (available ugmuest). In general, these estimates
show a reduced risk of hospitalization for hightiueated individuals, as well as for
individuals with more children, married people, ggar individuals, and males. As
unobserved local factors are quite stable withimigipalities over time we estimate the
standard errors by clustering at the municipagtyel (Bertrand, Duflo and

Mullainathan 2004).

Table 2 presents our main results. Numbers in letaghirovide the percentage
effect of a one standard deviation increase inuaéty on the probability of being
hospitalized. Estimates are shown for all individua our sample (Panel A) and by
population subgroup (Panelst®D). We focus on groups defined by highest completed
level of education, gender and age at immigration.

In Panel A we can see that there is no statisyicadinificant effect of
inequality on the probability of being hospitalizied any of our inequality measures.
The point estimate in column (1) suggests thateastandard deviation increase in the
Gini Coefficient (.031) raises the probability adibg hospitalized in five years after
arrival by .5 percentage points (.221x.031). latieh to the mean of the dependent

variable this translates into an increase in tloeioof 2.4 percent ((.221x.031)/.282).
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The estimate in column (2) suggests that a sinmtaease in the Coefficient of
Variation raises the likelihood of being admittechbspital by .004 percentage points
(.001x%.387), which is close to 1.4 percent. Theesponding numbers for the (log) 90
to 10 percentile income ratio are .07 percentaget$€.049x.142) and 2.5 percent.

To interpret the magnitude of these estimatesuseful to compare them to
the educational health gap. The educational gradidmealth has been documented in
many different countries and contexts (see e.ge€and Lleras-Muney 2010). In our
sample individuals who have completed at leastyt®ars of university education are
9.5 percentage points less likely to be admitteldogpital in five years after arrival
compared to individuals that at most have finisb@ehpulsory school. Our estimates
therefore suggest that a one standard deviatiorase in our inequality measures
corresponds to only between 1/250 and 1/20 of dueational health gap.

Although not statistically significant, the estiraatare precise enough for us to
be able to rule out large effects. The upper Iohithe 95 percent confidence interval
for each of our inequality measures is: .701, @& .167. This suggests that a one
standard deviation increase in inequality raisespttobability of being hospitalized by
at most between 2.1 and 8.7 percent. This corssitogtween 1/15 and 1/4 of the

educational health gap.
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Table 2 OL S estimates of the effect of initial inequality on the probability of being

hospitalized in five years after arrival

Inequality measure

Sample Gini CVv log(P90/
P10)
(1) (2) 3)
A. Total sample 221 .001 .049
(N=65,595; Outcome mean .282) (.245) (.007) (.060)
[2.4%)] [1.4%)] [2.5%)]
B. Education
University (N=17,988; Outcome mean .244) 145 .001 .089
(.501) (.016) (.108)
[1.8%)] [1.6%] [5.2%]
High school or less (N=47,607; Outcome mean .221 .001 .037
.297) (.281) (.007) (.066)
[2.3%)] [1.3%)] [1.8%)]
C. Gender
Females (N=30,567; Outcome mean .315) .094 -.007 .094
(.392) (.010) (.082)
[.9%] [-.09%)] [4.2%)]
Males (N=35,028; Outcome mean .254) .304 .007 .009
(.301) (.010) (.075)
[3.7%)] [1.1%] [.5%]
D. Age at immigration
Less than 40 (N=47,784; Outcome mean .259 -.024 —-.006 -.016
(.259) (.009) (.068)
[-.2.4%)] [-.09%)] [-.9%)]
At least 40 (N=17,811; Outcome mean .344) .992* .026 219%*
(.531) (.017) (.110)
[8.9%)] [2.9%] [9%]
Municipality FE:s Yes Yes Yes
Contry of origin FE:s Yes Yes Yes
Year of arrival FE:s Yes Yes Yes

Notes Each cell represents a separate regression. dliggis measured at the (initial) municipality
level using disposable income. The sample conefstefugees aged 25-60 at arrival who immigrated
1990-1994. The regressions control with dummiesdge at immigration, educational attainment (five
levels), gender, marital status, missing valued, larearly for: disposable income (and its squamed
family size. The regressions include municipaléydl controls for the unemployment rate, population
size, and share of university educated; all entarddgs. Standard errors clustered at the muniitjpa
level in parentheses. ** = significant at 5 % levet significant at 10 % level.

It is also helpful to contrast our inequality me@suto comparable measures
for other less egalitarian countries. Miller (200&ports that the between state standard
deviation of the Gini coefficient in the US in 19@&as .025. The between municipality
standard deviation of the Gini coefficient in oatalis .026. In other words, even

though the level of inequality is much higher ie iS, the cross-regional variation is
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about the same. This means that applying the USatswhen evaluating the size of
the estimates will actually produce similar effefts

Before proceeding with the analysis it is againtivonentioning that we study
a minority group that faces a considerable econatisizdvantagé’ This is important
as the theory suggests that any detrimental hetithts are likely to be more
pronounced for the least well of in society. Retadit the refugees in our sample were
required to take part in an introductory programi® months during which time they
received social assistance. It is however possibievestigate whether the effect is
stronger for individuals with lower income potehta proxied by low education. Panel
B displays estimates by highest completed leveldofcation. We find no statistically
significant effect of inequality on the probability being hospitalized for individuals
who at most have completed high school. Neithérese a significant effect for
individuals with university education. As for thetdl sample, the estimates are quite
precise which makes it possible to rule out larfeces.

Panel C shows results by gender. As we can see, dhe no indications either
for men or women that income inequality affectspghabability of being hospitalized in
five years after arrival.

In Panel D we split the sample by age at immigratising 40 as cut-off. Since
youths are overrepresented in our sample we chumide set a higher age limit. The
results show some evidence that greater inequattgases the risk of being

hospitalized among individuals who were 40 or oldben immigrating. Two out of

“ This is possibly due to the fact that we analyperod in which Sweden was hit by a major recessio
following a large banking crisis. Note also thatadgwopt a slightly conservative approach when utieg
overall standard deviation change in inequalitgtaluate the size of the estimates because thetioari
used in our regressions to identify the paramdterterest is in fact the within-municipality vatian,
which is only 40 percent of that of the overalligéion (see Table A.2).

2L OECD (2007) reports that Sweden is one of the mswith the largest native-immigrant gaps in the
labor market.
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three point estimates are statistically significainthe 5 percent level. These coefficients
imply about a 9 percent increase in the probabhidlitipeing admitted to hospital. As
described in the next subsection, these results@robust to using alternative
objective measures of health.

Our data also allows us to separately investigdterent diagnoses. We focus
on some common illnesses which have been highlightéhe past literature to likely
be linked to inequality (see e.g. Wilkinson 1998917). Table 3 presents the results
from this analysis. There is no statistically sfigrint effect for any of the outcomes.
Since the incidence of each diagnosis is low tleeipion of the estimates is not as good
as in Table 2. It is however interesting that tige ®n the coefficients actually is
negative in about half of the cases. This is tinel kif pattern one would expect to find

if the estimates were generated by a random process

4.2 Sensitivity checks and additional analyses

Table 4 present results from several robustnesskslend provides some additional
results. Panel A asks whether the results aretsent how we specified our
regression model. One concern is that, even thaigghave plausibly exogenous
variation in initial location, inequality could lm®rrelated with other properties of the
municipality that also affect health. It is howewaportant to note that our baseline
model controls for all permanent differences acroagicipalities that may correlate
with inequality and health. This raises the questi@hanging regional characteristics
may confound our estimates. To assess whethees$lits are likely to be driven by
unobserved evolving local factors we drop our $éinee-varying municipal covariates:

population size, unemployment rate and the shakersity educated. Presumably
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these variables are among those most stronglydit&kénequality and health. Is

therefore interesting that our baseline result$@nel A in Table 2) remain stable when

dropping these controls.

Table 3 OL S estimates of the effect of initial inequality on the probability of being

hospitalized in five years after arrival by type of diagnosis

Inequality measure

Dependent variable = 1 if diagnosed with Gini cVv log
(P90/P10)
1) (2) ©)
Respiratory diseases (Outcome mean .026) -.079 —-.002 —-.016
(.083) (.002) (.018)
[-9.4%)] [-3%)] [-8.7%)]
Mental disorders (Outcome mean .027) .098 .005 .014
(.097) (.003) (.022)
[11.3%] [7.2%] [7.4%]
Cancer (Outcome mean .016) -.014 -.002 .015
(.079) (.001) (.016)
[-2.7%)] [-4.8%)] [13.3%)]
Ischemic heart diseases (Outcome mean .009) .071 .001 .013
(.051) (.002) (.011)
[24.5%)] [4.3%)] [20.5%)]
Diabetes (Outcome mean .006) -.032 .002 —-.006
(.051) (.002) (.010)
[-16.5%)] [12.9%)] [-14.2%)]
Municipality FE:s Yes Yes Yes
Contry of origin FE:s Yes Yes Yes
Year of arrival FE:s Yes Yes Yes

Notes Each cell represents a separate regression. dligqis measured at the (initial) municipality
level using disposable income. The sample consistefugees age 25-60 at arrival who immigrated
1990-1994 (N=65,595). The regressions control wiiimmies for: age at immigration, educational
attainment (five levels), gender, marital statugsing values, and linearly for: disposable incdjaned

its square) and family size. The regressions irelodinicipality level controls for the unemployment
rate, population size, and share of university athd; all entered in logs. Standard errors cludtete
the municipality level in parentheses. ** = sigoét at 5 % level; * = significant at 10 % level.

Another way to investigate whether the resultssaresitive to unobserved
local shocks is to include county-by-year fixeceeft in the regressions. This approach

absorbs shocks that affect all individuals in aegicounty similarly; for instance,
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changes in the quality of the regional health éafkhe strategy is quite demanding in
the sense that it only relies on variation acrogsioipalities within counties to identify
the effect of inequality. It is reassuring to fitit our results are stable when adding
county-by-year fixed effects to our baseline model.

We also investigated whether there is a non-linelationship between
inequality and health by adding squared terms ta@gressions. As we can see in
Panel B, there is no evidence of such relationship.

As discussed earlier, one potential concern iswieabnly have health
measures for individuals who were admitted to hespf there is systematic selection
into medical care based on local inequality ouunltesnay be biased. Fortunately, the
institutional setting is such that this problem nmay be so severe, especially
considering that we have access to detailed dathel Swedish health care system the
local county councils shall provide its residentthvequal access to medical care to
very low fees. This is likely to weaken the finaaancentives for selection into medical
care.

Moreover, our estimation strategy controls for nafghis potential selection
process. The municipality fixed effects accountdermanent differences in the quality
of the local health care as well as the possilifigt the inhabitants may be more or less
likely to seek medical care. Origin group fixedeeffs control for potential
discrimination by the health care system towar@xigiec ethnic groups in addition to
any group specific differences in the propensitgeek medical care. The year fixed
effects absorb annual shocks that are common Ifordaviduals and correlates with

health and inequality.

%2 Note that we cannot include municipality by yeaed effects as this would remove the variatiorduse
to identify our parameter of interest.
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Table 4 Sensitivity checks and additional analyses (OL S estimates)

Inequality measure

Gini Ccv log (P90/P10)
(1) (2) 3)
Baseline estimate (as in Panel A of Table 2) 221 .001 .049
(.245) (.007) (.060)
A. Change in specification
Removing regional level controls 139 .001 .025
(.244) (.007) (.056)
Including countyyear FE:s .140 —-.001 —.004
(.324) (.007) (.089)
B. Non-linear effects
Inequality .098 —-.001 -.128
(.770) (.015) (.294)
Inequality squared -.207 .000 .071
(1.165) (.004) (.113)
C. Change in outcome
Pr(Long-term sick leave in year five after .060 .006 —-.034
arrival) (Outcome mean .059) (.153) (.005) (.043)
Pr(Died in five years after arrival) -.009 .000 .000
(Outcome mean .008) (.048) (.001) (.010)
Average number of days hospitalized —16.53 391 -5.56
(Outcome mean 3.51) (22.71) (.489) (5.89)
D. Additional results
Inequality measured at the parish level .220 .009 .013
(.203) (.007) (.018)
Inequality measured at the county level .556 .012 137
(.465) (.012) (.115)
Measuring inequality using earnings 211 021 —.229**
(.260) (.035) (.050)
E. Assessing external validity
Origin region inequalityplacement area .302 .002 .063
ineq. (.260) (.007) (.063)
(N=64,593)
Origin region inequality<placement area -2.114 —-.020 -.134
ineq. (2.264) (.054) (.383)
(N=1,002)
Municipality FE:s Yes Yes Yes
Contry of origin FE:s Yes Yes Yes
Year of arrival FE:s Yes Yes Yes

Notes Inequality is measured at the (initial) municipalevel using disposable income. The sample cissi
of refugees aged 25-60 at arrival who immigrate8019994 (N=65,595). The regressions control with
dummies for: age at immigration, educational attant (five levels), gender, marital status, missiatues,
and linearly for: disposable income (and its squared family size. The regressions include munidipa
level controls for the unemployment rate, populasize, and share of university educated; all edtér logs.
Standard errors clustered at the municipality lé&vglarentheses. ** = significant at 5 % level; Significant

at 10 % level.
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Even though we believe that this is a rather carimmpway of dealing with the
potential problem one could still be concerned thate may be systematic selection
into medical care based on unobserved local shétdsstherefore reassuring that our
analysis in Panel A showed that the estimates@reensitive to controlling for annual
shocks at the county level. Since Swedish healt palicy is run at the county level
this finding suggests that such selection is rityito be a problerf’

To further show that selection into health canreasause of concern we use
two alternative health indicators that are lessliko be plagued by this potential
problem. The first is the probability of taking pterm sick leave (more than 13 days).
Sick leave is not a perfect proxy for health sitiere could also be other factors
influencing sick leave, for instance social norsese(e.g. Hesselius, Johansson and
Nilsson 2009). Nevertheless, in order for an irdiinl in Sweden to receive sick pay it
IS necessary to see a doctor on the seventh dai absence. Since a doctor’s
certificate is required it is reasonable to treck &ave as a health indicator. And
because an individual has economic incentives ti gloe doctor to get the certificate it
is less likely (s)he neglects visiting a physidiaithe case of illness. We have
information on sick leave starting only in 1993r Huat reason we cannot observe the
outcome over a five year period as we have dorfarsinstead we investigate the
effect of initial inequality on the probability ¢dking out sick-leave in year five after
arrival. The results in Panel C show no statidicsignificant effect of inequality on the

probability of taking sick leave. These resultsgup our earlier findings.

% |n this context it is worth stressing again thateondition on own income in the regressions, which
means that we effectively control for the risk thratividuals with lower income may be less liketygo
to the doctor.
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Mortality is a measure of health that is not subjeaecisions made by
physicians or patients. For some types of chroisieases an individual will die
irrespective of the treatment received. Becaughisimortality represents an alternative
outcome that is not biased by selection into hezdtle. We define mortality as the
probability of dying in five years after arrivallg® for this outcome we find no
statistically significant effect of inequality. Nohowever that the estimates are
imprecise.

We also experimented with using the average numwib@ays admitted to
hospital as the dependent variable. One issuaismb may lose valuable information
by only examining health at the extensive margesd®l on our results it is evident that
there is no statistically significant effect of tqnality on the number of days
hospitalized.

Previous studies have raised the question whatrgpbig level inequality
should be measured for (e.g. Deaton 2003). To ex@amhether our results are
sensitive to the level of aggregation we experiéntith regressions in which
inequality was defined at the county or the palesiel. There are 21 counties and about
2,000 parishes in Sweden. We ran the same segi@fsgons as in Table 2. As we can
see in Panel D, the estimates for parishes classgmbles those in our base. It is also
evident that the coefficients on our inequality sweas are slightly bigger at the county
level. Still, the difference is not large and tlséimates are far from being statistically
significantly different from zero.

Recall that we use disposable income to measugaahigy. Theory does
however not teach us what income concept shouldged. It is possible that social

status is more strongly linked to income from wakke investigated this by re-
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estimating our models using gross labor earninidarms out that the coefficients for
the Gini and the Coefficient of Variation are clasadentical to our baseline results.
There is however a significant negative estimatetfe (log) 90/10 percentile income
ratio. We do not put so much weight on this oddifig as we are testing multiple
hypotheses and therefore are bound to find somsuahestimates.

Although our results are likely to be internallylidait is important to bear in
mind that our conclusions need not hold in othgrytations. It is for instance possible
that the level of inequality that refugees fac&weden is substantially lower than what
they previously have been exposed to in their agusftorigin. They may for that
reason not respond to the inequality exposed 8waden in the same way as other
groups. To address this issue, we collected datheo@Gini coefficient in each country
of origin.** We then stratified our sample into two groups: mnehich the individuals
were placed in municipalities with lower inequaliglative to their origin and one in
which the inequality in the assigned municipalitgsahigher than in their origin. If we
find that inequality does not matter for healthihe former group but has an adverse
impact in the latter group then we should be came@that the levels of inequality
experienced in the origin regions may have beeraige for us to detect any effects.

Our results shown in Panel E however reveal nafsignt impact in either of
the two groups. For the group that experienceddrigiequality in Sweden the sign of
the coefficients is actually negative. We therefowaclude that our findings are likely
to hold irrespective of the level of inequality thiae individuals previously have been

exposed to.

4 The data are publically available from the CIA \lddFactbook.
(https://www.cia.gov/library/publications/the-worfdctbook/rankorder/2172rank.html). Note that since
there is limited information on inequality in thegrs preceding the placement policy we instead used
data for the latest year it was available to primnjinequality in earlier years.
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A related objection is that it may take some tirmerfewly arrived refugees to learn
about the nature of inequality in their municipalif residence. The next subsection
provides evidence on this issue.

Last, since we found indications that older refigyéealth deteriorates when
being assigned to an area with greater income alggguve investigated the robustness
of these results to the alternative measures dfrhéeat are available to us. It turns out
that there is no statistically significant effe€tirccome inequality either on mortality or

sickness absenteeism (results available upon rgques

4.3 Estimating the effect of long-term exposuraéguality

So far, the aim of this paper has been to estithatéreduced form” (or intention to
treat) effect on health of inequality in the inlitteaea to which a refugee was placed.
This parameter is especially important for policgk®rs trying to weigh costs and
benefits of similar settlement policies. To theesttthat initial inequality provides a
good proxy for individuals’ actual exposure ovdorager period our estimates also
incorporate the impact of long-term exposure. Qirse, this is only true as long as
individuals do not change residential area oveetim this subsection we provide
evidence of the effect on health of more long-tesposure to inequality. This is
particularly relevant in our context since it make some time for refugees to learn
about the level of inequality they are exposedttheir community, which would
suggest that our results need not be representatiather groups of the population.

We are interested in estimating the following regren model

(2) Hospitalized,,, = u + 6Inequality, + PXi+wZy+ originj + munij, +
year, + V.
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The only difference between this model and equdtidris that inequality is
measured as an average over several years. Te@bi@sgor each individual we
computed her actual exposure to inequality ovéreayfear period after arrival by
averaging the level of inequality of the municipabf residence each year. As before,
the outcome of interest is the probability of beltugpitalized in five years following
immigration. Since long-term exposure to inequaktgndogenous we instrument for
this variable using the inequality level in theigged municipality. As the institutional
setup makes initial inequality exogenously deteadifconditional on individual
characteristics) it serves as a valid instrunfent.

Table 5 presents our instrumental variable (IVinestes. As is common in IV
analyses the statistical precision is rather poaxs are no longer able to rule out large
effects of inequality on health. If instead we fe@n the point estimates we can see that
a one standard deviation increase in inequaligesathe probability of being
hospitalized in the full sample by between 1.1 &rpercent depending of the
inequality measure uséfl.?” The estimates are similar to those in our maimesions.
Also when looking at different subgroups the IVimsttes resembles our reduced form
estimatesThis is natural since the first-stage relationslagsquite strong. For

example, for the total sample the coefficient @ ithstrument is just below .4. The

%5 Our instrumental variables strategy is identioahie one used by Kling, Liebman and Katz (200%) an
Votruba and Kling (2004) when analyzing the impafcheighborhood conditions in the MTO and the
Gautreaux projects and to the previous studiegyubim same policy to analyze the importance of
neighborhood effects for refugees (see e.g. Ededriksson and Aslund 2003; Aslund et al. 2011).

%6 When evaluating the size of the IV estimates veeths individual level variation in inequality.

" Note that, in general, there need not be anyioelstip between significance in the reduced foreh an
significance for IV estimates. This is shown fortpdly Lochner and Moretti (2004). The reason ig tha
the reduced form residual is the sum of the fit@gs residual and the outcome equation residua. On
should expect larger standard errors for reduced &stimates than IV estimates if the two residaads
positively correlated. From a theoretical poinvigw it is not certain what sign of the correlatiome
should expect between the two residuals.
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statistical precision of the first-stage relatiopsk extremely good and discards any

potential concerns of weak instrumeffts.

Table 5 IV estimates of the effect of long-term exposure to inequality on the
probability of being hospitalized in five years after arrival

Inequality measure

Sample Gini cVv log(P90/
P10)
1) (2) 3)
A. Total sample .569 .006 124
(N=65,595; Outcome mean .282) (.611) (.033) (.151)
[6.2%] [1.1%] [6.2%]
B. Education
University (N=17,988; Outcome mean .244) 391 -.008 235
(1.325) (.082) (.275)
[5%] [-1.6%)] [13.7%)]
High school or less (N=47,607; Outcome mean .560 .004 .093
.297) (.698) (.038) (.163)
[5.8%] [.6%] [4.4%)]
C. Gender
Females (N=30,567; Outcome mean .315) 247 -.034 243
(1.010) (.055) (.216)
[2.4%)] [-5.2%)] [11%)]
Males (N=35,028; Outcome mean .254) .782 .039 -.023
(.770) (.049) (.186)
[9.5%] [7.5%] [-1.3%)]
D. Age at immigration
Less than 40 (N=47,784; Outcome mean .259) —-.064 -.032 -.042
(.700) (.049) (.173)
[-.8%] [-5.9%)] [-2.3%)]
At least 40 (N=17,811; Outcome mean .344) 2.324* .130 B47**
(1.196) (.094) (.276)
[20.9%] [18.4%)] [22.6%)]
Municipality FE:s Yes Yes Yes
Contry of origin FE:s Yes Yes Yes
Year of arrival FE:s Yes Yes Yes

Notes Each cell represents a separate regression. iithegenous variable is an individual's average
exposure to inequality starting in the year ofvalriand ending five years later. The excluded imagnt

is the assigned inequality level. Inequality is swead at the municipality level using disposabt®mme.
The sample consists of refugees aged 25-60 atahmikio immigrated 1990-1994. The regressions
control with dummies for: age at immigration, edimaal attainment (five levels), gender, maritaltas,
missing values, and linearly for: disposable incofaed its square) and family size. The regressions
include municipality level controls for the unemybeent rate, population size, and share of universit
educated; all entered in logs. Standard errorstaried at the municipality level in parentheses.=**
significant at 5 % level; * = significant at 10 %vkl.

28 All estimates are available from the authors upEsuest.
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Note that our IV approach requires the exclusi@trieion that initial
exposure has no direct effect on health other theough average exposure. If initial
exposure to inequality affects the dynamic accutmaraof health capital the IV
strategy is no longer valid (see e.g. Heckman 200this pointf® It is important to

remember this when interpreting the results froim ¢xercise.

5. Concluding remarks
This paper examines the effect of income inequalityealth outcomes for a sample of
refugees. Investigations of this kind are compédadue to the requirements of high
quality individual level data and methods to acadonnon-random residential sorting.
We address these problems using rich administratgpitalization data together with a
settlement policy where Swedish authorities disteld newly arrived refugee
immigrants across localities. Overall, our resatiew no statistically significant effect
of income inequality on health. The estimates aeeipe enough to discard large
effects. Our findings parallel those in recent obagonal studies (e.g. Jones and
Wildman 2008). We do however find an adverse impadtealth for older individuals.
Yet, the magnitude of this effect is not large #melresults are not sensitive to the
measure of health used.

It is of course relevant to ask whether our resariésan artifact of the specific
context in which our analysis is performed. In canigon with other countries, Sweden
has traditionally been considered as an egalitaoamtry (see e.g. Aaberge et al.

2002). The countriras an extensive welfare state, which among otiegg,

29 On the other hand, if one believes that it takes for individuals to learn about the level of
municipality inequality level that they are exposedthen initial exposure to inequality should dao
direct effect on health.
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encompasses publicly financed health care, schpefsions, old age care, and social
services. There are also many different forms cbime support. Could this institutional
setting compensate for the potential detrimenfalcebf inequality on health?

In this respect it is important to remember thatlevbther studies focus on the
total population within a community, our studyitfirst one to explicitly examine a
group of socioeconomically disadvantaged individubdany of the theoretical
predictions suggest that less affluent groups shbelmore hurt. It is therefore notable
that we find so limited evidence that inequalitieafs health. Equally noteworthy is
that there is no effect of inequality on healthrewsnen studying individuals with worse
socioeconomic status (i.e. lower education) withis underprivileged group of
refugees.

Still, even though the results are internally valid important to bear in mind
that refugees represent a special group of indalglwhich might limit the scope of
generalizing the results to a larger populatione @sue for instance is that income
inequality in the country of origin might have bemmsiderably larger than the level of
inequality experienced in Sweden. It is not impilalesto think that individuals that
have been subject to high levels of inequality rhight respond to the relatively lower
levels they are exposed to in Sweden. A relatactissthat refugees at least initially
may not compare themselves to other members inrtaiicipality of residence and
that it may take some time for them to observddkel of inequality in their residential
area. Although our results suggest otherwise waatamile out these possibilities.

It is also conceivable that inequality does nottarah a setting where equality

of opportunity is large. Compared to the US, fatamce, Sweden has significantly
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higher rate of intergenerational mobility (see &jgrklund and Jantti 1997f.
Although this undeniably is an interesting questimexplore it is one we leave for

future research to explore.

% There is evidence that the intergenerational tréssion of education among
immigrants in Sweden is only slightly lower comghte natives (Niknami 2010).
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Table A.1 Classification of diagnosesincluded in the analysis

Type of diagnosis

ICD classification

Common diagr®s
included in the category

Respiratory diseases
Mental diseases

Cancer

Ischemic heart conditions
Diabetes

JO0-J99

FOO-F99
C00-D48

120-125
E10-E14

Asthma, pneumonia
Psychosis

Myocardial ictéon
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Table A.2 Summary statistics for selected variables

Variable Mean Std. Within Min Max
dev. muni.
std.
dev.
Individual characteristics
Hospitalized in five years aftey  .282 450
arrival
Female 466 499
Married 720 449
Age at immigration 35.74 8.69 25 60
Number of children 1.29 1.45 0 12
Compulsory school .280 449
At most two years high schoo .138 .345
At least two years high schoo .256 437
At most two years university 133 .340
At least two years university 172 .378
(Initial) Regional
characteristics
Gini Coefficient 244 .031 .012 .185 .500
Coefficient of Variation 731 .387 252 347 6.122
log(P90/P10) 1.069 142 .038 .820 2.019

Notes The sample consists of refugees aged 25-60iaakwwho immigrated 1990-1994 (N=65,595). If not
stated otherwise all variables are measured irnytlae of immigration. Summary statistics on educai®
conditional on that information is available.
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