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Abstract
Heatwaves are themost significant cause ofmortality in theUS compared to other natural hazards.
Prior studies have found increased heat exposure for individuals of lower socioeconomic status in
several US cities, but few comparative analyses of the social distribution of urban heat have been
conducted. To address this gap, our paper examines and compares the environmental justice
consequences of urban heat risk in the three largest US cities: NewYorkCity, Los Angeles, and
Chicago. Risk to urban heat is estimated on the basis of three characteristics of the urban thermal
landscape: land surface temperature, vegetation abundance, and structural density of the built urban
environment. These variables are combined to develop an urban heat risk index, which is then
statistically comparedwith social vulnerability indicators representing socioeconomic status, age,
disability, race/ethnicity, and linguistic isolation. The results indicate a consistent and significant
statistical association between lower socioeconomic andminority status and greater urban heat risk,
in all three cities. Ourfindings support a growing body of environmental justice literature that
indicates the presence of a landscape of thermal inequity inUS cities and underscores the need to
conduct comparative analyses of social inequities in exposure to urban heat.

1. Introduction

In the past two decades, several highmortality heatwave
events have been recorded in developed countries. A
2003 heatwave in Western Europe lead to an estimated
50 000–70 000 excess deaths (Robine et al 2008). In
2010, a heatwave combined with atmospheric pollution
caused by fires in the Moscow region of the Russian
Federation caused an excess mortality of over 11 000
(Shaposhnikov et al 2014). While these events were
region-wide in scope, the 2003 heatwave affected
densely populated urban areas like Paris, France, and its
suburbs which suffered the highest rates of mortality
(Fouillet et al 2006). The urban heat island (UHI) effect
is the result of several complex factors, including higher
structural density and lower amounts of vegetation in
urban areas, which create an urbanmicroclimate that is
generally hotter than surrounding rural areas
(Oke 1992). The relationship between the UHI and
elevated mortality has been documented by prior
studies (Buechley et al 1972, Clarke 1972, Smoyer 1998).
Additionally, higher rates of heat related mortality have

been linked with levels of urbanization and acclimatiza-
tion, as indicated in an analysis of 50 cities of the US
(Medina-Ramón et al 2007).

The US is a highly urbanized nation with almost 81
percent of its population living in cities and towns (US
Census 2010). This high rate of urbanization increases
risks from heat waves for densely situated populations
impacted by local climate factors such as the UHI.
Urban heat, compounded by periodic and region-wide
heat wave events, leads to elevated rates of morbidity
and mortality in US cities (Kalkstein and Greene 1997,
McGeehin and Mirabelli 2001, Sheridan et al 2008,
Zanobetti and Schwartz 2008). Heat waves are currently
the most significant weather-related cause of mortality
in the US (NOAA, NWS 2013). Several high mortality
events in the US provide examples of the devastating
effect of heat waves on urban populations during 1980,
1988, 1995, and 1999. The 1995 Chicago heat wave has
been the subject of extensive analysis that found socially
vulnerable people, which includes low income, elderly,
African–American, and/or socially isolated residents, to
be disproportionately exposed (Semenza et al 1996,
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Klinenberg 2002). Subsequent studies of different urban
areas of theUS have confirmed a linkage between urban
heat exposure and factors of social vulnerability
(McGeehin andMirabelli 2001, O’Neill et al 2003, Uejio
et al 2011). Because of the seeming inequitable exposure
to the risk posed by urban heat on racial/ethnic mino-
rities and economically disadvantaged populations, the
problem is beginning to be framed as an environmental
justice issue, specifically one of climate justice.

The environmental injustice implications of expo-
sure to urban heat for individuals of lower socio-
economic status were first discussed in Klinenberg’s
(2002) sociological analysis of the 1995 Chicago heat-
wave. This association between heat exposure and
social vulnerability was explored in more detail by
Harlan et al’s (2006) quantitative research on ‘heat-
related health inequalities’. Jenerette et al (2011)
expanded this work to emphasize the role of land use
and land cover in influencing thermal spatial structure
and the development of distinct neighborhoodmicro-
climates. These neighborhood level thermal patterns
are elements of an ‘urban heat riskscape’ associated
with racial/ethnic minority and lower socioeconomic
status. Subsequent research by Chow et al (2012)
examined the ‘spatial distribution of vulnerability’
using a wider range of demographic and socio-
economic variables, but focused on the same urban
area (Phoenix, Arizona), as Harlan and Jenerette
(2006, 2011). Using data related to heat exposure and
other climate-based risk factors in conjunction with
an expanded set of variables representing socio-
economic status, Grineski et al (2012, 2013) examined
the bi-national sister cities of El Paso and Ciudad
Juarez to find social inequities in exposure to climate
change in a study area extending across national
boundaries of the US and Mexico, respectively. Both
these studies extend the concept of the ‘climate gap’
(Shonkoff et al 2009, Grineski et al 2012, 2013) by
which racial/ethnic minority or lower socioeconomic
status residents are both inequitably exposed to cli-
mate change and possess inadequate resources tomiti-
gate or adapt to its adverse effects.

The environmental justice concerns outlined in
the previously discussed research have been expanded
in recent work, but most heat-related studies focus on
the US Southwest. The largest US metropolitan areas
that are often characterized by higher proportions of
African–Americans have not been investigated in this
research. While some urban heat studies have been
conducted outside the US Southwest (McGeehin and
Mirabelli 2001, O’Neill et al 2003, Uejio et al 2011),
these scholars have not explored the climate justice
dimension, or attempted to compare urban areas from
different regions of the US. A comparative analytical
framework that includes a broader range of socially
vulnerable groups and allows generalizations across
the various urban heat studies is lacking. A systematic
and comparative analysis of large urban areas in the
US is necessary to provide a foundation for evaluating

the association between elevated urban heat and the
location of socially vulnerable populations, and
enhance our understanding of the socio-spatial con-
sequences of excess heat exposure.

This article contributes to the emerging environ-
mental justice literature on heat-related inequities by
evaluating the spatial and social distribution of urban
heat in the three largest US cities: New York, New
York; Chicago, Illinois; and Los Angeles, California.
By using an index of landscape-related factors collec-
tively related to elevated urban heat, the spatial pat-
terns of association with specific socio-demographic
characteristics are examined at the neighborhood
level. The objective is to determine if racial/minorities
and socioeconomically disadvantaged residents in
these three cities are distributed inequitably with
respect to an urban heat risk index (UHRI), developed
by combining three characteristics of the urban ther-
mal landscape: land surface temperature, vegetation
abundance, and structural density of the built urban
environment. Our use of a single risk indicator that
combines three heat-related variables allows us to bet-
ter develop and evaluate a comparative framework for
analyzing patterns of heat-related inequities than what
has been previously done. Statistical associations
between this UHRI and multiple indicators of social
vulnerability are examined and compared to deter-
mine how the socio-spatial distribution of urban heat
varies across the three largest cities of theUS.

2.Data andmethods

The three study areas were selected based on their large
population size and the future risk posed by global
climate change. The three most populous metropoli-
tan areas in the USwere chosen for analysis: New York
City, Los Angeles, and Chicago. Climate change
modeling based on the Intergovernmental Panel on
Climate Change A2 emissions scenario using National
Center for Atmospheric Research mid-century
(2045–2059) climate models (NCAR/UCAR CESM
2013) indicate that all three cities may be substantially
impacted in the future by increasing temperatures,
with temperature anomalies ranging from 2.0° to
3.0 °C. The basic unit of analysis for this study are
census tracts defined by 2010 Decennial US Census
boundaries. Census tracts are one of the basic spatial
units of US census enumeration that are commonly
used to represent neighborhoods and include a
population that ranges from 2500 to 8000 residents.
Geographic boundaries for each study area were
delineated by selecting contiguous areas of 75%
impervious surface, and then including all census
tracts within the counties containing those areas of
higher ISA. These study area boundaries are depicted
in figure 1, which shows that the counties still include
urban and suburban areas of their respective cities.
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Higher percentages of impervious surface area (%
ISA) have been used in prior studies as an indicator of
urban land uses (Lu and Weng 2006) and urban cores
have been defined as areas with greater than 75% ISA
(Imhoff et al 2010). For this study, areas of high % ISA
were identified using the 2006 National Land Cover
Dataset (NLCD 2006) before county boundaries were
selected. This technique defines the spatial extent of
urban areas through their impact to the landscape,
rather than arbitrarily selecting the areas included in
USCensusMetropolitan Statistical Area boundaries.

This study emphasizes the interaction of physical
factors related to urban heat and social vulnerability at
the neighborhood level to assess environmental injus-
tice. Landsat Thematic Mapper (TM) remote sensing
derived data is used to quantify the physical factors of
structural density, vegetation abundance, and tem-
perature. Use of Landsat data allowed for the repre-
sentation of urban heat atmoderate spatial resolutions
of 30–120 m, which are sufficient for neighborhood
level measurements. The dependent variable in this
study denotes the physical aspects of urban heat-rela-
ted risk, while the independent variables represent the
demographic and socioeconomic characteristics of
residents in our study areas.

2.1.Dependent variable
A quantitative index of biophysical factors related to
urban heat, referred to as the UHRI, was developed
and used as the dependent variable for our statistical

analysis. The values were estimated using the
equation:

UHRI LST NDBI NDVI,( )= + -

where LST is land surface temperature, NDBI is the
normalized difference built-up index which assesses
built structure density, and NDVI the normalized
difference vegetation index, which is an indicator of
vegetation abundance. Prior studies have indicated
strong correlations between landscape factors of NDBI
andNDVI and the UHI (Xiao-Ling et al 2003, Dousset
and Gourmelon 2003). LST, in particular, has been
used to delineate the spatial extent of the surface
UHI (Voogt and Oke 2003). Additionally, LST has
been shown in previous research to have a positive
statistical association with rates of heat-related
morbidity and mortality (Johnson and Wilson 2009,
Johnson et al 2009, Hondula et al 2012). We used the
equal weighting approach because there was no logical
reason to assume that one of these factors contributes
differently to urban heat exposure. The values of LST,
NDBI, andNDVI for each pixel in the study areas were
derived using Landsat satellite TM 5 remotely sensed
imagery. A single clear-sky image from the summer of
2010 was selected for each of the study areas which
provided the maximum atmospheric temperature of
the available images. In the case of LST, the mono-
window algorithm based on the thermal radiance
transfer equation was used to extract temperature
values from the imagery data (Qin et al 2001, Pu
et al 2006). LST, NDBI, and NDVI values were then

Figure 1.The spatial distribution of percent impervious surface area greater than 75%.
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averaged for the land portion of each census tract,
excluding water from calculations of temperature,
structural density, and vegetation. The values of these
biophysical indicators were then standardized using
their z-scores before calculation of the UHRI scores
for each tract. The tract level distribution of the UHRI
in our study areas is shown infigure 2.

2.2. Explanatory variables
The environmental justice consequences of urban heat
were assessed with census tract level socio-demo-
graphic data from the 2010 US Census and 2009–2013
five-year American Community Survey (ACS) esti-
mates. Our analysis utilizes variables representing
extremes of age (children aged five and under and
elderly aged 65 and over), race (Non-Hispanic Black
and Asian), ethnicity (Hispanic), median household
income, educational attainment (percent 25 and over
who are high school graduates), and home ownership
(owner-occupied homes), with the addition of the
Gini coefficient to measure neighborhood level
income inequality. The Gini coefficient from the ACS
is a summarymeasure of income inequality that ranges
from 0 to 1. A value of 0 indicates perfect equality
where all households in a census tract have equal
incomes, while a value of one indicates perfect
inequality where only one household has any income.
This index has been used as a measure of socio-
economic vulnerability and coping capacity in pre-
vious EJ studies (Elliott et al 2004, Chakraborty

et al 2014). Variables representing the percent of
disabled persons (disabled for any reason) and linguis-
tic isolation (percent of households in which no one
over 14 yr of age speaks English) were also included.
Disability status and linguistic isolation may reinforce
social isolation, potentially diminishing the ability of
individuals to understand or respond to public health
heat warnings and mitigation measures. The variables
indicating social vulnerability can then be assessed for
their relevance in specific urban and regional contexts
using methodologies that are discussed below. Table 1
summarizes the data sources and dates associated with
the dependent and independent variables used in the
study.

2.3. Statisticalmethods
Each study area was analyzed separately using all
populated census tracts which were not missing data
for any of our explanatory variables. First, descriptive
statistics were used to compare the three different
study areas. Next, scatterplots of the UHRI and each of
our independent variables were examined and natural
logarithmic transformations of specific variables were
calculated to account for nonlinear relationships.
Subsequently, all variable values were standardized
and bivariate correlation analysis was conducted using
parametric and nonparametric tests, based on Pear-
son’s and Spearman’s correlation coefficients.

The relationship between the dependent variable
(UHRI) and the set of independent variables in each

Figure 2.The spatial distribution of the urban heat risk index.
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study area were then analyzed using the ordinary least-
squares (OLS) regression method. While OLS regres-
sion has been used extensively in the analysis of envir-
onmental and social inequities, it assumes that the
observations and regression errors are independent.
This assumption is likely to be invalid due to the clus-
tering of similar values in space, or spatial autocorrela-
tion (Kissling and Carl 2008, Chakraborty 2011). We
tested the residuals for spatial autocorrelation using
the global and univariate Moran’s I-statistic (Anselin
and Bera 1998). The Moran’s I for the OLS models
associated with all three study areas exhibited sig-
nificant (p<001) spatial autocorrelation in the resi-
duals, implying that they failed to meet the
assumption of independence. Consequently, we used
simultaneous autoregressive (SAR) models, which
consider the spatial autocorrelation as an additional
variable in the regression equation to estimate its
influence simultaneously with that of the other vari-
ables (Chakraborty 2011). To determine the appro-
priate SAR model specification, the Lagrange
Multiplier (LM) statistic was utilized (Anselin 2005).
The LM test indicated that spatial error models should
be used in all three study areas.

Spatial regression models are based on the rela-
tionship between neighboring analytical units, using
either contiguity or distance between tract centroids to
define a spatial weights matrix. Both the queen con-
tiguity approach and iterative selection of distance
bands were tested, but the distance-based approach
was more successful in reducing residual spatial auto-
correlation, as measured by global Moran’s I-statistic,
to a statistically non-significant level in each study
area. The optimal distances for these bandswere deter-
mined to be 7300, 8500, and 7400meters, respectively,

for New York City, Chicago, and Los Angeles. Finally,
the multicollinearity condition index associated with
the regression models were found to be smaller than
8.0 in all three study areas, ruling out significant corre-
lations between the independent variables.

3. Results

Differences in the natural and built landscape of each
study area greatly impacted the geographic distribu-
tion of UHRI scores, particularly in Los Angeles with
its sparsely populated desert areas. Visual examination
of the spatial patterns of percentage impervious sur-
face over 75% and theUHRI in figures 1 and 2 indicate
considerable overlap of these two factors in all three
study areas, which should be expected since structural
density is one of the variables that comprise the UHRI.
However, in the case of Los Angeles, the relationship
changes in the extreme northern desert areas that have
relatively higher UHRI levels but lower levels of
impervious surface. The descriptive statistics for all
variables in our three study areas are summarized in
table 2.

Of the three study areas, Los Angeles with its
sprawling urban structure and arid region north of the
San Gabriel Mountains has the highest mean NDBI,
and lowest NDVI, indicating that it is extensively
built-up and sparsely vegetated, with areas of exposed
rock and soil. One limitation of the NDBI is its inabil-
ity to delineate areas of barren soil from built urban
structure, (Zha et al 2003). Los Angeles also had the
highestmean LST and the date that the remote sensing
image was taken ( 20 September 2010) coincided with
a heatwave in the Los Angeles region during which the
daily high atmospheric temperature exceeded 40 °C.

Table 1.Variables used in the study.

Variable name Data source Dates

Dependent variable:

Urban heat risk index (UHRI) Calculated as: (LST+NDVI)−NDBI Derived from remotely sensed variables below:

Land surface temperature (LST) Landsat 5, TM sensor, 120meter

resolution

NewYork—4 July 2010; Chicago—10 September

2010; Los Angeles—20 September 2010

Normalized difference built-up

index (NDBI)
Landsat 5, TM sensor, 30meter

resolution

Normalized difference vegetation

index (NDVI)
Landsat 5, TM sensor, 30meter

resolution

Independent variables:

%Age 5 and under USCensus 2010

%Age 65 and over USCensus 2010

%Non-Hispanic Black USCensus 2010

%Asian USCensus 2010

%Hispanic USCensus 2010

%Disabled 2013 5 yr ACS estimates 2009–2013

%High school graduate 2013 5 yr ACS estimates 2009–2013

%Non-English speaking 2013 5 yr ACS estimates 2009–2013

%Owner-occupied homes USCensus 2010

Median household income 2013 5 yr ACS estimates 2009–2013

Gini coefficient 2013 5 yr ACS estimates 2009–2013

Population density USCensus 2010
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In contrast to Los Angeles, the cities of Chicago
and New York are more extensively vegetated and
have lower structural density as measured by the
NDVI and NDBI. Chicago had the lowest mean LST,
the imagery been taken on 12 September 2010, a day
when atmospheric temperature reached only 30 °C.
Cloud-free Landsat TM imagery taken on a day of
warmer atmospheric temperatures was not available
for Chicago that year. The data for New York revealed
a higher mean NDBI and lower NDVI than Chicago,
indicative of greater structural density and less exten-
sive vegetation. New York was alsomuch warmer than
Chicago, with a mean LST only 1 °C cooler than Los
Angeles. This is because the New York data was taken
on 4 July 2010, with a daily high temperature of 35 °C
and also because it was a longer summer day, with an
hourmore insolation at the time of image capture than
for either Chicago or Los Angeles. The values of LST,
NDBI andNDVI were standardized prior to the calcu-
lation of the UHRI variable. In the case of LST, this
standardization compensated for differences in tem-
perature levels for the dates the remote sensing ima-
gery was taken. The UHRI scores indicate the highest
mean values for New York, followed by Los Angeles
and Chicago. This can be partly explained by the very
high LST and low NDVI values for tracts in the desert
areas of Los Angeles, some of which were excluded
from the study due to their low population values of
less than 500. LST in the New York study area ranged
widely, and landcover varies frommarshes to concrete
and asphalt, however unlike Los Angeles, the hottest
tracts still contained exposed populations. While the
landscape of Los Angeles may have greater extremes in
temperature and less vegetation, the manner in which

its population is exposed to these risks differs from
that of Chicago andNewYork.

Examination of descriptive statistics for the inde-
pendent variables (table 2) reveals considerable differ-
ences in socio-demographic characteristics that reflect
the diverse urban ecologies of these study areas. New
York City has a much higher population density than
the other two study areas, an indicator of the intensity
and extent of its residential built urban structure.
There are substantial differences in the socioeconomic
and racial/ethnic composition of the three cities. Los
Angeles has a lower Non-Hispanic Black and higher
Hispanic mean population percentages in its tracts
than the other cities and also a higher percentage of
linguistically isolated households. Chicago had the
highest Non-Hispanic Black and lowest Asian mean
population percentages, but also the highest mean
percentage of high school graduates.

Bivariate correlations of the UHRI scores with the
independent variables, listed in table 3, revealed simi-
lar statistical relationships across the three study areas
for most variables. The age-related variables show
consistent significant and positive associations with
theUHRI for percentage age 5 and under, and negative
for age 65 and over. This limited exposure appears
to be inconsistent with prior research which suggests
that elderly adults are not only a particularly vulner-
able group, but may have higher levels of exposure
(Semenza et al 1996, Klinenberg 2002, Fouillet
et al 2006). However, socioeconomic status may be a
confounding factor since the percentage of individuals
aged 65 or more shows a significant and positive rela-
tionship with home ownership based on Pearson’s
correlation coefficient in all three study areas, andwith
median household income in New York City and Los

Table 2.Descriptive statistics for dependent and independent variables.

NewYork Chicago LosAngeles

Variable Min Max Mean Min Max Mean Min Max Mean

LST(°C) 22.68 51.61 44.46 25.53 35.24 31.32 30.17 53.20 45.41

NDBI −0.194 0.233 0.081 −0.094 0.209 0.062 −0.020 0.338 0.138

NDVI −0.082 0.696 0.184 −0.049 0.562 0.276 −0.074 0.372 0.094

UHRI (standardized) −9.24 4.75 0 −7.44 5.84 0 −10.76 8.66 0

%Age 5 and under 0 22.70 6.13 0 16.00 6.60 0 15.20 6.42

%Age 65 and over 0 82.60 12.77 0 52.40 11.60 0.10 82.40 11.38

%Non-Hispanic Black 0 96.51 21.95 0.03 99.34 23.53 0 90.75 7.19

%Asian 0 88.13 10.71 0 88.88 5.98 0 87.20 14.28

%Hispanic 0 93.20 26.01 0.10 98.70 20.70 3.00 99.00 44.09

%Disabled 0 74.00 9.42 0 36.00 9.84 0 88.20 9.23

%High school graduate 0 100.00 72.56 28.50 100.00 84.83 23.50 100.00 76.46

%Non-English speaking 0 74.70 12.79 0 53.20 7.69 0 79.10 14.99

%Owner-occupied

homes

0 100.00 45.31 0 100.00 61.71 0 96.70 50.60

Median household

income

9675 243 622 67 285 9550 236 250 63 840 6406 231 648 64 829

Gini coefficient 0.0189 0.6750 0.432 0.209 0.721 0.4204 0.060 0.720 0.415

Population density 5 114 639 14 610 12 196 409 4215 1 36 483 4739

Number of tracts 3096 1838 2927
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Angeles. The percentages of Non-Hispanic Black and
Hispanic residents are consistently and positively asso-
ciated with the UHRI, suggesting that tracts with
higher proportions of these racial/ethnic groups are
exposed to higher levels of biophysical risk. The Asian
subgroup indicates a significantly positive correlation
only in New York City, but significantly negative rela-
tionships in the two other areas.

In terms of the other variables, the percentage with
a disability shows positive and significant correlations
with the UHRI in all three areas. Educational attain-
ment measured by percentage of high school gradu-
ates was significantly and negatively associated, while
linguistic isolation was significant and positive in all
three study areas. Relationships were particularly
strong, significant, and consistent between the UHRI
and socioeconomic characteristics. Median household
income and home ownership show significant and
negative relationships with the UHRI, indicating that
greater biophysical risk is associated with lower socio-
economic status in all three study areas. Finally, popu-
lation density is consistently significant and positive
across the three study areas.

Table 4 summarizes the results of the spatial error
regression analysis (regression coefficients) for the
three cities. The percentage of individuals aged 5 and
under was significantly and negatively related with
UHRI in New York City and Los Angeles, but posi-
tively related in Chicago. The significance and direc-
tion of relations betweenUHRI and the variable age 65
and over was significant and negative in New York
City and Los Angeles, but non-significant in Chicago.
The proportion of racial/ethnic minorities was gen-
erally higher in areas of greater urban heat risk. Non-
Hispanic Black and Hispanics were significantly and
positively related to the UHRI in Chicago and Los
Angeles, while Asians were significantly and positively
associated with the UHRI in all three study areas. Dis-
ability was significant and positive only in Los Angeles,

The percentage of high school graduates significant
and negative in Los Angeles. Linguistic isolation mea-
sured by percent Non-English speaking households
was significant and positive in both New York and
Chicago.

The socioeconomic variables generally showed the
same consistent patterns of significant and negative
associations with the UHRI that were revealed in the
bivariate correlation analysis. Home owner-occu-
pancy was significant and negative in New York City

Table 3.Bivariate correlation of urban heat Risk indexwith census tract level independent variables.

Pearson’s r Spearman’s ρ

Variable NewYork Chicago LosAngeles NewYork Chicago Los Angeles

%Age 5 andunder .218** .328** .426** .241** .354** .467**

%Age 65 and over −.323** −.259** −.416** −.429** −.300** −.467**

%Non-Hispanic Blacka .249** .216** .212** .237** .250** .254**

%Asiana .195** −.076** −.099** .116** −.245** −.241**

%Hispanicb .222** .435** .547** .213** .347** .580**

%Disabled .207** .157** .146** .173** .151** .145**

%High school graduatec −.130** −.505** −.591** −.132** −.532** −.651**

%Non-English speakingd .430** .376** .488** .468** .296** .545**

%Owner-occupied homes −.671** −.534** −.442** −.664** −.549** −.472**

Median household income −.541** −.515** −.625** −.530** −.517** −.659**

Gini coefficient .175** .066** −.181** .227** .083** −.113**

Population densitya .537** .317** .357** .664** .678** .402**

Note: **p<.01
Variables natural log transformed: a=Los Angeles, New York; b=Chicago, New York; c=Chicago, Los Angeles;

d=Chicago, Los Angeles, NewYork.

Table 4. Spatial error regression of urban heat risk index.

NewYork Chicago LosAngeles

%Age 5 and under −.048** .066** −.092**

%Age 65 and over −.134** −.019 −.111**

%Non-Hispanic

Blacka

−.013 .067*** .095**

%Asiana .031*** .089** .169**

%Hispanicb −.111** .145** .297**

%Disabled .014 −.005 .044***

%HSgraduatec −.007 −.013 −.120**

%Non-English

speakingd

.079** .068** .011

%Owner-occupied

homes

−.269** −.019 −.211**

MedianHH

income

−.076** −.144** −.259**

Gini coefficient −.076** −.135** −.123**

Population densitya .496** −.009 −.229**

Spatial error

term (rho)
.772** .960** .906**

Akaike Info

Criterion

5237.82 3106.46 5567.99

Pseudo r-squared 0.69 0.70 0.62

Moran’s I −0.001 −0.001 0.001

Note: ***p<.001; **p<.01; *p<.05
Variables natural log transformed: a=Los Angeles, New York;

b=Chicago, New York; c=Chicago, Los Angeles; d=Chicago,
Los Angeles, NewYork.
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and Los Angeles, while median household income
showed a significant negative relationship across all
three study areas. The Gini coefficient was also sig-
nificantly negatively associated, indicating greater eco-
nomic homogeneity for tracts with elevated UHRI.
These three factors collectively imply that there is a
consistent relationship between lower socioeconomic
status and increasedUHRI across our study areas.

Our spatial definition of study regions for this ana-
lysis relies on the selection of areas with high percen-
tages of contiguous impervious surface and the
political boundaries of the associated counties. This
approach results in the inclusion of urban, suburban,
and sometimes rural areas within the counties selected
for analysis. The final step of our analysis focuses on
assessing how the statistical relationships with the
UHRI observed in table 4 would change if rural and
suburban areas with relatively lower population den-
sity were excluded from each of the three study areas.
To compare the results of the broader metropolitan
areas with those of their core urban areas, restricted
and more structurally dense areal extents were chosen
and spatial regression models were estimated for these
core urban areas. The New York City study area was
redefined using data from its five boroughs and Hud-
son County, New Jersey, Chicago was restricted to the
boundaries of Cook County, and only areas South of
the San Gabriel Mountains were included in the Los
Angeles study area. This resulted in the exclusion of
rural areas in north Long Island and Westchester
County with higher vegetation and low structural

density (New York), rural areas north and west of
Cook County (Chicago), and the arid and less vege-
tated northern areas which produce high NDBI values
and yet are not structurally dense (Los Angeles). For
estimating the spatial error models for these core
urban areas, spatial weights were recalculated resulting
in 5100, 6000, and 7200meter distance bands for New
York City, Chicago, and Los Angeles, respectively. The
regression results for both the larger metropolitan and
core urban areas are summarized in table 5. In both
Chicago and Los Angeles, the statistical significance
and signs for most explanatory variables are similar in
the broader metropolitan and core urban areas,
although regression coefficients for a few variables
indicate higher values. The results for New York, how-
ever, reveal substantial changes when the pre-
dominantly rural areas are excluded from the analysis.
When the more structurally dense and socio-demo-
graphically heterogeneous core area is considered, the
signs of the coefficients relating the UHRI to the Gini
coefficient, median household income, and percent
high school graduates all change to become significant
and positive, as do the coefficients for the variables
percent age 5 and under and percent Hispanic popula-
tion. Additionally, percent Asian residents becomes
non-significant, the percent disabled becomes sig-
nificant, and home owner-occupancy becomes non-
significant in the model for the core area of New York
City. These directional changes in statistical associa-
tions with the UHRI for eight of our 12 explanatory
variables in New York City emphasize the importance

Table 5.Comparison of spatial error regressionmodel results for broadermetropolitan and core urban areas.

NewYork Chicago LosAngeles

Broadermetro

Core

urban area Broadermetro

Core

urban area Broadermetro Core urban area

%Age 5 and under −.048** .177** .066** .421** −.092** −.108

%Age 65 and over −.134** −.357** −.019 −.015 −.111** −.229**

%Non−Hispanic

Blacka

−.013 −.099 .067*** .387** .095** .322**

%Asiana .031*** −.016 .089** .315** .169** .196**

%Hispanicb −.111** .328** .145** .575** .297** .484**

%Disabled .014 .113* −.005 .065 .044*** .204**

%HSgraduatec −.007 .398** −.013 .0003 −.120** −.539**

%Non-English

speakingd

.079** .344** .068** .179** .011 .168**

%Owner-occupied

homes

−.269** −.074 −.019 .219* −.211** −.285**

MedianHH income −.076** .219** −.144** −.165 −.259** −.567**

Gini coefficient −.076** .439** −.135** .082 −.123** −.050

Population densitya .496** .498** −.009 .082 −.229** −.171**

Spatial error term (rho) .772** .945** .960** .957** .906** .161

Akaike Info Criterion 5237.82 8803.88 3106.46 4762.67 5567.99 10532.50

Pseudo r-squared 0.69 0.49 0.70 0.61 0.62 0.49

Moran’s I −0.001 0.001 −0.001 <.001 0.001 <.001

N (no. of tracts) 3096 2327 1838 1318 2927 2638

Note: ***p<.001; **p<.01; *p<.05
Variables natural log transformed: a=Los Angeles, New York; b=Chicago, New York; c=Chicago, Los Angeles; d=Chicago, Los
Angeles, NewYork.
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of scale and spatial extent when selecting study areas
for urban heat analysis. The relatively minor changes
in significance of the variables in Chicago and Los
Angeles indicates the stability of the UHRI model in
those areas, though goodness-of-fit as indicated by the
pseudo r-squared and Akaike Information Criterion is
reduced in models from the core urban areas when
compared to themodels based on the larger study area
extents for all three study areas.

4. Concluding discussion

The effects of urbanization and an increasing global
temperature baseline make cities important sites for
studying racial/ethnic and socioeconomic inequities
in heat exposure and its negative consequences. There
have been recent indications that urban areas have
experienced higher incidences of heat waves, with half
of the 217 cities in a recent global study showing
increases in extreme hot days from 1973 to 2012
(Mishra et al 2015). The current pace of urbanization
combined with temperature increases will probably
expand the number of people exposed to the adverse
health effects of episodic heat waves. In this context,
our study focused on documenting and analyzing
landscapes of thermal inequity which are developing
in the US, but exist at a variety of scales across our
planet. The dynamic behind this landscape are the
anthropogenic modifications to the land surface by
urbanization and chemical composition of the atmo-
sphere through industrialization. This landscape of
thermal inequity is influenced by aspects of a physical
landscape produced by changes in structural density
and vegetation discernible in the UHI effect and its
alteration of urban microclimates. It also manifests as
a transformation to the landscape due to changes in
regional climate resulting in greater temperature
extremes and shifting rainfall patterns. Finally, it is also
a social landscape of community location and varying
urban ecology.

Our study provides a comparative assessment of
urban heat exposure resulting from changes to the
physical landscape and factors relating to urban ecol-
ogy which shape the spatial pattern of social vulner-
ability in the three largest US cities. By developing a
new risk index, our research allows the systematic and
comparative analysis of urban heat in different cities.
There are, however, certain limitations associated with
the evaluation of disproportionate heat risk using
urban landscape factors. One limitation is that miti-
gating or adaptive strategies like air conditioning are
not accounted for. Most people in urban areas spend a
higher portion of their time indoors, which would be
mitigated by the presence or absence of air condition-
ing, which is itself potentially influenced by socio-
economic status. Additionally, the presence or absence
of private backyard shade access can also factor into
heat risk. Although these variables were not included

in our study, these factors might alter the statistical
relationships that we found. Synthesizing across the
three study areas, we find consistent and significant
associations between the risk factors of urban heat and
lower socioeconomic status of urban residents, which
are similar to those reported in previous studies of
other US cities. The greatest consistencies in associa-
tion were present in the socioeconomic variables rela-
ted to household income and home ownership, and
also the Gini coefficient, while the demographic vari-
ables suggest that local patterns in the distribution of
racial/ethnic minority neighborhoods influence the
relationship between heat exposure and social vulner-
ability. Higher risk burdens imposed on neighbor-
hoods occupied by African–American and Hispanic
residents were consistently evident in the bivariate
correlations, and in all areas except New York in the
multiple regression analysis. Linguistic isolation was
also a significant factor in all areas except for Los
Angeles. We also found disproportionate exposure to
heat risk for neighborhoods that contain a higher pro-
portion of disabled individuals and those who lack
high school education. Our comparison of analytical
results from the broader metropolitan and core urban
areas indicated that scale and spatial extent of the
study area is an important consideration for analyzing
thermal inequity. The spatial error model estimated
for core urban areas revealed several changes in the
results for New York City, but indicated relatively
minor changes in the significance and signs of vari-
ables for Chicago and Los Angeles. These differences
are indicative of the varying urban ecologies of the
study areas, as well as their relationships with struc-
tural and vegetation density and land surface
temperature.

In conclusion, our statistical findings point to a cli-
mate justice issue that is related to the ‘climate gap’
suggesting that people and households with reduced
economicmeans to adapt to andmitigate the effects of
urban heat have greater exposure to its adverse effects
(Shonkoff et al 2011, Grineski et al 2013). The associa-
tion between urban heat risk and social vulnerability
indicates the need for improved UHI and heat wave
mitigation strategies. Since the problem of urban heat
exposure is complicated by local factors related to
the urban structure and by an increasing global tem-
perature baseline, it demands policy decisions at mul-
tiple scales. Structuring effective strategies involves
increased research, planning, and resource allocation
in areas of cities where minorities and low-income
populations are concentrated and more exposed to
extreme heat. A major impediment here is the lack of
awareness among urban planners and public health
officials of the risk burdens imposed on socially vul-
nerable residents by elevated greenhouse gas and co-
pollutant emissions and their amplification by urban
heat (Mendez 2015). However, the landscape of ther-
mal inequity found in the three largest US cities repre-
sents an important example of climate injustice faced
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by communities characterized by racial/ethnic mino-
rities and socioeconomically disadvantaged residents
and underscores the need to conduct more compara-
tive analyses and develop appropriate policy solutions.

References

Anselin L 2005Exploring Spatial Data withGeoDa: aWorkbook
Spatial Analysis Laboratory, Urbana-Champaign,
Department ofGeography, University of Illinois, Center for
Spatially Integrated Social Science

Anselin L andBeraAK 1998 Spatial dependence in linear regression
models with an introduction to spatial econometrics
Handbook of Applied Economic Statistics ed AUllah
(NewYork: Dekker)

Buechley RW,VanBruggen J andTruppi L E 1972Heat
island= death island?Environ. Res. 5 85–92

Chakraborty J 2011Revisiting tobler’sfirst lawof geography: spatial
regressionmodels for assessing environmental justice and
health risk disparitiesGeospatial Analysis of Environmental
Health ed J AMaantay (NewYork: Springer)

Chakraborty J, Collins TW,Grineski S E,MontgomeryMCand
HernandezM2014Comparing disproportionate exposure to
acute and chronic pollution risks: a case study in houston
texasRisk Anal. 34 2005–20

ChowW,ChuangWCandGober P 2012Vulnerability to extreme
heat inmetropolitan phoenix: spatial, temporal, and
demographic dimensions Prof. Geogr. 64 286–302

Clarke J F 1972 Some effects of the urban structure on heatmortality
Environ. Res. 5 93–104

Dousset B andGourmelon F 2003 Satellitemulti-sensor data
analysis of urban surface temperatures and landcover ISPRS J.
Photogramm. Remote Sens. 58 43–54

ElliotMR,Wang Y, LoweRA andKleindorfer PR 2004
Environmental justice: frequency and severity ofUS chemical
industry accidents and the socioeconomic status of
surrounding communities J. Epidemiology Community
Health 58 24–30

Fouillet A, ReyG, Laurent F, PavillonG, Bellec S,
Guihenneuc-JouyauxC andHémonD2006 Excessmortality
related to theAugust 2003 heat wave in France Int. Arch.
Occup. Environ. Health 80 16–24

Grineski S E, Collins TW, Ford P, Fitzgerald R, Aldouri R,
Velásquez-AnguloG andLuD2012Climate change and
environmental injustice in a bi-national contextAppl. Geogr.
33 25–35

Grineski S, Collins T,McDonald Y, Aldouri R, Aboargob F, EldebA,
RomoAguilar L andVelázquez-AnguloG 2013Double
exposure and the climate gap: changing demographics and
exposure to extreme heat in Ciudad Juárez,Mexico Local
Environ. 20 180–201

Harlan S L, Brazel A J, Prashad L, StefanovWL and Larsen L 2006
Neighborhoodmicroclimates and vulnerability to heat stress
Soc. Sci.Med. 63 2847–63

HondulaDM,Davis R E, LeistenM J, SahaMV,Veazey LMand
Wegner CR 2012 Fine-scale spatial variability of heat related
mortality in Philadelphia County, USA, from1983 to 2008: a
case-series analysis Environ.Health 11 1–11

ImhoffML, Zhang P andBounoua L 2010Remote sensing of the
urban heat island effect across biomes in the continental USA
Remote Sens. Environ. 114 504–13

Jenerette GD,Harlan S L, StefanovWL andMartin CA 2011
Ecosystem services and urban heat riskscapemoderation:
water, green spaces, and social inequality in Phoenix, USA
Ecological Appl. 21 2637–51

JohnsonDP andWilson J S 2009The socio-spatial dynamics of
extreme urban heat events: the case of heat-related deaths in
PhiladelphiaAppl. Geogr. 29 419–34

JohnsonDP,Wilson J S and LuberGC2009 Socioeconomic
indicators of heat-related health risk supplementedwith
remotely sensed data Int. J. HealthGeogr. 8 57

Kalkstein L S andGreene J S 1997An evaluation of climate/
mortality relationships in largeUS cities and the possible
impacts of climate change Environ. Health Perspect. 105 84

KisslingWDandCarl G 2008 Spatial autocorrelation and the
selection of simultaneous autoregressivemodelsGlob.
Ecology Biogeography 17 59–71

Klinenberg E 2002HeatWave: a Social Autopsy of Disaster in Chicago
(Chicago, IL: University of Chicago Press)

LuD andWengQ2006Use of impervious surface in urban land-use
classificationRemote Sens. Environ. 102 146–60

McGeehinMAandMirabelliM 2001The potential impacts of
climate variability and change on temperature-related
morbidity andmortality in theUnited States Environ. Health
Perspect. 109 185–9

Medina-RamónMand Schwartz J 2007Temperature, temperature
extremes, andmortality: a study of acclimatisation and effect
modification in 50US citiesOccup. Environ.Med. 64 827–33

MendezMA2015Assessing local plans for public health co-benefits
in environmental justice communities Local Environ.: Int. J.
Justice Sustainability 20 637–63

MishraV,Ganguly AR,Nijssen B and Lettenmaier DP 2015
Changes in observed climate extremes in global urban areas
Environ. Res. Lett. 10 024005

National LandCoverDataset (NLCD) 2006 http://mrlc.gov/
nlcd2006.php

National Center for Atmospheric Research, Community Earth
SystemModel (NCAR/UCAR, CESM) 2014 https://cesm.
ucar.edu/models/current

NationalWeather Service 2013 NaturalHazards Statistics (http://
nws.noaa.gov/om/hazstats.shtml)
O’NeillM S 2003Air conditioning and heat-related health
effectsAppl. Environ. Sci. Public Health 1 9–12

OkeTR 1992Boundary Layer Climates 2nd edn (London:
Routledge)

PuR,Gong P,Michishita R and Sasagawa T 2006Assessment
ofmulti-resolution andmulti-sensor data for urban
surface temperature retrievalRemote Sens. Environ. 104
211–25

QinZ, Karnieli A andBerliner P 2001Amono-window algorithm
for retrieving land surface temperature fromLandsat TM
data and its application to the Israel–Egypt border region Int.
J. Remote Sens. 22 3719–46

Robine JM,Chueng S LK, Le Roy S, VanOyenH,Griffiths C,
Michel J P andHerrmann FR 2008Death toll exceeded
70 000 in Europe during the summer of 2003C. R. Biologies
331 171–8

Semenza J C, RubinCH, Falter KH, Selanikio JD, FlandersWD,
HoweHL andWilhelm J L 1996Heat-related deaths during
the July 1995 heat wave inChicagoNewEngland J.Med. 335
84–90

ShaposhnikovD, Revich B, Bellander T, BedadaGB, BottaiM,
Kharkova T and PershagenG2014Mortality related to air
pollutionwith theMoscowheat wave andwildfire of 2010
Epidemiology 25 359

Sheridan SC,Kalkstein A J andKalkstein L S 2008Trends in heat-
relatedmortality in theUnited States, 1975–2004Nat.
Hazards 50 145–60

Shonkoff S B,Morello-Frosch R, PastorMand Sadd J 2009Minding
the climate gap: implications of environmental health
inequities formigration policies in CaliforniaEnviron. Justice
2 173–7

Shonkoff S B,Morello-Frosch R, PastorMand Sadd J 2011The
climate gap: environmental health and equity implications of
climate change andmitigation policies in California—a
review of the literatureClim. Change 109 485–503

Smoyer KE 1998 Putting risk in its place:methodological
considerations for investigating extreme event health risk Soc.
Sci.Med. 47 1809–24

UejioCK,WilhelmiOV,Golden J S,Mills DM,Gulino S P and
Samenow J P 2011 Intra-urban societal vulnerability to
extreme heat: the role of heat exposure and the built
environment, socioeconomics, and neighborhood stability
Health Place 17 498–507

10

Environ. Res. Lett. 10 (2015) 115005 BCMitchell and J Chakraborty

http://dx.doi.org/10.1016/0013-9351(72)90022-9
http://dx.doi.org/10.1016/0013-9351(72)90022-9
http://dx.doi.org/10.1016/0013-9351(72)90022-9
http://dx.doi.org/10.1111/risa.12224
http://dx.doi.org/10.1111/risa.12224
http://dx.doi.org/10.1111/risa.12224
http://dx.doi.org/10.1080/00330124.2011.600225
http://dx.doi.org/10.1080/00330124.2011.600225
http://dx.doi.org/10.1080/00330124.2011.600225
http://dx.doi.org/10.1016/0013-9351(72)90023-0
http://dx.doi.org/10.1016/0013-9351(72)90023-0
http://dx.doi.org/10.1016/0013-9351(72)90023-0
http://dx.doi.org/10.1016/S0924-2716(03)00016-9
http://dx.doi.org/10.1016/S0924-2716(03)00016-9
http://dx.doi.org/10.1016/S0924-2716(03)00016-9
http://dx.doi.org/10.1136/jech.58.1.24
http://dx.doi.org/10.1136/jech.58.1.24
http://dx.doi.org/10.1136/jech.58.1.24
http://dx.doi.org/10.1007/s00420-006-0089-4
http://dx.doi.org/10.1007/s00420-006-0089-4
http://dx.doi.org/10.1007/s00420-006-0089-4
http://dx.doi.org/10.1016/j.apgeog.2011.05.013
http://dx.doi.org/10.1016/j.apgeog.2011.05.013
http://dx.doi.org/10.1016/j.apgeog.2011.05.013
http://dx.doi.org/10.1080/13549839.2013.839644
http://dx.doi.org/10.1080/13549839.2013.839644
http://dx.doi.org/10.1080/13549839.2013.839644
http://dx.doi.org/10.1016/j.socscimed.2006.07.030
http://dx.doi.org/10.1016/j.socscimed.2006.07.030
http://dx.doi.org/10.1016/j.socscimed.2006.07.030
http://dx.doi.org/10.1186/1476-069X-11-16
http://dx.doi.org/10.1186/1476-069X-11-16
http://dx.doi.org/10.1186/1476-069X-11-16
http://dx.doi.org/10.1016/j.rse.2009.10.008
http://dx.doi.org/10.1016/j.rse.2009.10.008
http://dx.doi.org/10.1016/j.rse.2009.10.008
http://dx.doi.org/10.1890/10-1493.1
http://dx.doi.org/10.1890/10-1493.1
http://dx.doi.org/10.1890/10-1493.1
http://dx.doi.org/10.1016/j.apgeog.2008.11.004
http://dx.doi.org/10.1016/j.apgeog.2008.11.004
http://dx.doi.org/10.1016/j.apgeog.2008.11.004
http://dx.doi.org/10.1186/1476-072X-8-57
http://dx.doi.org/10.1289/ehp.9710584
http://dx.doi.org/10.1016/j.rse.2006.02.010
http://dx.doi.org/10.1016/j.rse.2006.02.010
http://dx.doi.org/10.1016/j.rse.2006.02.010
http://dx.doi.org/10.2307/3435008
http://dx.doi.org/10.2307/3435008
http://dx.doi.org/10.2307/3435008
http://dx.doi.org/10.1136/oem.2007.033175
http://dx.doi.org/10.1136/oem.2007.033175
http://dx.doi.org/10.1136/oem.2007.033175
http://dx.doi.org/10.1080/13549839.2015.1038227
http://dx.doi.org/10.1080/13549839.2015.1038227
http://dx.doi.org/10.1080/13549839.2015.1038227
http://dx.doi.org/10.1088/1748-9326/10/2/024005
http://www.mrlc.gov/nlcd2006.php
http://www.mrlc.gov/nlcd2006.php
https://cesm.ucar.edu/models/current
https://cesm.ucar.edu/models/current
http://nws.noaa.gov/om/hazstats.shtml
http://nws.noaa.gov/om/hazstats.shtml
http://dx.doi.org/10.1016/j.rse.2005.09.022
http://dx.doi.org/10.1016/j.rse.2005.09.022
http://dx.doi.org/10.1016/j.rse.2005.09.022
http://dx.doi.org/10.1016/j.rse.2005.09.022
http://dx.doi.org/10.1080/01431160010006971
http://dx.doi.org/10.1080/01431160010006971
http://dx.doi.org/10.1080/01431160010006971
http://dx.doi.org/10.1016/j.crvi.2007.12.001
http://dx.doi.org/10.1016/j.crvi.2007.12.001
http://dx.doi.org/10.1016/j.crvi.2007.12.001
http://dx.doi.org/10.1056/NEJM199607113350203
http://dx.doi.org/10.1056/NEJM199607113350203
http://dx.doi.org/10.1056/NEJM199607113350203
http://dx.doi.org/10.1056/NEJM199607113350203
http://dx.doi.org/10.1097/EDE.0000000000000090
http://dx.doi.org/10.1007/s11069-008-9327-2
http://dx.doi.org/10.1007/s11069-008-9327-2
http://dx.doi.org/10.1007/s11069-008-9327-2
http://dx.doi.org/10.1089/env.2009.0030
http://dx.doi.org/10.1089/env.2009.0030
http://dx.doi.org/10.1089/env.2009.0030
http://dx.doi.org/10.1007/s10584-011-0310-7
http://dx.doi.org/10.1007/s10584-011-0310-7
http://dx.doi.org/10.1007/s10584-011-0310-7
http://dx.doi.org/10.1016/S0277-9536(98)00237-8
http://dx.doi.org/10.1016/S0277-9536(98)00237-8
http://dx.doi.org/10.1016/S0277-9536(98)00237-8
http://dx.doi.org/10.1016/j.healthplace.2010.12.005
http://dx.doi.org/10.1016/j.healthplace.2010.12.005
http://dx.doi.org/10.1016/j.healthplace.2010.12.005


USGeological Survey EarthExplorer LANDSAT5TM (http://
usgs.gov)

United States Census Bureau 2014 ‘Summary File’ 2009–2014
AmericanCommunity SurveyUSCensus Bureau’s American
Community SurveyOffice (http://ftp2.census.gov/)

United States Census Bureau 2010CensusUSCensus Bureau 2010
(http://census.gov/2010census/data/)

Voogt J A andOkeTR 2003Thermal remote sensing of urban
climatesRemote Sens. Environ. 86 370–84

Xiao-LingC, ZhaoH-M, Li P-X andYinZ-Y 2003Remote sensing
image-based analysis of the relationship between urban heat
island and land use/cover changesRemote Sens. Environ. 104
133–46

Zanobetti A and Schwartz J 2008Temperature andmortality in nine
US citiesEpidemiology 19 563–70

ZhaY, Gao J andNi S 2003Use of normalized difference built-up
index in automaticallymapping urban areas fromTM
imagery Int. J. Remote Sens. 24 583–94

11

Environ. Res. Lett. 10 (2015) 115005 BCMitchell and J Chakraborty

http://usgs.gov
http://usgs.gov
http://ftp2.census.gov/
http://census.gov/2010census/data/
http://dx.doi.org/10.1016/S0034-4257(03)00079-8
http://dx.doi.org/10.1016/S0034-4257(03)00079-8
http://dx.doi.org/10.1016/S0034-4257(03)00079-8
http://dx.doi.org/10.1016/j.rse.2005.11.016
http://dx.doi.org/10.1016/j.rse.2005.11.016
http://dx.doi.org/10.1016/j.rse.2005.11.016
http://dx.doi.org/10.1016/j.rse.2005.11.016
http://dx.doi.org/10.1097/EDE.0b013e31816d652d
http://dx.doi.org/10.1097/EDE.0b013e31816d652d
http://dx.doi.org/10.1097/EDE.0b013e31816d652d
http://dx.doi.org/10.1080/01431160304987
http://dx.doi.org/10.1080/01431160304987
http://dx.doi.org/10.1080/01431160304987

	1. Introduction
	2. Data and methods
	2.1. Dependent variable
	2.2. Explanatory variables
	2.3. Statistical methods

	3. Results
	4. Concluding discussion
	References



