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Recent research, focused mostly on the United States and Western Europe, shows that
marginalized communities often face greater environmental degradation. However,
the ethnoracial categories used in these studies may not fully capture environmental
inequality in the Global South. Moving beyond conventional ethnoracial variables, this
study presents �ndings exploring the link between skin tone and �ne particulate matter
(PM2:5) exposure in Colombia. By matching household geolocations from a large-scale
longitudinal survey with satellite-based PM2:5 estimates, we �nd that skin tone predicts
both initial pollution exposure levels and their changes over time. Although average
exposure levels remained stable during our study period, the environmental justice (EJ)
landscape in Colombia contemporaneously underwent a complete transformation. In
2010, lighter-skinned individuals faced higher PM2:5 exposure, but darker-skinned
individuals experienced steeper increases in the following years. By 2016, the EJ gap
had reversed, with people with the darkest skin tones exposed to PM2:5 levels nearly one
SD higher than those faced by people with the lightest skin tones. These patterns remain
robust when controlling for a comprehensive set of theoretically relevant covariates,
including ethnoracial self-identi�cation and income. Disproportionate exposure to
pollution from �res partially explains the observed disparities. Decomposition analysis
shows that this variable, local collective action, and economic marginalization account
for a sizeable share of the EJ gap. However, one-third of the gap remains unexplained
by observable characteristics. With climate change intensifying �re incidence, the
disproportionate disease burdens that vulnerable groups face might deepen unless
policy measures are taken to reverse this trend.

air pollution j inequality j environmental justice j skin tone j Colombia

Air pollution exposure has strong and enduring negative health and human capital
impacts (1�3). Exposure to particulate matter smaller than 2.5 �m (PM2:5) is robustly
associated with numerous health issues, including respiratory and cardiovascular disease
and premature death (4�6). Pollution exposure negatively impacts labor productivity,
cognitive performance, and academic achievement, ultimately reducing economic well-
being (7). For these reasons, the World Health Organization (WHO) has set guidelines
for safe levels of PM2:5 exposure, recommending that the mean annual concentration of
PM2:5 stay below 5 �g/m3 (6). In Colombia, the setting of this study, the economic costs
of particulate pollution are estimated to account for 1.5% of Gross Domestic Product
(GDP) (8). In Latin America and other areas in the world, many chronic conditions,
as well as premature mortality, are often distributed inequitably along societal lines,
with populations of lower socioeconomic status bearing the brunt of the disease burden
(9�11), but little is known about the contribution of environmental inequalities to such
disparities.

Research and activism have brought attention to the disproportionate pollution
exposure suffered by marginalized communities (12�14), with growing concern over
particulate matter. In recent years, social science research has made signi�cant strides in
understanding the drivers and consequences of the unequal exposure of racialized and
economically disadvantaged groups to air pollution, an inequality sometimes referred to
as the environmental justice (EJ) gap (15�17). In particular, disproportionate exposure
to PM2:5 has been hypothesized to explain a signi�cant portion of the racial income
gap (18, 19). However, much of this research has focused on ethnic or racial categories
speci�c to the historical and institutional context of the United States and thus may not
be applicable to most of the world.

In many regions of the Global South, institutionalized racism is deeply entrenched
in urban planning and environmental policies (20�22). Social strati�cation in these

Signi�cance

Each year, outdoor air pollution
claims three million lives
worldwide. In Colombia, levels of
particulate matter smaller than
2.5 �m (PM2:5) exceed the limits
stipulated by World Health
Organization guidelines. This
study measures environmental
disparities by skin tone. Using
satellite-based PM2:5 estimates
and the Colombian longitudinal
household survey, it reveals a
transformation: While in 2010,
individuals with darker skin tones
experienced lower pollution
levels, by 2016, they faced
significantly worse air quality.
Satellite geolocation of fires
reveals a persistent link between
skin tone and fire-related
pollution exposure.
Decomposition analysis reveals
that two-thirds of the exposure
gap is attributable to individual
characteristics. One-third remains
unexplained, underscoring the
need to further investigate the
potential role of racial
discrimination.
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regions, however, does not necessarily conform to the census-
style ethnoracial categories commonly used in surveys and the
environmental inequality literature. Scholars specializing in the
Global South argue that phenotype, with an emphasis on skin
tone, might be a more apt dimension along which racialized
strati�cation occurs (23�25). Currently, many surveys in Latin
America employ the scale from the Project on Ethnicity and Race
in Latin America (PERLA), which categorizes skin tones into a set
of discrete shades, ranging from light to dark. Nonetheless, skin
tone has not yet been explored in environmental strati�cation
studies.

In this paper, we employ a unique georeferenced longitudinal
household survey in Colombia called Encuesta Longitudinal
Colombiana de la Universidad de los Andes (ELCA) (26)
and satellite-based outdoor air pollution estimates to produce
�ndings quantifying the link between skin tone, measured by
the PERLA scale, and exposure to ambient air pollution in
Colombia. Previous research in Latin America and elsewhere
has focused on heterogeneity in exposure by income and
ethnicity. We document a transformation of the EJ landscape
in Colombia over recent years. While, on average, ambient
particulate matter exposure in our sample remained essentially
unchanged between 2010 and 2016 (with an average decrease
of 0.01 �g/m3), this pattern masks substantial disparities. Skin
tone and ethnoracial self-identi�cation robustly predict different
trajectories of environmental quality, with a larger proportion of
people with darker skin tones exposed to air quality deterioration.
Notably, while people in the darkest PERLA category started the
period of study with a lower level of pollution exposure than
people of lighter skin tones, the former group experienced a 1.6
�g/m3 increase in PM2:5 exposure, a rise of 8% from the 2010
sample mean. Thus, by the end of our study period, the sign of
the association between skin tone and particulate exposure had
reversed. This phenomenon is present in both urban and rural
settings, but stronger for the latter. It is consistent for households
that changed residences and those that did not move, which
rules out residential sorting as a major driver. By contrasting the
results obtained when we use the continuous measure of skin
tone from PERLA and the categorical race variable from ELCA,
our study highlights the limitations of traditional racial categories
for analyses of environmental injustice in the Global South.

Our �ndings provide descriptive evidence of potential mech-
anisms behind these results. In 2010, �re exposure accounted
for just 2% of the variation in outdoor particulate pollution
exposure in our sample. In that year, regulation was passed
establishing air quality guidelines�including for PM2:5�and
mandating monitoring of this pollutant in a network that, even
today, remains concentrated in urban areas.* Over the following
decade, pollution abatement efforts proceeded alongside two key
processes. The �rst is the growing in�uence of climate change on
�re activity, which has been identi�ed as relevant for Colombia
(27�29). Second, the peace process consolidated in 2014 and
has since reshaped the geography of coca cultivation and cat-
tle ranching�both activities frequently involving deforestation
through �re (30). Consistent with these large-scale phenomena,
�re exposure in 2016 explained nearly 20% of the variation in
particulate pollution exposure in the sample.

Using satellite-based estimations of �re intensity (31, 32) and
wind direction (33), our �ndings provide suggestive evidence
that �re exposure is a signi�cant contributor to the EJ gap that
we document here. We observe a steepening of the gradient

*Resolution 610 from 2010.

in the relation between skin tone and �re pollution exposure
between 2010 and 2016. Furthermore, standard decomposition
techniques reveal that upwind �re exposure plays a role in both
the composition and returns components of the EJ gap across
both years. The decomposition analysis also highlights that local
collective action, urbanization, and, to a lesser extent, socioe-
conomic status contribute to the gap. Together with �res and
migration, these variables explain two-thirds of the 2016 EJ gap.

Our �ndings are consistent with those from other works
documenting that analyses considering ethnoracial categories
and skin tone can play a complementary role to advance our
understanding of the complexities of race and discrimination
in Latin America, with skin tone capturing more signi�cant
variance (34, 35).� Also congruently with other works looking
at nonenvironmental strati�cation, class is a confounding factor
that holds signi�cance in predicting outcomes, but it does not
fully account for differences by skin tone. The �ndings presented
in this study indicate that further research investigating EJ in
Colombia should closely examine whether abatement policies and
sociopolitical change have disproportionately bene�ted certain
segments of the population while neglecting others.

Data and Context

Data Sources. This study utilizes individual-level georeferenced
data from ELCA, a nationally representative longitudinal house-
hold survey that tracked 10,000 Colombian households every
three years between 2010 and 2016, recording their exact
coordinates in each round. In the 2013 survey round, a PERLA
scale module recording household members’ skin tone was
included. We impute the average skin tone of household adults to
household members without information and group the twelve
PERLA skin tones into seven categories, where 1 is the lightest
and 7 is the darkest. Detailed descriptions of the imputation
approach are available in SI Appendix, Figs. S1 and S2). The panel
structure of the survey allows us to examine migration patterns
and the evolution of pollution exposure levels. Ambient pollution
estimates are obtained from the Atmospheric Composition
Analysis Group (ACAG) at Washington University in St. Louis
(37). ACAG produces its estimates by combining aerosol optical
depth (AOD) retrievals from various NASA satellite instruments
with a chemical transport model, which it then calibrates with
ground-based observations. It then makes publicly available the
resulting raster data, which have global coverage at a spatial
resolution of 0.01 degrees. We use annual estimates of average
ground-level PM2:5 for 2010, 2013, and 2016.

Our analysis calculates pollution exposure by averaging the
cell values from the PM2:5 raster within 1 km, 5 km, and 10
km buffers around households’ coordinates. The variation in
buffer radius helps ensure the robustness of our results. This
method has been widely used in recent EJ literature (17, 38).
An implicit assumption is that place of residence is the relevant
location for our calculation of pollution exposure. While ideally
we would also capture workplace exposure, ELCA does not
contain respondents’ workplace information.

To assess the role of �re pollution exposure in EJ patterns, we
measure �re exposure at the household level as the intensity- and
probability-weighted yearly upwind �re counts within a 50 km
radius. Fire intensity and probability data are obtained from the

�While there are significant variations in skin color among the populations of the Americas,
countries such as Mexico, Brazil, Bolivia, Ecuador, and Peru exhibit patterns in skin tones
similar to those observed in Colombia. Ethnoracial categories are more related to skin
color in some countries, such as Panama, than in others. However, both variables generally
capture distinct information (36).
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Fig. 1. PM2:5 annual average concentrations and geographic location of ELCA households. Notes: Panels A and B show annual mean PM2:5 concentrations in
2010 and 2016 (�g/m3). Highlighted circles present the locations of surveyed urban households in white and those of surveyed rural households in gray. Panel
C shows the changes in annual mean PM2:5 concentrations between 2010 and 2016.

Fire Information for Resource Management System (FIRMS),
which is based on VIIRS and MODIS products (31, 32). We
analyze wind patterns using the ERA5 and ERA5-Land datasets
(39). Yearly �re counts are weighted by intensity and probability,
with �re intensity measured in radiance temperature (K) and
including only high-con�dence �res (those with over 60%
probability). Fires are classi�ed as upwind based on prevailing
wind direction, de�ned on the basis of 90-degree quadrants as in
previous works (40, 41).

We calculate urban and rural �re exposure separately to
distinguish between biomass burning in agriculture and forest
�res (rural) and �re activity that is likelier to involve houses or
infrastructure (urban). Urban �res are de�ned broadly, including
periurban and rural areas as long as the �re occurred within the
boundaries of a populated center, de�ned as any conglomerate
of at least 20 contiguous residences. Since we employ a 50 km
radius as our boundary for �res’ area of impact, following previous
research (40, 41), we allow rural households to be impacted by
an urban �re, and vice versa, if they are located downwind from
the �re and fall within this perimeter.

Technical details regarding the PERLA scale and ELCA are
available in SI Appendix, along with a detailed explanation of the
ACAG data and �re exposure assessment. Descriptive statistics
are provided in SI Appendix, Tables S1�S4.

Context. The average individual in the sample experienced a
slight, statistically insigni�cant decrease in PM2:5 exposure
between 2010 and 2016. Speci�cally, urban households expe-
rienced an average decrease of �0.1 �g/m3. Meanwhile, the
increase for rural households was 0.11 �g/m3, as shown in
SI Appendix, Table S3.

Fig. 1 provides a visual representation of the change in
annual particulate concentrations (�g/m3) during this period.
Additionally, the �gure displays the geographic distribution
of observations from households participating in ELCA. The
concentration levels within 5 km around the ELCA households
each year range from 12.4 to 28.5 �g/m3, and the intertemporal
change ranges from �6.8 to 9.3 �g/m3. Notably, in 2010 and
2016, over 98% of these households were exposed to annual

average concentrations greater than 15 �g/m3, three times the
current limit under WHO guidelines (42). A full classi�cation
of ELCA households by their PM2:5 exposure levels in 2010 and
2016, following WHO guidelines and interim targets, is available
in SI Appendix, Table S4.

Despite government efforts to regulate and enforce air quality
standards, average air quality in Colombia has not improved over
the past decade. The causes of suboptimal air quality vary between
urban and rural areas, although biomass burning is a dominant
factor nationwide, accounting for 75% of particulate pollution.

In Colombian cities, 80% of internal PM2:5 emissions are
attributable to mobile sources, with the remaining 20% coming
from stationary sources, but external sources such as nearby forest
�res contribute to poor air quality (8, 43). Emissions inventories
indicate that primary internal sources of particulate matter
include fossil fuel combustion, motor vehicle transportation,
and industrial activities. Additionally, unfavorable topography
and meteorological conditions can hinder the proper dispersion
of pollutants in the atmosphere (8). Improper waste disposal
practices, especially uncontrolled waste burning, remain a sig-
ni�cant cause of air pollution, particularly in urban peripheries
and rural areas where settlements lack adequate disposal services.
Recent migration and displacement have further exacerbated this
problem (44, 45).

In rural Colombia and neighboring countries, several factors
contribute to high levels of air pollution. Open biomass burning,
including agricultural and forest �res, is a major source of
pollution in South America, making the region one of the largest
global contributors to such emissions (46, 47). In Colombia,
deforestation�often linked to illicit activities such as coca
cultivation and traf�cking�aggravates the problem, as land
clearing for both legal and illegal crops often involves intentional
�res (48, 49). The peace negotiations and FARC cease�re in
2014 further accelerated deforestation and altered conservation
dynamics (50, 51). Moreover, extractive industries such as open-
pit coal mining and quarrying have signi�cantly deteriorated
air quality across numerous municipalities (52). Climate change
intensi�es these challenges by increasing the frequency of forest
�res, further raising PM2:5 concentrations (28, 29). Many of these
rural emissions are transported to urban centers, and vice versa.
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Methodology

To measure the transformation of environmental inequality
in Colombia, we quantify and decompose the differences
by skin tone in pollution exposure in 2010 and 2016 and
the intertemporal change during this period. Even without
additional covariates, these relationships are of academic and
policy interest because they reveal that skin tone is a relevant
axis of environmental strati�cation in Colombia. In the EJ
literature, researchers are interested in measuring the robustness
of the �nding of inequitable exposure to the inclusion of
statistical controls. In particular, several studies have questioned
whether race is still a signi�cant predictor of exposure when
the estimates are conditioned on income and wealth proxies
or other local characteristics that might drive �rms’ production
decisions or governments’ environmental policies (even if some
of these characteristics might themselves be in�uenced by racial
discrimination) (17, 53�55).

Quantification of the EJ Gap. Our econometric speci�cations
estimate an ordinary least squares regression using as our
dependent variable estimated PM2:5 exposure, which may be
the 2010 level, 2016 level, or change between 2010 and 2016.
Our independent variables of interest are a series of skin tone
indicators. Speci�cally, we estimate the following equation:

Yit = � 0 +
X

j2[3,7]

� jt1[PERLAi = j] + � it + � it , [1]

where Yit is the average measurement of interest of pollu-
tion within a 5 km buffer around the residence of indi-
vidual i. These regressions are estimated separately for t =
2010, 2016, 2016�2010. 1[PERLAi = j] represents an indicator
variable for the PERLA skin tone categories as de�ned in this
study, j 2 [3, 7]. The omitted category corresponds to individuals
with lighter skin (tones 1 and 2 on the PERLA scale). The
coef�cients � jt measure the relationship between skin tone and
PM2:5 exposure at time t.

Theoretically relevant covariates from the EJ literature are then
progressively added to � i. First, to orient our analyses within
the �race vs. class� debate (54), we include monthly household
income in t and an indicator of the respondent’s having at least
one unmet need, which measures multidimensional poverty.
Second, as we are interested in showing that skin tone is
a robust measure of environmental strati�cation regardless of
ethnoracial self-identi�cation, we include enthoracial indicators.
Degree of urbanization in the municipality of residence is also
accounted for.

We also include migration status, indicating whether the
respondent has changed municipalities in the past �ve years.
Internal migration in Colombia is mainly driven by the availabil-
ity of work, natural disasters, and the armed con�ict. Indigenous
and Afrodescendant populations are overrepresented among the
displaced population (56) and are likelier to be displaced by the
con�ict than to migrate for economic reasons (57), such that their
relocation choices are potentially constrained, with implications
for the environmental quality to which they have access. Urban
and rural upwind �re pollution exposure in a 50 km radius is
included. Turnout in the most recent election is also included as
a control, as this variable has been conceptualized as a proxy for
local collective action and has been found to predict pollution
exposure and the location of hazardous waste facilities (58, 59).
SI Appendix describes the covariate construction in greater detail.

Decomposition of the EJ Gap. To further dissect the observed
disparities, we employ the Kitagawa�Oaxaca�Blinder decompo-
sition (KOBD) framework (60�62). This approach involves a
series of counterfactual exercises, such as estimating how the EJ
gap would look if the group of people with darker skin tones had
the same composition in terms of observable characteristics�
such as income or �re pollution exposure�as the group with
lighter tones, or how pollution exposure for individuals with
darker skin tones would change if they experienced the same
returns to standard predictors of environmental quality as
those with lighter skin tones. This methodology allows us to
quantify the extent to which various factors contribute to the
observed gap in pollution exposure by skin tone. Speci�cally,
it helps identify what portion of the EJ gap is attributable
to differences in the distribution of observable characteristics
across skin tone categories. The unexplained portion of the
EJ gap arises from differences by skin tone in the returns to
both observable and unobservable characteristics. This difference
in returns is relevant because, when group membership is
linked to immutable characteristics, it is often interpreted as a
measure potentially associated with discrimination (63). Hence,
the more variables we add to the decomposition, the more
conservative the resulting estimate of discrimination will be.
Nevertheless, it is important to acknowledge that some of the
variables included in the explained portion of the variation
under our decomposition may also be in�uenced by systemic
discrimination (55).

PERLA skin tones are categorized into light L (PERLAi � 2)
and dark D (PERLA� 3). We treat categories 1 and 2 as the base
category to align with the structure used throughout the paper.
Letting DD = 1 indicate a darker skin tone, then under certain
assumptions, the overall mean EJ gap �O = E[YD j DD =
1]� E[YL j DD = 0] can be separated into:

O�O = NXD( O� D � O� L) + ( NXD � NXL) O� L

= O�S + O�X [2]

The �rst term in Eq. 2 is the environmental strati�cation
component, O�S , which captures differences in coef�cients of the
included controls, while the second term is the composition com-
ponent, O�X , capturing the differences in characteristics between
groups L and D. We perform the decomposition incorporating in
X the covariates employed in Eq. 1. The required assumptions�
simple counterfactual treatment, overlapping support between
groups and ignorability of unobserved covariates�are discussed
in detail, along with the limitations they entail, in SI Appendix,
Methodological Appendix).

Under the same assumptions required to estimate Eq. 2, O�S
and O�X can be further decomposed and expressed as the sum of
the contributions of the covariates. The detailed decomposition
then allows us to examine the evolution of the relative relevance
of covariates and their returns to the EJ gap. For instance, each
element of the sum O�S can be interpreted as the contribution
of the differential returns to the kth covariate to the total
unexplained portion of the gap, evaluated at the mean value
of NXBk. In Robustness, we discuss the implications of the main
assumptions for this KOBD application and corroborate that
our results are robust to key modeling choices. A comprehensive
discussion on the estimation techniques, underlying assumptions,
and potential limitations of the overall and detailed KOBD is
available in SI Appendix.
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Results

Skin Tone As a Consistent Axis of Environmental Stratification.
EJ research typically relies on ethnoracial categories (16, 54) or
foreign-born status (64�66) to assess environmental inequality.
However, skin tone has been identi�ed as �a central axis of social
strati�cation in at least several Latin American countries, though
it is often ignored� (24, p.3). The reluctance of survey respon-
dents to self-identify with one of the available categories in ELCA
(�White,� �Black/Afrodescendant,� �Indigenous,� �Palenquero,�
and �Raizal�)�where 30% of respondents select none of these
options�re�ects the methodological challenges in conducting
EJ assessments with these categories. Along the same lines, Fig. 2
illustrates the signi�cant overlap of observed skin tone that exists
even among individuals who self-report as Black and White.
Indigenous people�a diverse group in terms of phenotype�also
potentially face different manifestations and levels of institution-
alized colorism. The disconnect between ethnoracial categories
as traditionally de�ned and the local realities of Latin America
may be behind the lack of �ndings of statistically signi�cant links
between pollution and ethnoracial identity in previous research
in some of these contexts (e.g., refs. 67�69).

Before proceeding to the regression analyses, we compute
average pollution exposure by skin tone category using different
buffer radii. Fig. 3A illustrates a clear gradient in 2010,
with individuals in the darkest category bene�ting from lower
pollution exposure�7.9% less exposure than those in categories
1 and 2, a difference of 1.52 �g/m3. However, by 2016, this
relationship had reversed. Individuals with lighter skin tones
(�4 on the PERLA scale) disproportionately bene�ted from air
quality improvements, while those with darker skin tones (�5
on the PERLA scale) became increasingly exposed to air quality
degradation over the study period. Speci�cally, the darker skin
tone group (PERLA� 7) saw an exposure increase of 1.55 �g/m3

(8.1%) by 2016, while the lightest skin tone group experienced
an almost equal improvement of �1.21 �g/m3 (�5.9%). As a
result, by 2016, individuals in the darkest skin tone categories had
an average pollution exposure that was 6% higher than those with
the lightest skin tones. These patterns are robust to our de�ning
exposure with different buffer radii (1 km, 5 km, and 10 km).

In addition to examining aggregate estimates, we conduct a
separate analysis by dividing the sample by type of residence
(urban or rural) at the time of the �rst interview (Panels B and C,
respectively). In each panel, the sample is further divided between
movers and nonmovers, de�ned, respectively, as households that
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Fig. 2. Ethnoracial categories and skin tone in Colombia. Notes: Figure
shows the distribution of skin tone according to the PERLA scale within each
self-reported ethnoracial category.
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Fig. 3. Average PM2:5 exposure by skin tone. Notes: Estimates based on
2010 and 2016 ELCA. Panel A includes the full sample. Panel B includes
households residing in urban areas when first interviewed and Panel C
households residing in rural areas when first interviewed. Movers are defined
as those who relocated more than five kilometers between ELCA rounds.
Marker size is proportional to the corresponding radius (1, 5, or 10 km).

moved more than �ve kilometers from their initial residence
during the study period and those that did not move. The
direction of the changes is robust across these subsamples. While
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the magnitude of the change is considerably greater for those
living in a rural area in 2010, in the next section, we show that
the pattern of worsening air pollution for those with darker skin
tones is statistically signi�cant and robust for urban respondents,
as well.

Previous EJ research has debated whether systematic inequali-
ties in exposure to air pollution are driven by disproportionate sit-
ing of emitting facilities in minority neighborhoods (or selective
implementation of environmental policies) or by sorting.� The
panel structure of ELCA allows us to examine the potential role
of sorting and siting as two relevant mechanisms contributing
to the emergence of EJ gaps in Colombia. Panels B and C of
Fig. 3 situate our �ndings within the sorting vs. siting debate
by comparing movers with nonmovers�i.e. those who relocated
more than �ve kilometers between ELCA rounds from those
who did not. In our sample, 9.8% of people moved under this
criterion, while 4.8% changed their municipality of residence
between 2010 and 2016. Residential sorting�that is, moving in
search of lower prices or toward speci�c amenities�can occur
within the same neighborhood and has been found to explain
some environmental inequalities (17, 54).

If sorting were the primary driver of the observed reversal of
environmental fortunes, we would expect the aggregate pattern to
be attenuated among nonmovers. However, the opposite is true.
For respondents who began in urban areas, the observed reversal
is primarily driven by nonmovers, as on average, movers at both
ends of the skin tone spectrum relocated to areas with slightly
worse air quality. This result is even clearer for rural respondents.
Regardless of whether they moved, rural individuals with the
lightest skin tones experienced an approximately 2 �g/m3 (10%)
improvement in air quality over the study period, the opposite of
what we observe for the respondents with the darkest skin tones.
Both movers and nonmovers experienced increased particulate
pollution exposure (6.3% and 11.7%, respectively), resulting
in an exposure gap between the groups with the lightest and
darkest skin tones of 21.1% for nonmovers and 15.8% for movers
in 2016.

When we consider predetermined racial categories, we observe
some disparities in exposure levels. To elaborate, in 2010,
individuals identifying as White had an exposure level of
19.78 �g/m3, 0.44 �g/m3 higher than that of mestizos, 0.74
�g/m3 higher than that of Indigenous people and more than
a unit higher than that of Afrodescendants (18.69 �g/m3).
Over time, both White and mestizo populations experienced
notable improvements in air quality. In contrast, the air quality
for Indigenous and Afrodescendant individuals worsened, with
increments in PM2:5 exposure of 1.02 �g/m3 and 0.54 �g/m3,
respectively. This relationship is even more pronounced for the
rural samples. Detailed results are presented in SI Appendix,
Fig. S5.

Further analyses, available in SI Appendix, Fig. S6 con�rm that
the gradient of the skin tone�exposure relationship for 2013 is in
an intermediate position between its counterparts for 2010 and
2016, indicating a gradual transformation of the EJ landscape in
Colombia during the study period.

The EJ Gap. The results from our estimating Eq. 1 for exposure
levels in 2010 and 2016 and the difference between them,
as shown in Fig. 4, again reveal a reversal of the skin tone�
exposure gradient in Colombia. Panel A illustrates that, in

�Other policy-relevant drivers are di�erential access to information and discriminatory
housing markets, which yield a phenomenon known as steering (70, 71).
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Fig. 4. Average PM2:5 exposure by skin tone. Notes: Associations between
skin tone and PM2:5 exposure in 2010 (A), 2016 (B), and the di�erence
between 2016 and 2010 (C). The figure includes 99%, 95%, and 90% CIs (fading
color bars). We progressively add covariates, starting with no controls (purple)
and ending with the most complete specification (yellow), which includes
sociodemographic controls (income, an unmet needs indicator, urbanization
level of the county of residence), migration status, ethnicity indicators (none,
mestizo, Indigenous, and Afrodescendant), voter turnout, and urban and
rural upwind probability-weighted fire exposure.
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2010, individuals with darker skin tones were exposed to
lower pollution levels. However, this difference becomes less
pronounced as more statistical controls are added, with local
election turnout generating the largest reduction. Speci�cally,
the differential pollution exposure of those with PERLA skin
tones �7 (the darkest category) in 2010 shifts from �1.5 �g/m3

in the raw results to �0.6 �g/m3 in the speci�cation with all the
controls.

For 2016, the shape of this gradient clearly shifts. While
skin tones 3 and 4 are associated with pollution exposure levels
approximately half a unit lower than those to which respondents
of the lightest skin tone were exposed, an increasing pattern
emerges for tones 4 to 7, as shown in Panel B. The estimate
for O� 7,2016 is approximately 1 �g/m3 across all speci�cations.
This pattern holds even after we control for a broad set of
theoretically relevant covariates. However, including urban and
rural �re exposure variables (the �nal set of coef�cients) reduces
the strength of this pattern, indicating that differential exposure
to �re pollution may play a role in explaining the EJ gap in
Colombia.

It is worth examining the intertemporal changes in pollution
(Fig. 4C ), which allows us to �x several individual characteristics
and, by following respondents over time, explore how skin tone
is linked to their environmental fortunes. The results indicate a
strong association between skin tone and air quality deterioration.
The group with the darkest skin tones experienced an increase
in pollution exposure ranging between 2.1 and 2.8 �g/m3,
depending on the covariates adjusting this relationship�a
magnitude equivalent to a change in exposure of 1 to 1.4 SD in
our dataset. This gap is not only statistically signi�cant: Findings
from comparable contexts suggest that it is also economically
relevant (72). For example, recent studies estimate that a 10
�g/m3 increase in PM2:5 exposure during the �rst year of life
increases the infant mortality rate by 9.2% in sub-Saharan Africa
(73), a region whose baseline pollution averages 25.2 �g/m3, on
par with the 19.01 �g/m3 average in our sample. Furthermore,
estimates from Chile (with baseline pollution of 26.32 �g/m3)
indicate that an increase as small as 1 �g/m3 in PM2:5 exposure
for a single day increases emergency room visits for respiratory
illness by 0.36% (74).

As skin tone lightens, the coef�cient linearly declines, culmi-
nating in an estimate ranging between 0.2 and 0.6 �g/m3 for
individuals with a skin tone of 3�the second-to-lightest shade
on our adapted PERLA scale.

Fig. 5 indicates some evidence of EJ issues along traditional
ethnoracial bounds, with Indigenous people experiencing the best
air quality in 2010 but the most substantial PM2:5 increments
subsequently. The omitted category consists of respondents
identifying as White (20% of the sample). Controlling for �re
exposure and local collective action mutes the relationships found
for 2010, but not those found for 2016 or the intertemporal
pattern. Overall, all groups experienced differential pollution
increases of�1 �g/m3 relative to the change in exposure of White
respondents. Indigenous individuals were the most affected,
showing estimated PM2:5 increases ranging from 1.8 �g/m3 to
2.2 �g/m3.

The �ndings from Fig. 4 remain consistent when urban
and rural households are analyzed separately. Among urban
respondents, those with the darkest skin tones experienced
an increase in pollution exposure ranging from 0.7 �g/m3 to
1 �g/m3, equivalent to 0.35 to 0.5 SD of the exposure changes
among this sample. The pattern of increasing exposure for
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Fig. 5. Average PM2:5 exposure by ethnicity. Notes: Associations between
ethnicity and PM2:5 exposure in 2010 (A), 2016 (B), and the di�erence between
2016 and 2010 (C). The figure includes 99%, 95%, and 90% CIs (fading color
bars). We progressively add covariates, starting with no controls (purple)
and ending with the most complete specification (yellow), which includes
sociodemographic controls (income, an unmet needs indicator, urbanization
level of the county of residence), migration status, voter turnout, and urban
and rural upwind probability-weighted fire exposure.
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darker skin tones remains stable even when controls are added.
The pattern is more pronounced for rural households than in
the general sample, with the relative increases for the darkest
skin tones reaching 4.3 �g/m3 in the raw speci�cation and 2.7
�g/m3 after we include all controls. These results are shown in
SI Appendix, Fig. S7.

Mechanisms. In Colombia, residential �rewood use, agricultural
burns, and natural sources, such as forest �res, contribute
approximately 75% of PM2:5 emissions, with the remaining 25%
originating from �xed and mobile emission sources (8). Forest
and agricultural �res alone account for half of the particulate
emissions in the country. Our analyses in the previous sections
suggest that exposure to �re pollution may account for part
of the observed disparities. In this section, we formalize this
argument by examining the relationship between skin tone and
�re pollution exposure and then proceed with decomposition
analyses to further investigate these dynamics.

Fig. 6 depicts the relationship between skin tone and potential
�re smoke exposure in Colombia for the years 2010 and 2016.
Note that urban �res are broadly de�ned to include �res in
periurban and rural areas, that is, �res within the boundaries

of a populated area, characterized as any cluster of at least 20
adjacent or neighboring residences. Under this de�nition, the
frequency of rural �res in our sample is an order of magnitude
higher than the frequency of urban �res. Individuals with darker
skin tones were exposed to more upwind rural and urban
�res in both years. However, the number of additional yearly
rural (urban) �res to which people with the darkest skin tone
were exposed increased from 16 to 27 (2 to 3). While the
disparities are larger for 2016, the general pattern�that people
with darker skin tones are exposed to more upwind �res�
remains constant across time. Hence, �re pollution is a persistent
factor contributing to air quality inequities but might not fully
explain the observed changes. Fire exposure explained 2% of
the variation in PM2:5 in 2010 but accounted for nearly 20%
of the variation in particulate pollution in the sample by 2016,
as displayed in SI Appendix, Table S9. This �nding raises the
question of how the explanatory power of other components
of the EJ gap rises or wanes across the years in our sample
period.

The results in Fig. 4 reveal the in�uence of the other included
covariates on the magnitude of the skin color coef�cients.
Intuitively, a portion of the exposure disparities stems from the
correlation of standard predictors of environmental quality, such
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Fig. 6. Skin tone and potential fire smoke exposure in 2010 and 2016 across rural and urban areas. Notes: Panels A and B use 2010 data and employ rural and
urban fires, respectively, as the dependent variable. Panels C and D use 2016 data and employ rural and urban fires, respectively, as the dependent variable.
Exposure is calculated as the yearly total probability- and intensity-weighted upwind fire incidence in the 50 km radius around each household’s coordinates,
measured in brightness temperature (degrees Kelvin, thousands). The figure includes 99%, 95%, and 90% CIs (fading color bars). Controls include income, an
unmet needs indicator, ethnicity, urbanization level of the county of residence, migration status, and voter turnout.
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A

Fig. 7. Decomposition of EJ gap. Notes: Kitagawa�Oaxaca�Blinder decomposition of the association between skin tone and PM2:5 pollution exposure. Panel
A presents the overall results of the decomposition for 2010, using as cuto� PERLA � 2 and Panel B presents the detailed decomposition for the same year.
Panel C presents the overall results of the decomposition for 2016, using as cuto� PERLA � 2 and Panel D presents the detailed decomposition for the same
year. SEs in parentheses ***P < 0.01, **P < 0.05, and *P < 0.1.

as socioeconomic status and local collective action (quanti�ed
through voter turnout in recent presidential elections), with skin
tone. Fig. 7 displays the results of our implementing the KOBD
described in Eq. 2, showing what fraction of the EJ disparities
can be attributed to differences in the included covariates.
The explained portion represents the amount by which the EJ
gap would be reduced in a hypothetical world where, other
things equal, dark-skinned individuals had the same observable
characteristics as light-skinned individuals, as measured by the
included covariates.

The KOBD further illuminates whether speci�c explanatory
variables disproportionately bene�t White individuals, giving rise
to the unexplained segment of the EJ gap. Panels A and C show
that a third of the racial difference in pollution exposure remains
unaccounted for by the conventionally relevant variables in the
domain. Panels B and D present the contributions of speci�c
covariates to the explained (green) and unexplained (purple)
portions of the gap. They offer two additional insights. In terms
of the explained portion, the higher levels of local collective
action among darker-skinned individuals explain much of this
group’s relatively lower pollution exposure in 2010. By 2016,

urban/periurban and rural �re exposure had begun to play a
detrimental role for darker-skinned individuals.

On the unexplained side, the environmental strati�cation
function�which re�ects differential returns to these covariates�
also underwent a marked shift. In 2010, the lower pollution
exposure for darker-skinned individuals was partly due to
favorable returns to voter turnout. However, by 2016, these
returns had reversed, with lighter-skinned individuals (noisily)
gaining more from local political participation. The negative
returns to �re exposure increased, exacerbating the EJ gap.
Importantly, a substantial proportion of the disparity remains
unaccounted for by the composition of and returns to the
covariates included in our study.

Robustness. SI Appendix explores heterogeneity in the results
across different modeling choices and the results’ sensitivity to
several robustness checks. First, our main analyses, displayed in
Fig. 4, rely on pollution exposure estimates constructed based on
a 5 km radius from the household’s coordinates. The relationships
prove consistent regardless of buffer size, as shown in SI Appendix,
Tables S5 and S6, where we employ 1 km and 10 km radii instead.
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Our results also remain robust across different imputation and
clustering techniques. Further analyses in SI Appendix, Tables S7
and S8 demonstrate that the sign, signi�cance, and magnitude
of our main �ndings hold under the following speci�cations:
1) excluding individuals with imputed skin tones, 2) clustering
SEs at the household level, and 3) restricting the sample to
only household heads. It is important to note that ELCA
tracks individuals rather than households, allowing us to follow
household members as they relocate and form new households
by 2016, making the individual-level regression our preferred
speci�cation.

One could relax the assumption that intergroup differences
come only from �S and �X . A threefold decomposition allows
the gap to vary depending on the interaction between the char-
acteristics and their respective returns. In a threefold decomposi-
tion, the coef�cient on the interaction effect is relatively small, in
contrast with �S and �X (SI Appendix, Fig. S8). Alternatively,
one could relax the assumption of no general equilibrium effects
implied in standard KOBD techniques (63) by means of a
pooled decomposition. This method employs as a counterfactual
a weighted average � � = 
� L+( I�
)� D, where 
 = w re�ects
a weighting corresponding to the share of the two groups in the
population. The results from this approach are virtually identical
to those in Fig. 7, as shown in SI Appendix, Fig. S8.

A limitation of decomposition analysis, as with any counter-
factual exercise, is that the reference group has to be chosen by
the researcher; this choice, in turn, mechanically impacts the
estimates resulting from the decomposition (63). As a robustness
test, we conduct �ve decompositions based on different cutoffs
between darker and lighter skin tones. In our supplementary anal-
yses in SI Appendix, we represent each of these coef�cients using a
marker with the color of each skin tone cutoff (SI Appendix, Fig.
S9). This �gure shows that the qualitative �ndings of the general
and detailed decompositions do not change drastically when we
progressively expand the reference group to include additional
skin tones beyond 1 and 2. Nevertheless, the role of some of
the covariates can be sensitive to this coding decision, suggesting
that caution is warranted when we interpret the detailed KOBD
results.

Discussion

We show that skin tone is a relevant dimension of environmental
strati�cation, measured as exposure to PM2:5. Our �ndings reveal
that while people with darker skin tones were exposed to better
air quality at the start of our sample period, improvements in
environmental quality have been unequally distributed along
racial and ethnic lines. Lighter-skinned individuals dispropor-
tionately bene�ted from reductions in air pollution over the
time period that we examine, while people with darker skin
experienced increases in pollution. We document a reversal of
environmental fortunes by 2016, with people with darker skin
tones and non-White ethnoracial self-identi�cation experiencing
worse particulate pollution levels.

We explore the mechanisms driving these patterns. Two-thirds
of the observed EJ gaps in 2010 and 2016 can be explained with
theoretically relevant covariates measuring socioeconomic status,
migration status, local collective action, urban residence, and
exposure to pollution from �res. The slope of the relation of
the last factor with skin tone has steepened with time, and the
variable is revealed to be an important covariate in decomposition
analyses, especially for the outcomes in 2016. A third of the gap
remains unexplained. In the literature, this unexplained residual

is considered indicative of, among other things, potential systemic
discrimination (55).

Discrimination in this context could manifest, for instance,
through selective cleanup or enforcement of environmental
policies, as seen in other cases of environmental injustice (71, 75).
Government inaction and varying levels of regulatory stringency
have been identi�ed as drivers of environmental disparities in
some settings, with local poverty, collective action potential,
and, in some cases, race emerging as relevant predictors in
the U.S. context (38). In Colombia, open agricultural �res,
forest �res, and waste burning are prohibited. While controlled
cropland burning is legal, it must meet strict requirements
regarding the distance from dwellings, infrastructure, and priority
ecosystems. Moreover, monitoring reports must be submitted to
the local environmental authority for a burn to be considered
controlled (Decree 948 of 1995 and Decree 4296 of 2004).
However, regulators with resource and time constraints must
choose to prioritize oversight and remediation across various
sites. This raises the possibility that uneven enforcement could
lead to inequitable exposure to biomass burning pollution in
Colombia, particularly affecting marginalized communities. An
example could be the case of sugarcane cultivation. Controlled
burning is explicitly forbidden in many parts of Valle del Cauca
and Cauca, two of the main sugarcane-producing departments,
but research has found high emissions from this sector (76).
In these regions, Afrodescendants make up almost one-third
of the population, compared to 10% nationally. Future re-
search should explore whether disparities exist in enforcement
practices for this and other regulations in Colombia and
abroad.

Our study has a number of limitations that future work can
address. First, we lack exogenous variation that would allow us
to con�dently establish a causal link between �re exposure�and
in general, the potential mechanisms assessed�and pollution
exposure disparities. Second, even after we include a wide range
of theoretically relevant controls, a substantial portion of the
environmental justice gap remains unexplained, revealing data
limitations on the measurement of additional contributing fac-
tors. Third, while the overall robustness of the widely used ACAG
dataset�derived from a combination of AOD measurements
and a chemical transport model calibrated with ground-based
data�makes it a suitable source for our analysis, the pollution
estimates still carry some degree of uncertainty. This uncertainty
stems from, among other factors, local variations in aerosol
properties and the conversion of AOD to PM2:5. The high
resolution we use in this project poses additional challenges, as
�ner-scale PM2:5 gradients may not be fully captured because
of the in�uence of coarser-resolution data sources, which might
introduce measurement error.

Previous research has underscored the enduring health, eco-
nomic, and educational repercussions of even marginal shifts in
PM2:5 levels. Given these insights, the observed skin tone and
ethnoracial disparities in exposure levels can deepen economic
inequality in both the immediate future and the long run. The
�ndings presented in this study suggest that further research
investigating EJ in Colombia should closely examine whether
the mitigation policies implemented in the last decade have,
by design or by accident, disproportionately bene�ted certain
segments of the population while neglecting others. Moreover,
some of the observed dynamics might be exacerbated by climate
change and current internal con�ict dynamics, and thus, they
are likely to increase the disproportionate disease burden on
vulnerable groups unless policy measures are implemented to
reverse this trend.
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Data, Materials, and Software Availability. Some study data are available:
MostofELCAinformationisopentothepublicandcanbedownloadedeasilyfrom
(26). However, to comply with the Colombian Data Law and ensure the privacy
of households, the Geolocalized information of the ELCA can only be accessed
on-siteat theUniversidaddelosAndes.Togainaccess,writtenpermissionandan
agreementon theusageof thedata is required.Pleasenote that this information
is available only in Spanish.
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