Downloaded viaHONG KONG POLY TECHNIC UNIV on February 13, 2026 at 09:01:29 (UTC).
See https://pubs.acs.org/sharingguidelines for options on how to legitimately share published articles.

S

pubs.acs.org/est

Delineating Urbanicity and Rurality: Impact on Environmental
Exposure Assessment

Yimeng Song,* Nicole C. Deziel, and Michelle L. Bell

Cite This: Environ. Sci. Technol. 2024, 58, 19178-19188 I: I Read Online

ACCESS | [l Metrics & More | Article Recommendations | @ Supporting Information

PM2.5 Exposure

ABSTRACT: Environmental exposures and their health impacts o
can vary substantially between urban and rural areas. However, ER
different methods for classifying these areas could lead to "
inconsistencies in environmental exposure and health studies,
which are often overlooked. We constructed different urban/rural L, A
classification systems based on multiple population-based (e.g, 4% e Y -
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and urban area coverage) indicators and various classification

schemes. These classification systems were applied to Virginia and

West Virginia, United States. We compared differences in urban/

rural spatial patterns, demographic compositions, and exposures of particulate matter (PM,), greenspace, and land surface
temperature using these urban/rural classification systems to understand their impacts on environmental exposure and health
research. Our findings reveal clear differences in spatial patterns and demographic compositions across various systems. We also
observed that different systems can lead to changes in the magnitude and direction of urban/rural disparities in environmental
exposure assessment. Addressing the complexities in delineating urbanicity and rurality may include careful consideration of
classification systems to reflect those aspects of urbanicity and rurality that are relevant to the research question or the use of
multiple, complementary systems.

KEYWORDS: urban/rural metrics, urban—rural classification, urban—rural disparities, environmental exposure

1. INTRODUCTION Environment and health analyses focusing on urban or rural
areas require the classification of areas by the level of urbanicity/
rurality. Constructing urban/rural classification systems typi-
cally involves two fundamental steps: (1) developing indicators
that represent the urban/rural gradient and (2) applying a
classification scheme to assign urban/rural levels. Government
agencies and researchers often use different indicators and
classification schemes depending on the objectives, geography,
and data sets,® and there is no standard approach. Indicators
representing the urban/rural gradient vary, including the
population size and density,” infrastructure density, economic
activities, nighttime light intensities, connectivity, and combi-
nations of multiple indicators.'”"* Even when the same
indicators are used, different classification schemes can lead to
diverse urban and rural classification systems. In the United
States (U.S.), there are more than 15 federal definitions of

Urban areas are typically defined by high population density and
substantial infrastructure development, including buildings,
roads, and other built environments."” Most environmental
health studies have focused on urban areas; however,
populations, exposures, and relationships between exposures
and health outcomes can differ between urban and rural areas.
According to the World Bank,” approximately 44% of the global
population, or 3.5 billion people, live in rural areas. Yet, due to
rapid urbanization, urban areas are expected to house nearly
70% of the global population by 2050." Despite these
demographic shifts, large populations in both rural and urban
areas continue to face unique environmental and social
challenges, potentially leading to distinct health issues. For
instance, urban areas can face issues such as overcrowding, traffic
pollution, and urban heat island effect.” Rural areas often have
comparatively limited infrastructure, such as healthcare facilities,

grocery stores, and schools, and rely more heavily on agriculture Recf’ive‘h July 8, 2024 G
or natural resources, which can introduce pollutants from Revised: ~ October S, 2024 :
pesticides or fossil fuel extraction.”® Moreover, rural commun- Accepted:  October 7, 2024

ities typically have higher proportions of the elderly and Published: October 16, 2024

children, higher unemployment rates, and inadequate insurance
coverage.
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“rural,”"” leading to varying urban/rural spatial patterns and
demographic estimates. For example, the U.S. Department of
Agriculture reported 46 million rural Americans (14%) in 2015,
compared to the Census Bureau’s estimate of nearly 60 million
(18%), marking a significant 30% discrepancy.’

A growing body of research has focused on identifying
environmental and health issues in urban or rural areas as well as
the disparities between them. These studies cover tolpics such as
the impacts of air pollution and climate change,'*'® urban-
ization and health inequities,16 health risks from agriculture,”’18
and lifestyle and health.'”*° Most of these studies use a single
system to classify urban/rural areas, which vary from study to
study. A scoping review of urban/rural health services found that
among 103 included studies, all from the U.S,, 11 different
systems were used to assess the urban/rural status,’ and these
variations resulted in differences in rural health accessibility
assessments.”’ However, the impact of using different urban/
rural classification systems on environmental exposure and
health research results has rarely been examined and discussed.

The primary goal of this paper is to understand the differences
between various urban and rural classification systems and their
impact on environmental exposure and health studies. To
achieve this, we pursued three specific objectives: (1) we
considered a range of urban/rural classification systems and
applied them across the states of Virginia and West Virginia,
U.S.; (2) we compared the spatial patterns and demographic
compositions resulting from these classification systems; and
(3) we evaluated the urban—rural disparities in key environ-
mental exposures using different classification systems.

2. METHODOLOGY

2.1. Study Overview. In this study, we constructed urban/
rural classification systems in two steps: (1) we developed nine
urban/rural indicators (Table 1) at the census tract level using

Table 1. Urban/Rural Indicators

Format of ~ Year of
original original
Indicator Data sets and source data data sets
population density census data at census tract  polygon 2023
PopDen) level
population size census data at census tract  polygon 2023
TotalPop) level
rural—urban RUCA from the United polygon 2010
community areas States Department of
codes (RUCA) Agriculture
nighttime light NPP-VIIRS nighttime light ~ grid 2020
intensity (NTL) data
point of interest POI from OpenStreetMap  point 2023
density (POIDen)
urban area coverage  urban area from census polygon 2020
(UrbanC) data
building density building footprint from polygon 2023
(BldgDen) OpenStreetMap
road density road network from polyline 2023
(RoadDen) OpenStreetMap
distance to urban urban area from census polygon 2020

center (DisUrban)

data

diverse geospatial data representing various socio-economic and
physical features and (2) we classified all census tracts into five
urban/rural levels using three different classification schemes for
each indicator. We then compared the spatial patterns and
demographic compositions of the constructed urban and rural
classification systems to assess the impact of these indicators and

classification schemes. Finally, we assessed urban—rural
disparities in exposure to fine particulate matter (PM,;),
greenspace, and land surface temperature (LST), illustrating the
impact of urban/rural classification systems on environmental
exposure assessments. These factors were selected to exemplify
potential exposure to chemical, built environment, and climate-
related factors, each of which may be differentially influenced by
urbanity and rurality.

2.2. Study Area. Our study focuses on Virginia and West
Virginia in the Southern U.S. (Figure 1a). We chose these states
due to their large and diverse populations in both urban and
rural settings. According to the 2020 Census, Virginia’s
urbanization rate is 75.6%, while West Virginia’s urbanization
rate is 44.6%." This contrast underscores the differing urban and
rural landscapes of the two states, facilitating a comparison
across varied contexts. Our analysis was conducted at the census
tract level with an average area of 70.1 km* (SD = 128.3 km?).

2.3. Urban/Rural Indicator Construction. We selected
and constructed the nine indicators (Table 1) based on their
established use in prior studies and their ability to capture
diverse dimensions of urbanicity and rurality, including
population density (PopDen), population size (TotalPop),
rural—urban community area codes (RUCA), nighttime light
intensity (N'TL), point of interest density (POIDen), urban area
coverage (UrbanC), building density (BldgDen), road density
(RoadDen), and distance to urban center (DisUrban). For each
indicator, we considered the most recent data available.

2.3.1. PopDen. PopDen captures the concentration of
inhabitants within an area and is a widely used indicator for
delineating urban/rural levels by scholars and federal agencies,
such as the U.S. Census Bureau and the U.S. Department of
Agriculture.” Low-density regions typically exhibit rural
characteristics, such as agricultural land and sparse housing,
while high-density areas often feature urban attributes, including
dense buildings and more comprehensive public services. We
quantified the PopDen as the number of individuals per square
kilometer based on census data,** as shown in Figure 1b.

2.3.2. TotalPop. TotalPop reflects the number of inhabitants
within a region, greatly influencing infrastructure needs,
resource allocation, and energy consumption. It serves as a
fundamental indicator for distinguishing urban/rural settings.”
For example, the 2020 U.S. Census uses population size to
classify census tracts into urbanized areas (>50,000 people),
urban clusters (2,500—50,000), and rural areas (<2,500)." We
selected the TotalPop at the census tract level (Figure 1c) as an
indicator, with lower TotalPop values generally indicating more
rural areas.

2.3.3. RUCA. RUCA is an urban/rural classification scheme
developed by the U.S. Department of Agriculture (USDA) that
accounts for population density, urbanization, and daily
commuting patterns. RUCA codes are categorized into 10
primary and 30 secondary levels, providing a more nuanced
classification than traditional binary systems. We obtained
RUCA data (Figure 1d) from the USDA’s Economic Research
Service. We used the primary RUCA categories as an indicator,
with values ranging from 1 to 10, where higher values indicate
greater rurality.

2.3.4. NTL. NTL offers a unique perspective on human
activities by observing light use patterns associated with
urbanization, economic activity, and population density.”
Lower nighttime light intensity typically indicates rural areas
characterized by lower energy consumption and less infra-
structural development. We used NPP-VIIRS NTL images in
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Figure 1. Study area and geospatial data used for urban/rural indicator development: (a) geographic location of Virginia and West Virginia, U.S.; (b)
population density (people/km?); (c) total population; (d) rural—urban commuting area (RUCA) codes at the census-tract level; (e) nighttime light
intensity (nW/cm?/sr); (f) points of interest (POIs); (g) urban area; (h) building footprints; and (i) road network.

this study, which capture Earth’s surface light at a fine spatial
resolution of 15 arc-seconds.”® We collected annual cloud-free
composites of NPP-VIIRS NTL data (Figure le), which
eliminate external interference, such as stray light and lunar
illumination. Data collection and processing were conducted
using the Google Earth Engine (GEE) platform. We quantified
the NTL indicator by averaging the intensity values (nW/cm?/
st) of all grid cells within each census tract.

2.3.5. POIDen. POIDen reflects the density of points of
interest (POIs). POIs refer to specific locations or places, such as
grocery stores, schools, parks, and hospitals, that are of
significance or interest to people (Figure 1f). The spatial
distribution of POIs often correlates with the levels of
urbanization.”* Areas with a high density of POIs typically
have more diverse socio-economic activities, indicating urban
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centers, while areas with a lower POIs density suggest a more
rural setting.”> The POIs data used in this study come from
OpenStreetMap (OSM), a collaborative mapping project that
allows individuals to contribute, edit, and share geospatial data.
We collected the data via the OSM download server of
Geofabrik”™® and quantified POIDen as the number of POIs per
km?.

2.3.6. UrbanC. UrbanC measures the proportion of a region
encompassed by urban areas, providing insights into urban-
ization levels and infrastructural development based on land use
patterns.”” We collected the 2020 urban area layer from the U.S.
Census Bureau website”® (Figure 1g) and quantified UrbanC as
the urban area coverage of each tract. An UrbanC value of 100%
indicates complete urbanization of a tract, while a value of 0%
indicates that the area is entirely rural.

https://doi.org/10.1021/acs.est.4c06942
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Figure 2. Spatial patterns of nine urban/rural classification systems based on different indicators using the global quantile.

2.3.7. BldgDen. BldgDen represents the percentage of a
region covered by building footprints, which are the ground
outlines of buildings’” physical boundaries. Building density is
crucial for distinguishing urban from rural areas, understanding
land use patterns, and measuring the intensity of human
activities.'" We collected the building footprints from OSM
(Figure 1h) via Geofabrik’® and quantified BldgDen by
calculating the proportion of each census tract covered by
building footprints. Lower BldgDen values indicate more rural
areas.

2.3.8. RoadDen. RoadDen serves as an indicator of an area’s
transportation infrastructure, with higher values typically
associated with urban settings due to more extensive trans-
portation needs.”” We used the OSM road network layer (Figure
1i) accessed through Geofabrik®® to calculate RoadDen. The
OSM road network includes various road types, from highways
and main thoroughfares to local paths and trails, each
represented as a vector polyline. We quantified RoadDen for
each census tract by summing the total length of all road types
and dividing by the area of the tract.

2.3.9. DisUrban. DisUrban measures the proximity of an area
to the nearest urban center. Areas closer to urban centers
typically have greater access to amenities and services, while
regions farther away tend to be more isolated and rural.”® We
quantified DisUrban by calculating the shortest Euclidean
distance from the geometric center of each census tract to the
boundary of the urban area based on census data. A greater
distance indicates a stronger rural character of the tract.

2.4. Urban/Rural Classification Schemes. We primarily
used quantile classification with a global threshold strategy for
the analysis in this paper. Quantile classification ensures an even
distribution by creating classes with equal census tract counts.
The global threshold was determined using indicator values

from census tracts across the entire study area of Virginia and
West Virginia. This strategy is widely used in international or
nationwide urban/rural classification systems, such as those by
federal agencies (e.g,, U.S. Census Bureau, U.S. Department of
Agriculture).

To investigate the impact of classification schemes on urban/
rural classification, we also used two alternative schemes for
comparison. One alternative is quantile classification with local
thresholds, where thresholds were set separately for Virginia and
West Virginia. This approach reflects the spatial heterogeneity of
socio-economic or physical characteristics in different regions
and mirrors classification systems formulated by local agencies.
We used this scheme to explore how threshold strategies can
impact urban/rural classification.

The other alternative scheme is the natural break classification
with a global threshold. Natural breaks classification groups
similar values together, emphasizing disparities between
classes.>’ We used this scheme to examine how the classification
method can impact urban/rural classification.

In subsequent sections, we refer to “global quantile” and “local
quantile” to denote quantile classification with global and local
thresholds, respectively, and “global natural breaks” to denote
natural break classification with a global threshold. These
classification schemes were individually applied to each
indicator and used to categorize census tracts into five levels:
two rural levels — (1) “very rural” and (2) “moderately rural” —
and three urban levels — (3) “moderately urban,” (4) “highly
urban,” and (5) “very urban.” The thresholds for each
classification scheme are provided in Table S1.

2.5. Statistical Analysis. We constructed Pearson correla-
tion coefficient (r) matrices and normalized root-mean-square
deviation (NRMSD) matrices across urban/rural classification
systems to explore their inter-relationships and similarities in
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Figure 3. Shifts in urban/rural levels of census tracts between two indicator-based urban/rural classification systems using the global quantile: (a)
TotalPop vs NTL, (b) TotalPop vs RoadDen, (c) BldgDen vs DisUrban, and (d) PopDen vs NTL.

spatial patterns. A higher r and a lower NRMSD indicate greater
similarity between the classification systems. We assigned values
1 to S to represent the five levels from “very rural” to “very
urban” and calculated these two indices through eqs 1 and 2:

Yoo (X = X)(Y - Y)

L - Lo vy 0

Ve Zoo (% - vy
X inax 2)

where X; and Y, represent the urban/rural levels (from 1 to 5) of
the two classifications systems being compared and X and Y are
the mean values of the classifications.

We calculated the demographic composition as the
population percentage belonging to each urban or rural level,
although we recognize that this does not fully describe
demographics. We also calculated the urbanization rate by
aggregating the population percentages belonging to the urban
categories of “moderately urban,” “highly urban,” and “very
urban.”

2.6. Environmental Exposure Assessment. We meas-
ured urban—rural disparities in three different environmental
exposures, including PM, ;, greenspace, and LST, to illustrate
the impact of various urban/rural classification systems on
disparity assessment. Satellite-derived PM, 5 concentration data
from 2000 to 2016, developed by Di et al. (2019),>* with a
spatial resolution of 1 km were used. We calculated the PM, g
exposure as the mean PM, 5 concentration for each census tract
over this period. Greenspace exposure was assessed using the
enhanced vegetation index (EVI) as the indicator, calculated as

NRMSD =

19182

the mean EVI value for each tract. The EVI data, derived from
specific spectral bands (near-IR, red, and blue) of 2020
MODIS/006/MODO09GA surface reflectance, were processed
using the method established by Huete et al. (2002).** LST data
were obtained from the MODI11A1.061 Terra LST and
Emissivity Daily Global 1-km product,”* with exposure assessed
by calculating the average daytime LST for the years 2000 to
2020 for each census tract. Data collection and processing for
both EVI and LST were conducted through the GEE platform.

We compared disparities using global quantile-based urban
and rural classification systems. Urban areas include tracts
classified as “moderately urban,” “highly urban,” and “very
urban,” and rural areas include tracts classified as “moderately
rural” and “very rural.”

3. RESULTS

3.1. Impact of Indicators on Urban/Rural Spatial
Pattern. We observed distinct spatial patterns in various
indicator-based urban/rural classification systems using the
global quantile (Figures 2 and 4a,d). Among them, the spatial
pattern of the TotalPop-based system is significantly different
from the others (r < 0.02, NRMSD > 0.4). The urban/rural
levels of census tracts in the TotalPop-based system shifted
significantly when other indicator-based systems, such as NTL
and RoadDen, were applied (Figure 3a,b). In contrast, relatively
similar spatial patterns were observed between systems based on
indicators such as BldgDen and DisUrban (NRMSD = 0.12, r =
0.91), as well as NTL and PopDen (NRMSD = 0.15, r = 0.85).
Notably, shifts in urban/rural levels between the BldgDen- and
DisUrban-based systems predominantly occurred within the
“rural” categories (Figure 3c), while shifts between the NTL-
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and PopDen-based systems predominantly occurred within the
“arban” categories (Figure 3d).

3.2. Impact of Classification Schemes on Urban/Rural
Spatial Patterns. Figure 4 illustrates the impact of
classification schemes on the spatial patterns of urban/rural
classification systems. Compared to the global quantile, global
natural breaks increase the differences in spatial patterns
between any two urban/rural classification systems (Figure
4a,b). For example, BldgDen- and DisUrban-based systems are
most similar when using global quantile but exhibit significant
changes under global natural breaks: r decreases from 0.91 to
0.41 and NRMSD increases from 0.12 to 0.58. When using the
local quantile, increased differences are observed between most
systems compared to the global quantile (Figure 4c), though the
impact is less pronounced than that of global natural breaks.
Meanwhile, the similarity between certain systems is enhanced.
For example, the r between RUCA- and DisUrban-based
systems increased from 0.65 to 0.74, while NRMSD decreased
from 0.34 to 0.20.

When using the local quantile, increased differences are
observed between most systems compared to the global quantile
(Figure 4c), though the impact is less pronounced than that of
global natural breaks. Meanwhile, the similarity between certain
systems is enhanced. For example, the r between RUCA- and
DisUrban-based systems increased from 0.65 to 0.74, while
NRMSD decreased from 0.34 to 0.20.

3.3. Impact of Classification Schemes on Urban/Rural
Demographic Compositions. Figure 5 illustrates the
compositions of the urban and rural population in the whole
study area, Virginia, and West Virginia, respectively, using
different classification schemes.
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For the whole study area (Figure Sa—c), when using the global
quantile (Figure Sa), the RUCA-based system has the highest
urbanization rate at 89.43%, followed by DisUrban- (79.73%)
and TotalPop-based (75.54%) systems. All other systems show
urbanization rates of around 59.5%. When using global natural
breaks (Figure Sb), notable variabilities in urban/rural
demographic compositions are observed compared to the global
quantile. Specifically, the DisUrban-based system turns out to be
the one with the highest urbanization rate at 93.76%, followed by
the RUCA- (89.43%) and TotalPop-based (73.61%) systems.
Additionally, very low urbanization rates are observed in systems
based on indicators such as BldgDen (20.65%), PopDen
(11.49%), and POIDen (2.87%). When the local quantile was
used (Figure Sc), demographic compositions of the whole study
area remain generally consistent with the global quantile.

For Virginia (Figure Sd—f), the impacts of classification
schemes were similar to those observed in the whole study area.
Compared to global quantile (Figure 5d), global natural breaks
(Figure Se) result in notable variabilities in demographic
compositions, but the local quantile (Figure S5f) has a very
limited impact. In contrast, for West Virginia (Figure Sg—i),
notable variations are observed with both global natural breaks
(Figure Sh) and the local quantile (Figure Si) compared to the
global quantile (Figure Sg). Particularly, the local quantile
results in a noticeable increase in urbanization rates, especially
when using systems based on indicators such as RoadDen,
BldgDen, and NTL.

3.4. Impacts of Urban/Rural Classification Systems on
Environmental Exposure Assessment. The distribution
patterns of the census tract with different environmental
exposure levels are illustrated in Figures 6, S1, and S2 using
violin plots. For the urban—rural disparity in PM, 5 exposure in
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Figure 5. Demographic compositions of the whole study area (a—c), Virginia (d—f), and West Virginia (g—i), respectively, using various urban/rural

classification systems.

Virginia, the impact of urban/rural classification systems is slight
(Figures 6a, Sla, and S2a). Across all systems, urban and rural
areas have similar shapes of violin plots, with a mean value
around 7.10 ug/m”. In contrast, a noticeable impact is observed
in West Virginia (Figures 6b, S1b, and S2b), varying according
to the classification system used. For instance, when the
PopTotal-based system is used, rural areas have a higher mean
PM, 5 exposure (7.14 ug/m®) compared to urban areas (6.86
ug/m*). Conversely, the RUCA-, PopDen-, and NTL-based
systems show reversed disparities, with rural areas having lower
PM,s exposure than urban areas. For example, using the
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PopDen-based system, rural areas have a PM, ; exposure of 6.41
ug/m? compared to 8.21 yg/m? in urban areas. Additionally, the
shapes of the PM, ; exposure violin plots differ significantly
across various urban and rural classification systems.

For greenspace exposure measured by EVI (Figures 6¢,d,
Slc,d, and S2c,d), the impact of urban/rural classification
systems is noticeable in both Virginia and West Virginia. When
the PopTotal-based system is used, urban areas consistently
have slightly higher EVI values than rural areas. For example, in
Virginia, urban areas have a greenspace exposure of 0.54
compared to 0.51 in rural areas. Other indicator-based systems,
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Figure 6. Violin plots of urban—rural disparities in environmental exposure in Virginia and West Virginia using various urban/rural classification
systems based on PopTotal, RUCA, PopDen, and NTL indicators: (a, b) PM, 5 exposure, (c, d) greenspace exposure, and (e, f) land surface

temperature (LST) exposure.

such as RUCA, PopDen, and NTL, show a lower exposure level
in urban areas than in rural areas. Moreover, distinct shapes of
greenspace exposure violin plots are observed in urban and rural
areas of the same classification system and across different
classification systems.

For LST exposure (Figures 6e,f, Sle,f, and S2e,f), the impact
of urban/rural classification systems is also noticeable, similar to
the greenspace. Rural areas experience higher LST exposures
when using the PopTotal-based system, whereas urban areas
show higher LST exposures when other indicator-based systems
are applied. Furthermore, significantly different shapes of LST
exposure violin plots are observed both within the same
classification system (between urban and rural areas) and across
different classification systems.

4. DISCUSSION

In this study, we investigated how different urban and rural
classification systems impact spatial patterns, demographic
compositions, and environmental exposure assessments using
data from two U.S. states. The disparities observed across
various indicator-based classification systems highlight the fact
that each indicator captures a unique aspect of the urban/rural
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gradient. However, each has its limitations and cannot fully
encapsulate the complexity of urbanity and rurality. For
example, census-derived indicators may suffer from demo-
graphic biases and delays in data updates.”> An NTL-based
indicator can be skewed by external light sources such as
wildfires, ships, and large industrial areas.’® Similarly, geospatial
data sets like road network and building footprints may
misclassify nonurban areas with high industrial activity, such
as mining sites and power stations.*

To mitigate the limitations of single-factor indicators,
advanced multidimensional approaches have been developed.
For instance, the U.S. Department of Agriculture’s Rural—Urban
Continuum Codes (RUCCs), Urban Influence Codes (UICs),
and RUCA codes incorporate factors like population density,
population size, commuting patterns, and proximity to
urbanized areas.”” Additionally, some geospatial indicators
integrate data from diverse sources, including optical remote
sensing imagery, mobile phone data, geo-tagged social media
data, POI, and NTL.*>*® Although these multidimensional
indicators provide a more comprehensive picture of the urban—
rural gradient, they still carry the inherent limitations of the
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original data. Given the complexity of urban/rural classification,
no indicator can capture all facets of urban and rural areas.

Beyond urban/rural indicators, our findings also emphasize
that the choice of classification scheme can significantly
influence disparities between urban/rural classification systems.
This complexity is further compounded in practical applications
by additional factors not extensively covered in this paper. For
example, in addition to the five-level classification strategy used
in this study, other strategies including binary categories (e.g.,
metropolitan vs nonmetropolitan), three-tier systems (e.g.,
urbanized areas, urban clusters, and rural areas), continuous
variables (e.g,, population density), and multilevel categories
(e.g., RUCCs with 9 levels and UICs with 12 levels) are also
widely employed in urban/rural classification systems.”*'
Additionally, the inconsistent use of geographic units is common
across different urban/rural classification systems. While our
study adopted the census tract level, other commonly used
spatial scales include county, ZIP code, and multiscale
pixels.”*”** Any changes in the number of categories or the
spatial scale can also result in distinct urban/rural classifica-
tions.”'

The use of different urban/rural classification systems has led
to varying, and sometimes contrasting, conclusions regarding
urban/rural disparities in environmental exposure, highlighting
the sensitivity of such assessments to the chosen classification
systems. Moreover, the impact of these systems can vary across
different regions (see Figure 6). Despite its importance, this
issue has received a limited amount of attention. Most studies
select an urban/rural classification system based on its
widespread use or data availability, with few considering how
different systems might impact research outcomes. We also
observed that some urban and rural classification systems
produce similar environmental exposure assessment outcomes.
For instance, the PopDen, UrbanC, and RoadDen-based
systems showed comparable results (see Figure S1). Previous
studies have used such observations to conclude that ‘similar’
urban/rural classification systems have little impact on
ﬁndings.37 However, as shown in Figures 3 and S3, although
the overall results may seem similar, the urban/rural systems are
actually spatially distinct. More importantly, these observed
differences in classification systems could have broader
implications for environmental and health-related research.

Given the complexity of urban/rural classification systems
and their impacts on applications such as environmental
exposure assessment, there have been numerous calls for
standardization.”® However, it is important to recognize that
each system has its own validity, effectively capturing certain
aspects of urban/rural identity, but none is entirely compre-
hensive or flawless. Therefore, rather than striving for
harmonized standards in every case, it is crucial to develop a
deeper understanding of the distinctions between urban and
rural classification systems and their implications across various
application scenarios. This understanding would enable a more
effective use of the appropriate system in specific contexts and
ensure an accurate interpretation of the results.

Researchers should consider using multiple urban/rural
classification systems in their analyses and conducting sensitivity
analyses to better reveal urban—rural disparities and assess the
robustness of findings across different classification approaches,
rather than relying solely on a single system. For policymakers, it
is essential to understand the limitations and implications of
different classification systems to formulate policies that
accurately address the needs of both urban and rural

populations. We recommend that policymakers work closely
with researchers to ensure that the chosen classification systems
align with the policy goals and the characteristics of the target
population. Collaborative and coordinated approaches to
managing urban—rural differences can also help mitigate the
limitations of individual classification systems and promote
more integrated solutions.

In this study, we incorporated nine indicators and three
classification schemes to construct urban—rural classification
systems. However, due to the complexity of urban-rural
characteristics, many other indicators could represent the
urban/rural gradient, such as 3D information (e.g, building
heights), economic activities, healthcare accessibility, or educa-
tional facilities.*""** Additionally, beyond the three classification
schemes that we employed, various other methods can be
applied for urban—rural classification. These include, but are not
limited to, univariate classification (e.g., geometrical interval),
cluster-based classification (e.g., hierarchical clustering), multi-
criteria classification (e.g., K-means), and supervised classi-
fication (e.g., decision trees).” Although we did not include
these additional indicators and classification schemes in our
analysis, this does not diminish the main finding of our study:
different urban/rural classification systems can lead to
significant changes in the magnitude and direction of urban/
rural disparities in environmental exposure and health assess-
ment.
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