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A B S T R A C T

Commuting significantly influences environmental quality and public health, thereby shaping urban sustain
ability. However, the effects of air pollution from vehicle emissions and associated mortality at both lower and 
upper commuting extremes remain unexplored. This study utilizes nationwide commuting flow and geodemo
graphic segmentation datasets to implement a disaggregated excess commuting framework across 918 U.S. 
metropolitan regions (MSAs). Three reduced-complexity air quality health effect models are then employed to 
assess changes in vehicle emissions and related mortality for these extreme scenarios. Results show that 
achieving the minimum commuting scenario could prevent approximately 1273 premature deaths nationwide, 
whereas the maximum commuting scenario could result in 3480 additional deaths linked to elevated air 
pollution. These impacts vary considerably across urban forms and regions, with densely populated, polycentric 
MSAs accounting for over 70 % of total mortality changes. In some MSAs, health outcomes diverge from emission 
changes due to geographic factors that influence pollutant dispersion. Overall, the findings highlight the need for 
targeted policies that promote more sustainable and health-conscious mobility systems.

1. Introduction

The adverse effects of air pollution, including nitrogen oxides (NOx 
= NO and NO2), volatile organic compounds (VOCs), and particulate 
matter (PM), on human health have become a global sustainability 
concern. In 2021, air pollution accounted for 8.1 million deaths globally 
(Health Effects Institute, 2024). Notably, in the United States, the 
transportation sector is a key contributor to air pollution, accounting for 
approximately 45 % of NOx emissions and a substantial share of VOC 
and PM emissions (U.S. Environmental Protection Agency, 2020). 
Reducing emissions from transportation, especially from work-related 
commuting that drives two daily traffic peaks, has therefore been a 
persistent challenge for policymakers.

Extensive research highlights the effectiveness of planning initiatives 
in influencing travel behavior (Boarnet and Crane, 2001; Boarnet, 2011; 
Bruns and Matthes, 2019). One widely used strategy to reduce 
commuting and related air pollution is promoting jobs-housing balance, 
which seeks to bring residential areas and workplaces closer together 
(Cervero, 1989). Through targeted planning and initiatives (Baltimore 
City Department of Housing and Community Development, 2021; 

District of Columbia Office of Planning, 2011), workers can be incen
tivized to relocate homes or change jobs without changing existing land 
use. This approach has the potential to reduce a region’s commuting 
distances to the lowest possible level associated with an optimal jobs- 
housing balance, enabling residents, on average, to work at locations 
nearest to their homes. However, this scenario represents only the lower 
commuting extreme a region can achieve. In the absence of effective 
planning and management, a region may also reach the upper commuting 
extreme, characterized by maximized commuting distances resulting 
from the most imbalanced jobs-housing relationship, where residents, 
on average, work at locations farthest from their homes.

The lower and upper commuting extremes correspond to, respec
tively, the minimum and maximum commuting scenarios a region can 
achieve without altering existing land use. These extremes, calculated 
based on the spatial distribution of jobs and residences, provide a 
measure of jobs-housing proximity and are widely used as indicators for 
evaluating urban form (Chowdhury et al., 2013; Ha et al., 2021). The 
difference between the region’s actual commuting distance and the 
minimum commute, as well as the commuting capacity defined by the 
gap between the maximum and minimum commutes, reflects the 
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region’s commuting efficiency and indicates the extent of excess 
commuting (Hamilton and Röell, 1982), a concept rooted in urban 
economics.

Over the years, the excess commuting (EC) concept has developed 
into a widely recognized methodological framework (Horner, 2002; 
Charron, 2007; Murphy and Killen, 2011; Hu and Wang, 2016; Hu and 
Li, 2021; Jing and Hu, 2024), playing a pivotal role in shaping trans
portation and land-use policies aimed at reducing commuting distances 
and addressing related social and environmental sustainability chal
lenges (Korsu and Le Néchet, 2017; Xu et al., 2019; Yang, 2008). While 
numerous studies have explored socio-demographic disparities in EC 
across cities and regions globally (Buliung and Kanaroglou, 2002; 
Horner and Schleith, 2012; Kim and Horner, 2021; Yue et al., 2024), 
only three have specifically assessed its environmental impacts (Loo and 
Chow, 2011; Scott et al., 1997; Welch and Mishra, 2014). However, the 
changes in emissions and related human health outcomes when a re
gion’s commuting reaches its lower or upper extremes remain unex
plored. By revealing potential reductions or increases in harmful 
emissions, this analysis can inform policy interventions aimed at mini
mizing health risks associated with commuting, ultimately contributing 
to the development of sustainability-focused benchmarks.

This study aims to evaluate the two commuting extremes—the 
minimum and maximum commutes that a region’s current urban 
structure can support—and to quantify the potential shifts in air 
pollutant levels and associated mortality as a region’s commuting pat
terns approach these extremes. This comprehensive analysis encom
passes all 918 Metropolitan and Micropolitan Statistical Areas (MSAs) 
throughout the contiguous United States. This research stands out for 
several reasons. Primarily, it represents the first effort to explore the 
environmental and health impacts linked to a region’s commuting ex
tremes. Furthermore, it introduces a refined methodology for assessing 
both minimum and maximum commutes by addressing the prevalent 
assumption of homogeneity among homes and/or jobs (Frost et al., 
1998; Ha et al., 2021; Ma and Banister, 2006; Zhou et al., 2020). Lastly, 
it is the first nationwide analysis within this scope, offering a more 
comprehensive and generalized understanding of the environmental and 
health impacts of commuting extremes. These insights have important 
implications for developing benchmark metrics for assessing urban 
sustainability.

2. Literature review

2.1. The excess commuting framework

Initially referred to as wasteful commuting, excess commuting (Cex) 
quantifies the disparity between the average observed commute (Cobs) 
and optimal (minimum or required) commute (Cmin) that a city could 
achieve without altering its land-use configuration. This concept was 
proposed by Hamilton and Röell (1982) as an assessment of the validity 
of the traditional monocentric model in predicting actual commuting 
patterns (Eq. 1). Departing from Hamilton and Röell’s approach under 
the assumption of monocentricity, (White, 1988) employing the LP 
(Linear Programming) method to calculate Cmin based on the actual 
spatial configuration of jobs and housing. This method has since become 
the prevailing approach in excess commuting studies (Jing and Hu, 
2024; Ma and Banister, 2006). Essentially, the LP approach calculates 
Cmin by reassigning existing jobs (or housing) to their nearest housing (or 
jobs), on average, within the current urban configuration. In other 
words, it redistributes commuting flows between workplaces and resi
dences to minimize the overall commuting cost in the city. Conse
quently, Cex serves as a metric for evaluating the commuting efficiency 
of a city, quantifying the city’s capacity to minimize its commutes to the 
utmost extent possible. A higher Cex value suggests a greater surplus of 
commutes and a less efficient commuting system. The LP method can be 
formulated as follows (Eqs. 2–3): 

Cex =
Cobs − Cmin

Cobs
×100 (1) 

Cmin = min

(
1
N
∑

i

∑

j
DijXij

)

(2) 

Subject to :
∑

j
Xij = Wi,

∑

i
Xij = Ej,Xij ≥ 0 (3) 

where Xij is the number of resident workers commuting from zone i to 
zone j, Dij is the travel distance or time between zones i and j, Wi denotes 
the total number of resident workers living in zone i, Ej refers to the total 
number of jobs in zone j, and N is the total number of resident workers in 
the city.

The original excess commuting concept has been expanded through 
various extensions, transforming it into a methodological framework 
focused on commuting efficiency (Charron, 2007; Horner, 2002). One 
noteworthy effort is the development of the theoretical maximum 
commute (Cmax) (Horner, 2002). As formulated in Eqs. 4–6, Cmax can be 
calculated following the similar approach to Cmin, but with an opposing 
objective function. The difference between the upper and lower 
commuting bounds (i.e., Cmax - Cmin) represents the commuting capacity 
of a city. 

Cmax = max

(
1
N
∑

i

∑

j
DijXij

)

(4) 

Subject to :
∑

j
Xij = Wi,

∑

i
Xij = Ej,Xij ≥ 0 (5) 

In essence, the excess commuting framework consists of two com
ponents: metrics related to commuting benchmarks (e.g., Cmin, Cobs, and 
Cmax) and metrics that reflect the associated commuting efficiency. 
These efficiency metrics are derived by comparing the observed 
commute to various commuting benchmarks. Commuting benchmarks 
are determined by the spatial relationship between residences and 
workplaces, shedding light on different aspects of urban form. Specif
ically, Cmin represents the minimum required commute for a city given 
its exiting urban form, indicating the overall spatial proximity between 
residences and workplaces. A smaller Cmin signifies a more balanced 
jobs-housing relationship. In contrast, Cmax depicts the worst commuting 
scenario a city might face under the current spatial arrangement of 
residences and workplaces. It is known to scale with city size and is often 
used as an indicator of jobs-housing separation and decentralization 
(Kanaroglou et al., 2015).

2.2. Excess commuting and urban form

The various commuting benchmarks have been widely employed to 
understand the urban form dynamics, especially in comparative studies 
spanning diverse geographic regions or time periods. A recent example 
is the study by Schleith et al. (2019), which aimed to characterize urban 
form in the United States. Using a hierarchical clustering approach, the 
study classified 53 largest Metropolitan Statistical Areas in the United 
States into distinct categories of urban forms, such as polycentric, 
sprawling, and monocentric, based on a suite of excess commuting 
metrics. Additionally, some studies integrated the excess commuting 
framework into Brotchie’s urban triangle (Brotchie, 1984)—a classic 
conceptual model illustrating the relationship between land-use 
dispersal and commuting length—to explore the dynamics of urban 
form and commuting efficiency in selected cities over time (Chowdhury 
et al., 2013; Ha et al., 2021; Ma and Banister, 2007).
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2.3. Urban form and commuting-related emissions

Existing studies have acknowledged the connection between urban 
form and commuting-related environmental impacts. The discussions 
were grounded in the complex connections between land-use and 
transportation systems (Loo and Chow, 2011). This body of literature 
primarily seeks to examine how various urban form indicators, such as 
density, land use mix, compactness, as well as regional-level charac
teristics like city size, sprawl, monocentricity, and polycentricity, in
fluence commuting outcomes (e.g., commuting distance/time, mode 
choice) and associated emissions (Aguiléra and Voisin, 2014; Bereit
schaft and Debbage, 2013; Blaudin de Thé et al., 2021; Cervero, 1989; 
Lee, 2020; Muñiz and Rojas, 2019; Zhang et al., 2024). The conclusions 
on the relationships between urban form and commuting-related emis
sions may differ due to variations in geographical contexts, definitions of 
measurements, and calculation methods. However, empirical evidence 
from the United States, Europe, and China indicates that higher density, 
mixed land use, and compactness generally lead to shorter commuting 
distances, reduced automobile usage, and lower commuting-related 
emissions by concentrating residences, employment, and other func
tions (Blaudin de Thé et al., 2021; Cervero, 1989). At the regional level, 
discussions often revolve around the environmental performance of 
various urban forms, such as monocentric, polycentric, and sprawling 
forms. Polycentricity is often advocated as a design strategy to mitigate 

commuting-related emissions because multiple sub-centers can attract 
commuting flows from primary centers, thereby reducing congestion 
and promoting the use of mass transit options (Muñiz and Garcia-López, 
2019; Sultana, 2002; Susilo and Maat, 2007). However, conflicting ev
idence suggests that compared to monocentric forms, polycentric cities 
may entail longer commuting distances/times, potentially leading to 
increased emissions, due to the dispersion of employment opportunities 
(Burgalassi and Luzzati, 2015; Hu and Wang, 2016; Schwanen et al., 
2004).

3. Methods

3.1. Study area and data sources

This nationwide study encompasses 918 MSAs across the contiguous 
United States. Three major sources of datasets are utilized in this study. 
1) Neighborhood data: to obtain a more accurate estimation of EC, this 
study relaxes the homogeneity assumption among workers and disag
gregates resident workers into distinct subgroups according to their 
residential neighborhood types. The neighborhood type data are ob
tained from the 2020 Esri Tapestry Segmentation (Esri Tapestry Seg
mentation—Esri Demographics Regional Data | Documentation, 2020), 
which classifies census tracts in the United States into 14 types of 
distinct life modes based on a combination of socioeconomic, housing, 

Fig. 1. Spatial distribution of the 14 life modes across MSAs. [Note: A detailed explanation of the classification methodology and descriptions of the 14 lifestyle 
segments can be found in the accompanying Esri documentation (Esri Tapestry Segmentation—Esri Demographics Regional Data | Documentation, 2020).]
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and lifestyle attributes. (see Fig. 1). 2) Commuting flow data: the 
observed commuting flows come from the origin-destination (O–D) 
pairs of the 2018 LEHD Origin-Destination Employment Statistics 
dataset provided by the U.S. Census Bureau. This dataset contains the 
number of commuters between census blocks across the United States. 
For consistency, this study aggregates the block-level commuting flows 
at the tract level. 3) Geographic data: the 2018 geographic boundaries 
and road network data are obtained from the U.S. Census Bureau. The 
location of CBD (Central Business District) centers or central landmarks 
for each MSA is collected using the geocoding API provided by Google 
Maps.

3.2. Assessing commuting extremes through a disaggregated EC 
framework

To address the strict homogeneity assumption among workers, this 
study introduces a disaggregated EC analysis based on the widely used 
LP approach. It calculates three key commuting benchmarks—observed 
distance (Cobs), minimum distance (Cmin), and maximum distance 
(Cmax)—along with two corresponding EC metrics, Cex and Cu, across 14 
distinct neighborhood types within the 918 MSAs in the United States. 
As demonstrated in Eq. 6, for neighborhood group k within a given MSA, 
Ck

ex compares Ck
obs with Ck

min to assess how much the actual commuting 
distances of resident workers in those neighborhoods exceed their 
group’s minimum level. A higher Ck

ex value indicates a greater surplus of 
commuting, reflecting a less efficient commuting pattern for that group. 
Ck

u, on the other hand, further includes Ck
max in the comparison to eval

uate how much of group k’s available commuting capacity (the gap 
between Ck

min and Ck
max) is already utilized (see Eq. 7). A higher Ck

u value 
suggests a stronger tendency toward the upper commuting limit Ck

max, 
indicating lower commuting efficiency for that group. 

Ck
ex =

Ck
obs − Ck

min

Ck
obs

×100 (6) 

Ck
u =

Ck
obs − Ck

min

Ck
max − Ck

min
×100 (7) 

To calculate Ck
min and Ck

max, the LP approach is applied to each 
neighborhood type k within each MSA. The goal of introducing 
neighborhood-type disaggregation is to better capture the heterogeneity 
among workers that is often overlooked in traditional EC frameworks. 
The original approach assumes all workers are homogeneous and can 
freely exchange their residences or jobs, which can bias the estimation of 
commuting extremes. In essence, the LP approach determines Ck

min (or 
Ck

max) by reallocating existing jobs (or housing) of group k to the overall 
nearest (or farthest) available housing (or jobs) within that group. 
Compared to the traditional method that assumes uniformity in jobs and 
housing for all resident workers, disaggregating by neighborhood types 
allows for a more nuanced understanding of the differences in residen
tial and employment patterns among commuters. Hence, this approach 
improves the accuracy of commuting benchmarks and EC estimates. Eq. 
8 provides the formula for calculating Ck

min: 

Ck
min = min

(
1
Nk

∑

i∈k

∑

j
DijXij

)

(8) 

Subject to: 
∑

j
Xij = Wk

i ∀i ∈ k,

∑

k

∑

i∈k

Xij = Ej 

Xij ≥ 0 (9) 

where Xij is the number of resident workers commuting from tract i to 
tract j, Dij is the travel distance between tracts i and j, Wk

i denotes the 
total number of resident workers residing in tract i that is classified as 
group k, Ej refers to the total number of jobs in tract j, and Nk is the total 
number of resident workers of group k within the MSA. The overall Cmin 

for the entire workforce in the MSA is then determined by taking the 
weighted average of Ck

min across all groups, using Nk as the weighting 
factor (see Eq. 10). 

Cmin =

∑

k
NkCk

min
∑

k
Nk

(10) 

Similarly, Ck
max is computed using the same approach as Ck

min, but with 
the opposing objective function (refer to Eqs. 11 and 12), and the overall 
Cmax for the entire workforce in the MSA is calculated by taking the 
weighted average of Ck

max across all groups, using Nk as the weighting 
factor (see Eq. 13). 

Ck
max = max

(
1
Nk

∑

i∈k

∑

j∈k
DijXij

)

(11) 

Subject to: 
∑

j
Xij = Wk

i ∀i ∈ k,

∑

k

∑

i∈k
Xij = Ej 

Xij ≥ 0 (12) 

Cmax =

∑

k
NkCk

max
∑

k
Nk

(13) 

The classification of each census tract into a specific neighborhood 
type k is based on the 2020 Esri Tapestry Segmentation data (Esri Tap
estry Segmentation—Esri Demographics Regional Data | Documenta
tion, 2020). The values for Wk

i and Ej for a tract is calculated from the 
LEHD commuting flow dataset. The commuting cost Dij consists of two 
main components: interzonal distance and intrazonal distance. The 
interzonal distance is calculated as the shortest path distance along the 
road network between the centroids of two tracts. The intrazonal dis
tance, as per Jing et al. (2023), is computed as the radius of a circle that 
approximates the area of the tract. The total travel distance between two 
tracts is then determined by adding both interzonal and intrazonal dis
tances, thereby encompassing the additional travel between home or job 
locations and their respective tract centroids (Hu et al., 2020).

Subsequently, these data are input into Eqs. 8–13 to derive the two 
commuting benchmarks (Cmin and Cmax) for each MSA. The value for Cobs 
for each MSA is obtained based on the observed commuting flow from 
the LEHD dataset and Dij between two tracts. Finally, EC metrics (Cex and 
Cu) are computed by comparing Cmin or Cmax with Cobs for each MSA.

3.3. Classifying MSAs based on land-use variables

The second analysis focuses on categorizing MSAs into various 
classes of urban form, which is associated with a region’s commuting 
performance. For a more in-depth examination of urban form typologies 
across the 918 MSAs, this study adopts the approach of Schleith et al. 
(2019), utilizing a combination of SOM (Self-Organizing Maps) and k- 
means clustering techniques. This methodology is applied to classify 
MSAs into distinct urban form classes based on the six land-use variables 
presented in Table 1. These variables include the number of resident 
workers (Nw) and the estimated commuting benchmarks, which capture 
various scenarios of spatial proximity between jobs and housing. In 
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particular, Cmin represents the minimum required commute for a region 
given its existing urban form, indicating the overall spatial proximity 
between residences and workplaces. A smaller Cmin signifies a more 
balanced jobs-housing relationship. In contrast, Cmax depicts the worst 
commuting scenario a region might face under the current spatial 
arrangement of residences and workplaces. It is often used as an indi
cator of jobs-housing separation and decentralization. Additionally, this 
study incorporates concepts from Brotchie’s urban triangle model, 
incorporating jobs-housing dispersal (DI) and housing dispersal (CCBD) 
indices into the classification procedure (Brotchie, 1984). All variables 
are standardized into z-scores to mitigate the impact of different scales 
on the classification process.

The classification process involves two primary steps. First, the SOM, 
also known as Kohonen map, is employed to reveal the underlying 
structure and relationships of the included variables. The SOM is a 
special form of an artificial neural network that can map high- 
dimensional input data onto a two-dimensional space through an un
supervised training algorithm (Arribas-Bel and Schmidt, 2013; Delmelle, 
2017). The resulting two-dimensional layer consists of a regular lattice 
of squares or hexagons known as neurons, each holding a vector cor
responding to the multi-dimensional attributes of the input data. 
Through an iterative process of comparing input observations to output 
neurons, observations are assigned to neurons based on the shortest 
Euclidean distances. As a result, observations with shared characteristics 
will be mapped to nearby regions on the SOM output. Essentially, the 
MSAs are rearranged in a topological two-dimensional space according 
to the similarity of the land-use variables. The output of SOM provides 
crucial insights into the statistical relationship of the multi-dimensional 
attributes with spatial representation, providing valuable support for the 
subsequent classification analysis in the next step. Specifically, building 
on the SOM results, the k-means algorithm is then used to partition the 
two-dimensional topological space into distinct subregions for revealing 
the inherent urban form typologies of MSAs.

3.4. Examining environmental and health impacts at commuting extremes

The third analysis encompasses the estimation of environmental and 
health impacts at the two commuting extremes, as derived from the 
preceding analyses. This involves quantifying alterations in air pollutant 
levels linked to vehicular traffic resulting from shifts in commuting flows 
between the observed scenario and the two baseline (minimum and 
maximum) commuting scenarios. Additionally, the analysis estimates 
the health effects caused by changes in air pollutant levels resulting from 
vehicle emissions.

Linking vehicle emissions to health effects implicitly involves three 
steps – simulating how vehicle emissions affect ambient concentrations 
of key pollutants, notably ground-level ozone and particulate matter; 
assessing the populations exposed to those changes in pollutant con
centrations; and computing the health effects of those changes in pop
ulation exposure. Traditionally, completing such analysis has required 
linking multiple highly complex and computationally intensive models. 
Specifically, it required meteorological models and emissions models to 
provide necessary inputs, photochemical models to compute air quality 
changes resulting from the emissions changes, and health effect models 
to compute associated impacts on health (Grell et al., 2005; Byun and 
Schere, 2006; Skamarock et al., 2008; Sacks et al., 2018). Reduced- 
complexity models simplify the process by assembling results from 
many runs of the photochemical and health effect models under a 

variety of meteorological conditions in order to directly link changes in 
emissions to changes in health outcomes. Here, three reduced- 
complexity air quality health effect models are utilized: the Estimating 
Air pollution Social Impact Using Regression (EASIUR) model (Heo 
et al., 2016), the Air Pollution Emission Experiments and Policy Analysis 
Version 3 (AP3) model (Muller, 2014), and the Intervention Model for 
Air Pollution (InMAP) (Tessum et al., 2017).

EASIUR is an online model that directly estimates mortality caused 
by emissions of PM2.5 and its precursors— sulfur dioxide (SO2), NOx, and 
ammonia (NH3). It utilizes regression analysis on a dataset of small 
emissions perturbations from 100 sample locations modeled using the 
CAMx photochemical model (ENVIRON, 2014), with simulations 
reflecting 2005 conditions. EASIUR reports marginal health damages 
($/t) across four seasons and three stack heights. The default 
concentration-response function (CRF) is sourced from an American 
Cancer Society (ACS) cohort study (Krewski et al., 2009). Recent studies 
have shown that these models produce consistent health impact simu
lations, comparable to three-dimensional air quality models (Chen et al., 
2022; Gilmore et al., 2019; Industrial Economics, Inc, 2019).

AP3 is an updated version of the APEEP model, used for air pollution 
policy analysis in the United States. It models county-level PM2.5 and 
precursor emissions, processing their atmospheric transport, chemical 
transformation, and deposition across the contiguous United States. This 
model links emissions from source counties to changes in ambient PM2.5 
levels in receptor counties through a precomputed source-receptor (S-R) 
matrix obtained from a modified Gaussian plume model (Chowdhury 
et al., 2013; Turner, 2020). AP3 estimates health impacts using a CRF 
that correlates average annual PM2.5 concentrations with mortality in 
adults over 30 and infants under one year (Krewski et al., 2009; 
Woodruff et al., 2006).

InMAP leverages spatially resolved annual average photochemical 
relationships from the WRF-Chem meteorological and photochemical 
model (Grell et al., 2005) to simulate primary and secondary PM2.5 
formation and transport. InMAP also developed a S-R matrix to create 
spatially explicit ambient PM2.5 concentration differences caused by 
primary PM2.5 emissions and precursor emissions. InMAP operates at a 
variable spatial resolution, with cell lengths ranging from 1 to 288 km 
depending on population density, and calculates premature mortalities 
using an embedded CRF that incorporates relative risks studies (Krewski 
et al., 2009; Lepeule et al., 2012).

To measure vehicular traffic-related air pollutant levels, the daily 
one-way commutes reported in the LEHD data are extrapolated to 
annual two-way commutes. This conversion facilitates the measurement 
of total changes in commuting distances on a yearly basis under either 
the minimum or maximum commuting scenarios. The decision for 
yearly aggregation aligns with the availability of data on vehicular 
emission rates, sourced from the Bureau of Transportation Statistics.1

The emission rates are cataloged by calendar year using the U.S. Envi
ronmental Protection Agency’s Motor Vehicle Emission Simulator 
(MOVE S3).2 For consistency with the commuting data, this research 
utilizes emission rates for the year 2018. The air pollutants considered in 

Table 1 
Emission rates for light-duty vehicles in 2018 (version date: 6/8/2021).

Raw emission rates (grams/mile)
Total HC Exhaust CO Exhaust NOx Exhaust PM2.5 Brakewear PM2.5 Tirewear PM2.5 CO2

0.328 4.646 0.256 0.005 0.003 0.001 373.775

Model inputs (grams/mile)
VOC NOx Primary PM2.5

0.328 0.256 0.009

1 Estimated U.S. Average Vehicle Emissions Rates per Vehicle by Vehicle 
Type Using Gasoline and Diesel https://www.bts.gov/content/estimated-nation 
al-average-vehicle-emissions-rates-vehicle-vehicle-type-using-gasoline-and

2 MOtor Vehicle Emission Simulator (MOVES): https://www.epa.gov/ 
moves/latest-version-motor-vehicle-emission-simulator-moves (version date: 
6/8/2021)
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this study include total hydrocarbon (HC), carbon monoxide (CO), ni
trogen oxides (NOx), and primary particulate matter (PM2.5), comprising 
exhaust PM2.5, brakewear PM2.5, and tirewear PM2.5. It is assumed that 
all changes originate from light-duty vehicles, and only HC (or volatile 
organic compounds, VOC), NOx, and primary PM2.5 are input into the 
reduced complexity models. Table 1 presents a comparison between the 
emission rates from the raw source and the rates used in the study.

Each reduced-complexity model is employed to compute the health 
impacts of vehicle emissions changes from each MSA. Mortality changes 
are derived from both the MSA where emissions originate and the 
neighboring MSAs affected by those emissions. Since the EASIUR model 
does not estimate mortality from VOC-induced PM2.5, VOC-caused 
mortality estimates are sourced from AP3 and incorporated into the 
EASIUR results.

To minimize run times in InMAP, which exceeds two hours per run, 
an initial scenario is executed using emissions from all MSAs. Following 
this, individual scenarios are conducted for the 20 MSAs with the highest 
mortality changes. The remaining mortality, representing 22.8 % (19.7 
%) of the total reduction (increase), is allocated to the other MSAs based 
on their mortality change ratios derived from the overall emission 
reduction scenario in InMAP.

4. Results and discussion

4.1. Commuting extremes across U.S. MSAs

Fig. 2 shows the spatial distribution of positive differences in 
commuting flows between the minimum (and maximum) and current 
commuting patterns. Under the minimum scenario, commuting flows 
generally shift toward shorter distances, with about 80 % of the increase 
concentrated within 10 miles or less. In contrast, the maximum 

commuting scenario shows a wider spatial reach, with a higher fre
quency of cross-commuting flows over longer distances. Notably, 
approximately 80 % of the increase in commuting flows occurs within 
the 0–45-mile range. Commuting efficiency varies significantly across 
MSAs, as reflected by Cex values ranging from 0.64 % to 63.02 %, with an 
average of 25.2 %. A large portion of MSAs fall within the 15 % to 30 % 
Cex range. Fig. 3 illustrates that higher Cex values are prominent in 
densely populated metropolitan regions, especially in the northeastern 
and western coastal areas, such as Los Angeles, Philadelphia, Houston, 
and New York. In these areas, Cex exceeds 50 %, indicating substantial 
potential for reducing commuting burden and improving commuting 
efficiency. Table 2 presents the top 20 MSAs with the highest Cex values, 
with Los Angeles and Miami topping the list, each surpassing 60 % in EC.

4.2. Urban form typologies of U.S. MSAs

The output of the SOM algorithm is presented in Fig. 4a, illustrating 
the organization of MSAs in the topological space based on their simi
larities across six selected land-use variables. These variables are chosen 
partially with reference to Brotchie’s urban triangle (Brotchie, 1984). 
Additional details on these variables can be found in Table 3. In each 
subplot of Fig. 4a, the color of the neuron corresponds to the stan
dardized value associated with that specific variable. Clearly, the dis
tribution of Nw stands out as notably different from the other five 
variables, displaying a more polarized pattern. MSAs with the highest 
number of workers predominantly cluster at the upper-left corner, 
creating a distinct contrast with other regions. In contrast, the remaining 
variables exhibit a gradient pattern, showing a smooth transition from 
higher to lower values. Specifically, for Cmin and Cobs, neurons situated in 
the right upper corner generally have higher values, gradually 
decreasing downward. Similarly, the outputs of Cmax and CCBD follow a 

Fig. 2. Spatial distribution of the positive differences between minimum (maximum) and actual commuting flows. [Note: To highlight areas where flows are being 
reallocated, the map only shows links with differences greater than zero. For each MSA, the top 80 % of flows by cumulative percentage are displayed for visu
alization purposes.]
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comparable pattern with a smooth decrease from top to bottom. This 
outcome suggests a notable correlation between Cmax and CCBD, in line 
with existing studies (Kanaroglou et al., 2015). In contrast, DI presents a 
distinct pattern, with MSAs having the highest degree of jobs-housing 

dispersion concentrated at the bottom-left corner.
Building upon the initial arrangement of MSAs on the SOM output 

map, the k-means clustering algorithm is then employed to partition the 
two-dimensional topological space into cohesive sub-regions based on 
the weight vector of each neuron corresponding to the six land-use 
variables. As shown in Fig. 4b, the 918 MSAs are classified into five 
distinct categories, each depicted as a non-overlapping sub-region in 
SOM output space. Importantly, the proximity between any two cate
gories indicates the degree of similarity in urban form, as they are ar
ranged based on similarities across the six land-use variables. The urban 
form characteristics of the five MSA categories are identified through an 
examination of the mean z-score for each of the land-use variables (see 
Table 4).

Fig. 4b illustrates three prominent urban form patterns observed in 
non-adjacent sub-regions of the SOM map—specifically, the upper-left, 
upper-right, and lower-right corners. The remaining two categories, 
positioned between the three sub-regions, exhibit a mixture of charac
teristics from various urban form patterns. Fig. 4c employs Brotchie’s 
urban triangle to depict the relationship between urban from and 
commuting patterns across the five urban form categories. The shapes of 
the corresponding triangles reveal the key characteristics of these cat
egories. The spatial distribution of these five categories across the 
United States is presented in Fig. 5. A description of the profiles asso
ciated with these categories is presented below.

Polycentric. This category, located in the upper-left corner of the 
SOM map, identifies the 15 largest and densely populated polycentric 
MSAs in United States, including New York, Los Angeles, Chicago, 
Dallas, Houston, Washington, Philadelphia, Atlanta, Miami, Boston, 
Phoenix, Minneapolis, San Francisco, Seattle, and Detroit. As shown in 
the urban triangle, this category exhibits the largest commuting range 
(Cmax - Cmin), indicating greater commuting flexibility. MSAs in this 
category have high-density development and an overall balanced jobs- 
housing spatial relationship, facilitated by the presence of multiple 

Fig. 3. Spatial distribution of Cex values.

Table 2 
Top 20 MSAs with the highest Cex values.

Rank MSA Cex 

(%)
Rank MSA Cex 

(%)

1
Los Angeles-Long 

Beach-Anaheim, CA 63.02 11
McAllen-Edinburg- 

Mission, TX 54.19

2
Miami-Fort 

Lauderdale-Pompano 
Beach, FL

60.16 12
Brownsville- 

Harlingen, TX 53.87

3
Riverside-San 

Bernardino-Ontario, 
CA

57.05 13
Dallas-Fort Worth- 

Arlington, TX
53.30

4
Providence-Warwick, 

RI-MA 56.77 14
Scranton-Wilkes- 

Barre, PA 53.08

5
Palm Bay-Melbourne- 

Titusville, FL 56.13 15
Baltimore- 

Columbia-Towson, 
MD

52.92

6
Philadelphia- 

Camden-Wilmington, 
PA-NJ-DE-MD

55.74 16
San Francisco- 

Oakland-Berkeley, 
CA

52.85

7
Virginia Beach- 

Norfolk-Newport 
News, VA-NC

55.27 17
New York-Newark- 
Jersey City, NY-NJ- 

PA
52.78

8 Pittsburgh, PA 55.02 18
Youngstown- 

Warren-Boardman, 
OH-PA

52.46

9
Detroit-Warren- 
Dearborn, MI 54.94 19

New Haven- 
Milford, CT 51.95

10
Houston-The 

Woodlands-Sugar 
Land, TX

54.33 20 Dayton-Kettering, 
OH

51.38
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spatially proximate job and residential clusters. Regarding commuting 
efficiency, these MSAs have the second-largest Cobs and the largest Cex, 
reflecting significant cross-commuting and lower commuting efficiency. 
However, the Cu value indicates better utilization of commuting 

capacity, as the polycentric layout supports a much higher upper limit in 
commuting.

Sprawling. This category, situated in the upper-right corner of the 
SOM map, includes 12 of the most sprawling, low-density MSAs, pri
marily in the Mountain States region. While these areas share some traits 
with the polycentric group, such as expansive geography and larger 
Cmax, they are distinguished by a much higher degree of jobs-housing 
dispersion and a larger Cmin, signaling a highly imbalanced spatial 
relationship between homes and jobs. This imbalance constrains 
workers’ ability to optimize commutes, leading to the highest Cobs. 
Despite the smallest Cex due to the small gap between Cobs and Cmin, this 
seemingly efficient pattern does not reflect an ideal commuting 
scenario.

Monocentric. This category, positioned in the lower-right corner of 
the SOM map, represents the most prevalent urban form, comprising 
over 50 % of U.S. MSAs, mainly in the Eastern and Central regions, such 
as El Paso, TX; Colorado Springs, CO; McAllen, TX; Reno, NV; and 
Lexington, KY. Unlike polycentric and sprawling categories, mono
centric MSAs exhibit a more compact development pattern, with the 
smallest values for DI, CCBD, Cmin, Cobs, and Cmax. They also have the 
second smallest Cex, indicating a relatively efficient commuting system. 

Fig. 4. a, Arrangement of the six land-use variables in SOM output space; b, partition of SOM output space; and c, modified Brotchie’s urban triangle.

Table 3 
List of the selected land-use variables for the classification of MSAs.

Variables Descriptions

Nw Total number of resident workers in a census tract within an MSA
Cmin Average minimum commute between census tracts within an MSA
Cobs Average observed commute between census tracts within an MSA
Cmax Average maximum commute between census tracts within an MSA
CCBD A metric of housing dispersal, which is computed as the average distance 

from workers’ residences to the CBD. It serves as an indicator of the 
spatial extent of the area (Kanaroglou et al., 2015).

DI A metric of jobs-housing dispersal, which is computed as the ratio of the 
average distance of jobs from the CBD (jobs dispersal) to the average 
distance of workers’ residences from the CBD (housing dispersal). It 
ranges from 0 to 1, with 0 indicating a monocentric city and 1 signifying 
a city where activities are uniformly distributed (Chowdhury et al., 
2013).

Table 4 
Mean z-scores for the land-use and commuting performance variables across five MSA categories.

Cmin Cobs Cmax DI CCBD Nw Cex Cu
Percentage 
of MSAs 
(%)

Representative MSAs (Top 5 ranked by Nw)

Polycentric 0.04 1.53 2.65 0.82 2.23 6.19 2.28 -0.54 1.63
New York, NY-NJ-PA; Los Angeles, CA; 

Chicago, IL-IN-WI; Dallas, TX; Houston, TX

Sprawling 5.89 5.33 3.32 1.07 2.99 -0.23 -1.12 -0.37 1.31
Glenwood Springs, CO; Gillette, WY; Elko, NV; 

Show Low, AZ; Jackson, WY-ID

Monocentric -0.37 -0.55 -0.63 0.76 -0.59 -0.20 -0.33 0.34 53.81
El Paso, TX; Colorado Springs, CO; McAllen, 

TX; Reno, NV; Lexington, KY

Sprawling-

polycentric
1.00 1.33 1.64 0.91 1.78 0.24 0.41 -0.82 8.28

St. Louis, MO-IL; San Diego, CA; Riverside, CA; 

Tampa, FL; Baltimore, MD

Mixed 0.11 0.26 0.33 0.88 0.27 -0.03 0.35 -0.28 34.97
Denver, CO; Portland, OR-WA; Las Vegas, NV; 

Orlando, FL; San Antonio, TX

Note: 1) Cells are shaded based on values with darker blue representing greater values. 2) Cex and Cu, though not directly incor
porated into the clustering procedure, are also examined to capture the commuting efficiency patterns of each category.

Y. Jing et al.                                                                                                                                                                                                                                     Journal of Transport Geography 131 (2026) 104541 

8 



However, these MSAs show the largest Cu, reflecting their limited 
commuting capacity due to concentrated jobs-housing distributions.

Sprawling-polycentric. This category, situated between the 
sprawling and polycentric groups on the SOM map, contains 76 MSAs, 
such as St. Louis, MO-IL; San Diego, CA; Riverside, CA; Tampa, FL; and 
Baltimore, MD. It combines features of both sprawling and polycentric 
development, as reflected by substantial overlaps in the urban triangles. 
This group shows higher DI and slightly increased CCBD and Cmax values, 
indicating a general shift toward decentralization and sprawl. Although 
it has a larger average population, it exhibits lower density and poorer 
jobs-housing proximity than the polycentric group, as demonstrated by 
the second largest Cmin.

Mixed. This category represents the second most prevalent urban 
form in the United States, encompassing approximately 35 % of MSAs, 
including Denver, CO; Portland, OR-WA; Las Vegas, NV; Orlando, FL; 
and San Antonio, TX. Unlike other categories where development is 
driven by a single dominant pattern, MSAs in this category exhibit a 
diverse mix of characteristics.

4.3. Environmental and health impacts at commuting extremes across U. 
S. MSAs

Table 5 presents the total changes in vehicle miles traveled (VMT) 
and the corresponding vehicle emissions at the two commuting extremes 
across different urban forms. Across MSAs, the minimum commuting 
scenario is projected to reduce average one-way trip distances by 6.27 
miles per capita, while the maximum commuting scenario anticipates an 
increase of 16.86 miles per capita for one-way trips. These changes in 
VMT can significantly impact the environment, particularly reflected in 
carbon dioxide (CO2) emissions, which are expected to rise by 670,088 
ktons in the maximum scenario and decrease by 249,196 ktons in the 
minimum scenario, along with changes in Exhaust carbon monoxide 
(CO) emissions. Fig. 6a illustrates substantial geographic disparities in 
total VMT and emission changes across MSAs under the two commuting 
extremes. Overall, given the clear correlation between population size 
and total VMT, polycentric MSAs—home to the most densely populated 
metropolitan areas in the United States—are expected to experience the 

Fig. 5. Spatial distribution of the five MSA categories across the United States.

Table 5 
Estimated changes in vehicle emissions under minimum and maximum commuting scenarios across various urban forms.

Potential emission increase under the maximum commuting scenario

Percent (%) Total HC (ktons) Exhaust CO (ktons) NOx (ktons) Primary PM2.5 (ktons) CO2 (ktons)

Polycentric 59.7 351.0 4970.0 274.0 9.6 400,000.0
Sprawling 0.1 0.7 9.8 0.5 0.0 788.0

Monocentric 3.0 17.8 252.0 13.9 0.5 20,300.0
Sprawling-polycentric 17.8 105.0 1490.0 81.9 2.9 120,000.0

Mixed 19.3 113.0 1610.0 88.5 3.1 129,000.0
Potential emission reduction under the minimum commuting scenario

Polycentric 55.4 121.0 1710.0 94.4 3.3 138,000.0
Sprawling 0.1 0.2 2.4 0.1 0.0 196.0

Monocentric 4.3 9.3 132.0 7.3 0.3 10,600.0
Sprawling-polycentric 17.2 37.5 531.0 29.3 1.0 42,800.0

Mixed 23.1 50.5 716.0 39.4 1.4 57,600.0
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most significant shifts. These regions are projected to contribute 
approximately 60 % of the total increase and 50 % of the reduction in 
VMT. Notably, about 27 % of the anticipated increase and 22 % of the 
decrease in VMT are concentrated in the top three metropolitan areas: 
New York, Los Angeles, and Chicago. Following closely, mixed and 
sprawling-polycentric MSAs rank as the second and third largest con
tributors, together accounting for around 30 % to 40 % of the total 
changes, with monocentric and sprawling MSAs contributing less.

To isolate the effect of population size, changes in VMT per capita are 
analyzed across MSAs (see Fig. 6). Fig. 6c highlights Riverside as a 
standout among the MSAs, indicating the highest potential change in 
VMT per capita. Additionally, polycentric MSAs such as New York, 

Philadelphia, Washington DC, Detroit, Chicago, Seattle, Los Angeles, 
Dallas, and Houston exhibit more significant changes in VMT per capita 
under both extreme commuting scenarios, owing to the broader 
commuting range enabled by their urban form. Conversely, some 
sprawling and sprawling-polycentric MSAs, like Española, NM and Lake 
Havasu City, AZ display greater potential increases in VMT per capita 
under the maximum commuting scenario, yet they show limited po
tential for savings due to their relatively imbalanced jobs-housing 
distribution.

Table 6 presents the total changes in mortality associated with 
various emissions sources (PM2.5, VOC, NOX) as estimated by the three 
reduced-complexity air quality health effect models (see the Methods 

Fig. 6. a, Spatial distribution of changes in VMT per capita; b, distribution of potential changes in VMT across MSAs by urban form; and c, distribution of potential 
changes in VMT per capita across MSAs by urban form.
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section for more details). Overall, the findings indicate a high level of 
consistency among the models, with discrepancies between the highest 
and lowest estimates remaining under 14 %. The average mortality 
change across the three models shows that NOX is the primary 
contributor to mortality changes, accounting for over 51.1 % of the 
reduction and 51.2 % of the increase on average, followed by PM2.5 and 
VOC.

In general, reducing EC can yield substantial health benefits. The 
minimum commuting scenario has the potential to prevent 1273 deaths. 
Conversely, if the commuting distances in the 918 MSAs continue to 
expand to the maximum scenario, there is an estimated increase of 3480 
deaths due to elevated vehicle emissions. Fig. 7b presents a detailed 
examination of the potential mortality changes across MSAs with 
distinct urban forms under the two extreme commuting scenarios. A 
polarized pattern emerges in health outcomes across MSAs, reflecting a 
similar trend observed in environmental impacts. The densely populated 
polycentric MSAs are projected to undergo the most significant potential 
health impacts, making up approximately 72 % of reductions and 76 % 
of increases in mortality. This trend is followed by the sprawling- 
polycentric and mixed MSAs. In particular, the top three metropolitan 
areas—New York, Los Angeles, and Chicago—demonstrate potential 
reductions (increases) in deaths of 266 (884), 177 (490), and 110 (313) 
respectively. These figures represent nearly 45 % (48 %) of the total 
mortality changes under the two extreme commuting scenarios.

Examining the average mortality changes scaled by population size 
reveals a distinct pattern (see Fig. 7a and 7c). Generally, mortality 
savings and increases exhibit a clear linear relationship. Geographically, 
the northeastern and Great Lakes regions, as well as Dallas and its sur
rounding MSAs, exhibit higher mortality changes. Notably, there are 
large disparities across different urban form categories and even within 
the same category. Among polycentric MSAs, New York, Los Angeles, 
and Chicago demonstrate higher mortality changes per 1000 people 
under the two extreme commuting scenarios compared to other MSAs. 
Philadelphia and Detroit also stand out, due to disproportional mortality 
increase and saving, respectively. Interestingly, despite experiencing 
greater changes in VMT and vehicle emissions, the health outcomes for 
certain large polycentric MSAs like Seattle, WA; Miami, FL; and Phoenix, 
AZ seem to be less pronounced under the two extreme commuting sce
narios due to factors such as frequent rainfall, strong wind patterns, and 
unique geographical features that help disperse pollutants. Smaller 
MSAs also warrant closer attention. For example, several monocentric 
MSAs, such as Bonham, TX; Jefferson, GA; Urbana, OH; and Bennetts
ville, SC stand out due to higher mortality changes.

5. Conclusions

This study examines changes in air pollutant levels and resulting 
mortality as commutes within MSAs across the United States approach 
their two extremes: the shortest (minimum) and longest (maximum) 

commutes possible based on each MSA’s existing urban form. The results 
highlight a significant reduction in vehicle emissions when commuting 
distances are minimized to their lower extreme, with an average 
reduction of 6.27 miles per capita. This shift leads to substantial de
creases in total HC, exhaust CO, NOx, primary PM2.5, and CO2 emissions. 
Conversely, if commuting distances extend toward the upper extreme 
without policy intervention, an increase of 16.86 miles per capita could 
significantly worsen air pollution. Environmental impacts differ signif
icantly across MSAs, with total changes in VMT and vehicle emissions 
closely tied to population size. Densely populated polycentric 
MSAs—particularly New York, Los Angeles, and Chicago—are key 
contributors to overall changes in VMT and air pollution in the nation 
under both extreme commuting scenarios. However, per capita VMT 
changes highlight MSAs with greater commuting capacity, such as 
Riverside, along with sprawling MSAs that exhibit higher upper 
commuting limits.

The health impacts are substantial, emphasizing the urgency for 
policy interventions to reduce commuting burdens in urban areas. By 
cutting commuting-related vehicle emissions across MSAs, an estimated 
1273 deaths could be prevented under the minimum commuting sce
nario. Conversely, the maximum commuting scenario could lead to an 
additional 3480 deaths. Health outcomes vary significantly across 
different urban forms. Around 72 % of the total mortality reductions and 
76 % of the increases are concentrated in polycentric MSAs, particularly 
in New York, Los Angeles, and Chicago. As major contributors to these 
mortality changes, these densely populated regions require targeted 
sustainable urban planning policies. Importantly, in polycentric regions 
with relatively balanced jobs-housing distributions, land-use policies 
that simply promote jobs-housing balance may fall short. A more thor
ough investigation into the factors driving EC is needed. For example, 
policies targeting jobs-housing fit (Blumenberg and Siddiq, 2023), like 
affordable housing initiatives, are essential for addressing commuting 
inefficiencies and associated environmental and health impacts effec
tively. The pattern of mortality changes per 1000 people reveals inter
esting geographic trends. Notably, health outcomes don’t always align 
directly with emission changes. For example, despite notable environ
mental impacts, large polycentric MSAs like Seattle, WA; Miami, FL; and 
Phoenix, AZ show relatively lower health impacts due to geographic 
factors that help disperse pollutants. In contrast, smaller monocentric 
MSAs such as Bonham, TX; Jefferson, GA; Urbana, OH; and Bennetts
ville, SC exhibit significant health impacts under both extreme 
commuting scenarios.

The study has several limitations. First, the LEHD dataset does not 
differentiate between transportation modes, so it is assumed that all 
commuters drive alone to work. This assumption could affect the ac
curacy of EC and vehicle emissions estimates, particularly in cities with 
higher public transit use. Second, the analysis does not explicitly 
incorporate the growing prevalence of remote and hybrid work ar
rangements, especially in the post-COVID-19 era. These evolving work 
patterns may substantially reshape commuting patterns by reducing 
overall travel demand, altering the spatial interactions between jobs and 
housing locations, and creating new temporal rhythms of mobility. 
Future research could extend this framework to capture partial or flex
ible commuting schedules, as well as the experiences of individuals with 
multiple or rotating worksites, which add further complexity to the 
commuting landscape. Third, this study assumes a uniform per-mile 
emission rate for each pollutant, without differentiating by vehicle 
age, make, or model. Because per-mile emission rates continue to 
decline with technological improvements and stricter standards, future 
air pollution and related health impacts may become less sensitive to 
commuting distance alone. Moreover, the growing adoption of electric 
vehicles (EVs) introduces new spatial and environmental dynamics: 
while EVs reduce tailpipe emissions, they shift the emission source to 
electricity generation, the intensity of which varies geographically with 
regional energy mixes. Considering these ongoing transformations in 
work practices and vehicle technologies is crucial for interpreting the 

Table 6 
Estimated mortality changes (number of deaths) from air pollutants under 
minimum and maximum commuting scenarios.

Potential mortality reduction under the minimum commuting scenario

Model From Primary PM2.5 From VOC From NOX Total

EASIUR 372 277 669 1318
AP3 392 277 603 1272

InMAP 334 216 678 1228

Potential mortality increase under the maximum commuting scenario

Model From Primary PM2.5 From VOC From NOX Total

EASIUR 1045 760 1962 3767
AP3 1069 760 1608 3437

InMAP 897 568 1772 3237
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long-term implications of commuting efficiency, air quality, and public 
health. Fourth, while the study utilizes three reduced-complexity air 
quality models to provide a comprehensive assessment of potential 
health benefits from optimal commuting, the benefits of ozone (O₃) 
reduction are underrepresented, as these models primarily focus on 
PM2.5-related health impacts. Finally, to enhance accuracy and reli
ability, the health findings should be further validated using a full-scale 
chemical transport model in conjunction with the health impacts model.
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