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A B S T R A C T   

Transportation equity is a substantial concern for planners. Segregation and exposure analysis 
provide a lens from which community stakeholders can better decipher transportation equity 
challenges. This paper aims to expand racial segregation analysis beyond residential places to a 
more holistic activity space, including commuter populations. We filled existing research gaps on 
validity by calibrating Information Maximization (IM) model and a distance decay function to 
estimate race-specific driving patterns iteratively. A unique index of intergroup exposure and 
potential for contact between residents, workers, and commuters is proposed to understand the 
varying exposures different racial groups have with each other. We further identified the most 
racially-segregated road segments, residential and workplace areas, and how they become 
segregated based on the commuters’ information. Given that exposure is a precursor to contact, 
understanding race-specific driving patterns is vital to understanding more extensive social 
mobility and segregation processes and their consequences for transport equity.   

1. Introduction 

Transportation planning goals have evolved throughout the late 20th and early 21st centuries. For example, social equity has 
become one of the major concerns for transportation researchers and policymakers (Manaugh et al., 2015, Zhou et al., 2020). 
Transportation directly impacts equity as mobility becomes a core part of people’s daily life. Further, historically marginalized groups 
often face direct challenges to mobility. For instance, underprivileged groups often lack convenient access to public transportation or 
are forced to dedicate a larger share of household income to transportation. Language barriers, more exposure to air pollution, and 
restricted access to essential services also complicate equity issues for these populations (Lajunen, 2014; Zhou et al., 2021). One 
common way is to view the issue of transport equity through the lens of segregation. For example, racial segregation in residential 
spaces is extensively studied (Feitosa et al., 2007; Grady and McLafferty, 2007; Grubesic et al., 2018), and this lens often uses an urban 
setting. However, with rare exceptions (see Jang and Yao, 2014), little research includes commuters and their associated activity 
spaces. This research fills the gap by estimating commuters by race (or race-specific driving patterns) and proposing a novel exposure 
index based on the activity space of residents, workers, and commuters. To clarify, the term “race-specific driving patterns” refers to 
the racial distributions of commuters who use automobiles as their mode of transportation. This research focus raises a profound 
question: why should we care about automobile commuters? 
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First, examining the racial composition of car commuters on the road can offer practical benefits in several critical domains. For 
instance, recent studies on traffic-related air pollution indicate that individuals may experience racial segregation and prolonged 
exposure to air pollution beyond their immediate residential surroundings (Park and Kwan, 2020). Also, it is common for racial and 
ethnic groups in urban areas to work separately, often occupying different neighborhoods or parts of the city (Ellis et al., 2004). 
Therefore, accurately identifying the racial distributions of commuters is essential for establishing an accurate baseline that reflects the 
real-world geographic context of racial segregation and disproportionate exposure to air pollution. Second, the distribution of com
muters is a strong benchmark for racial profiling. Racial profiling studies focus on the heightened risk of police contact for black or 
brown drivers (i.e., “driving while black or brown”), particularly in white areas (Lundman and Kaufman, 2003), and higher risks for 
more punitive stop outcomes, such as citations over warnings (Engel and Calnon, 2004; Hetey et al., 2016; Wallace et al., 2017; 
Wallace et al., 2018). One central question in evaluating police law enforcement on the road is establishing appropriate benchmarks. In 
this context, the racial distributions of commuters can provide valuable insights and serve such a purpose. Third, Latham and Pinto 
(2022) explored an alternative question, attempting to uncover the economic interconnections between commuters, employment 
centers, and bedroom communities, where the majority of residents commute elsewhere to work and come home to sleep. Analyzing 
commuting patterns enables researchers to examine the economic connections between different regions. These patterns reveal how 
labor markets extend across geographic areas and offer job prospects to residents in nearby jurisdictions. 

While accurately estimating race-specific driving patterns is crucial across multiple domains, it may be unclear why one should 
incorporate commuters into traditional exposure analysis. For example, automobile commuters might initially appear to engage 
infrequently with locals, workers, and the broader community, yet substantial empirical evidence suggests otherwise. 

For example, in criminological studies, it is essential to acknowledge that commuters cause shifts in the baseline populations that 
impact crime statistics (Mburu and Helbich, 2016). Specifically, commuting patterns significantly impact crime outcomes, with a 
notable correlation between increased inbound commuting and higher risks for random crimes such as theft and violence. Second, 
recent epidemiological research suggests that commuting is crucial to understanding health and environmental interactions. For 
example, Signorino et al. (2011) noted substantial differences in exposure to environmentally contaminated areas when comparing 
commuters to residents. Regardless of the substantive context, there is a dearth of work considering the interactions between com
muters, residents, workers, and places for deepening our understanding of dynamic urban areas. 

Finally, it is worth noting that, in addition to the explicit interactions discussed earlier, commuting plays a significant role in 
shaping commuters’ perceptions and understandings of the spaces they choose to engage. For example, according to Wallace and 
Louton (2018) and Sampson (2012), commuters’ experience with a neighborhood, even just by driving through, is critical to their 
attitudes toward interacting with the neighborhood and its residents. Additionally, Sampson and Raudenbush (2004) found evidence 
that when individuals see people of color in neighborhoods, they are more likely to report those neighborhoods as disorderly. 
Therefore, commuting (e.g., simply driving through and/or seeing people of color) could shape people’s willingness to engage with the 
space. As a result, it is crucial to obtain precise estimates of race-specific driving patterns and integrate them into exposure-related 
research. 

We justify our focus on car commuters in this research as follows. First, commuters who drive alone or carpool represent a sig
nificant portion of the commuting population in many areas. For example, in the United States, 76% of workers commuted to work by 
driving alone or carpooling in 2019 (US Census Bureau, 2019). Thus, using this group as a benchmark provides a representative sample 
of the overall commuting population for this research. Second, car commuters may have distinct travel patterns and ways of interacting 
with their surroundings compared to other modes of transportation. Therefore, including other modes of commuting in the study may 
introduce bias and require different methodological approaches. 

This research is essential for four reasons. First, accurately estimating race-specific driving patterns is critical to understanding 
racial segregation on the road. Sharing space is a precursor for intergroup contact and ameliorating social issues like transportation 
justice, social segregation, and differential employment. Specifically, studying how space sharing occurs through mobility activity, 
such as a work commute, will help us understand urban processes surrounding racial segregation, differential mobility, and its un
derlying spatial dynamics. Second, this research attempts to reconstruct race-specific driving patterns and explain and describe the 
formation of such patterns by incorporating segregation and exposure analysis. By doing so, we can delineate drivers with different 
socioeconomic signatures and trip origins/destinations for an urban area. Third, using universally accessible data in this research 
makes the framework and results easily transferable (and replicable) to different regions in the United States and elsewhere. Fourth, 
accurately estimating race-specific driving patterns can contribute to many important research domains, from geography and trans
portation to epidemiology, sociology, urban planning, and criminology. Again, while census data provides a valid snapshot of resi
dential populations and can account for commuter-adjusted population estimates, how these diverse groups intermix in time and space 
is critical for deepening our understanding of urban areas. 

We organize the remainder of this paper as follows. Section 2 reviews racial segregation, social integration, and intergroup contact. 
We follow this with an outline of our data and its sources. Section 3 describes the data we used for this study, which is all publicly 
available in San Diego County. Section 4 details the methodological framework for constructing race-specific driving patterns and the 
analytical pipeline for identifying racial segregation, exposure, and potential intergroup contact between neighborhood residents and 
commuters. Finally, we present the results in Section 5 and provide a discussion and conclusion in Section 6. 

2. A review of segregation and opportunities for intergroup contact 

Urban segregation routinely entrenches negative socioeconomic consequences, particularly for disadvantaged communities in 
urban areas (Dixon et al., 2020). From concentrated poverty (Do et al., 2019) to inequitable access to healthcare (Scally et al., 2018) 
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and educational resources (Fuller et al., 2019), segregation continues to shape and influence the fabric of metropolitan areas 
throughout the United States and elsewhere. As such, segregation becomes a lens for understanding differentiated mobility, activity 
spaces, intergroup contact, and urban dynamics, particularly along race/ethnic lines. 

Classic segregation measures account for neighborhoods’ demographic composition, geographic distributions, underlying spatial 
structures and scale, and the interplay of racial-ethnic and socioeconomic groups at the local level (Oka and Wong, 2019; Wong, 1993; 
Yao et al., 2019). However, this work is increasingly shifting toward better understanding segregation dynamics beyond residential 
spaces (Phillips et al., 2021). Specifically, efforts to map the activity spaces of individuals help researchers determine where in
dividuals spend time, shop, recreate, and engage with urban spaces in their day-to-day lives (Phillips et al., 2021; Wong and Shaw, 
2011) as well as the ambient population dynamics for a given city (Park and Kwan, 2018) and the potential for intergroup contact 
(Dixon et al., 2020). 

In this context, both micro- and macro-level mobility processes are relevant. Macro-level mobility concerns community effects and 
structural connectedness. Specifically, Phillips et al. (2021) conceive structural connectedness as the extent to which neighborhoods in 
a city are tied to each other by residential travel. In this context, structural connectedness is a necessary precursor to macrosocial 
integration (Blau, 1977). At the micro-level, the intergroup contact hypothesis (Allport, 1954) is relevant. Without delving into the 
minutia, Allport (1954) suggested that positive effects of intergroup contact are possible within the bounds of four conditions: 1) equal 
status, 2) intergroup cooperation, 3) common goals, and 4) support from social and institutional authorities. Empirical work confirms 
the importance of these intergroup contacts in reducing prejudice, especially when friendship ties are present within a community 
(Pettigrew et al., 2011). Even in places where the formal mechanisms of segregation no longer operate, elements of preferential 
segregation (Dixon et al., 2020) persist: even when different groups physically overlap in an urban area, segregation continues to 
emerge in public schools, transport, recreational, and leisure spaces (Priest et al., 2014; Ramiah et al., 2014; Swyngedouw, 2013). Once 
again, structural connectedness is a precursor to opportunities for intergroup exposure and critical for facilitating the positive effects 
detailed by Allport (1954). 

Efforts to identify segregation often focus on residential areas within a city. Segregation measures often focus on gender, income, 
race, and ethnicity. Racial-ethnic segregation tends to attract the most attention, given that it is directly related to multiple aspects of 
social equity, such as transportation equity and justice (Galaskiewicz et al., 2021; Zhou et al., 2020), environmental equity (Downey 
and Hawkins, 2008; Grove et al., 2018), and educational disparities (Saporito and Sohoni, 2006). For example, Massey and Denton 
(1988) performed an extensive literature review to evaluate 20 exposure indices to deepen our understanding of segregation. These 
measures capture a given group’s exposure to all other groups, including itself. Typically, these measures use census units (e.g., tracts) 
and the underlying populations of each. However, this largely ignores the dynamism of urban areas, failing to account for daily shifts in 
the population, including the movements of workers and commuters. This paper proposes a new exposure index that utilizes race- 
specific driving patterns to incorporate commuters and workers into the exposure measure. By doing so, we can delineate drivers 
with different socioeconomic signatures and trip origins/destinations, documenting potential opportunities for interaction outside their 
residential spaces – better capturing these urban dynamics. 

Acknowledging the considerable effort made to estimate race-specific driving patterns or disaggregate trips by different features is 
essential. Several studies have attempted to use traffic accident data to identify where people drive by race (Alpert et al., 2004), but this 
approach has limitations. While accident data can pinpoint where accidents happen and the drivers’ race, it is an incomplete repre
sentation of the commuter population, and it contains skewed data due to accident-prone locations, which may lead to an inaccurate 
estimate of the true driving population. Next, criminologists have attempted to determine driving patterns by race/ethnicity through 
observational studies, which have engaged a variety of forms of systematic social observation to gauge both driving behavior and the 
race/ethnicity of the driver. For example, the seminal study in this area used radar guns to determine driving speed while trained 
researchers in cars to determine the driver’s race on the New Jersey turnpike (Lamberth, 1994). The benefit of observational studies is 
that in addition to determining the race/ethnicity of the driver, they can also capture law-abiding driving behavior or other constructs 
of interest. However, observational studies have many flaws; two are common and severe and, therefore, worth noting. First, 
observational studies in no way have the ability to accurately estimate underlying driving patterns within a city or on freeways 
(Ridgeway and Macdonald, 2010) due to time, capacity, and cost. Second, and vitally important, observational methods routinely 
disregard the complexity that driver skin tone introduces into observations (Alpert et al., 2004). In addition, transportation models 
have also been applied to disaggregate the trips on the road. O’Kelly and Lee (2005) developed a trip distribution model to disag
gregate journey-to-work trips by occupation based on the Census Transportation Planning Products Program (CTPP) data. Similarly, 
Sang et al. (2011) modeled the commuting behavior of workers of different genders and occupations using (CTPP 2000) data for 
Rochester, MN. In another study, Ding and Bagchi-Sen (2019) explored the relationship between commuting distance sensitivity 
(decaying speed) and different groups of workers (e.g., income, age, type). While the studies mentioned above have developed models 
for commuting behavior, they do not address the need for estimating race-specific driving patterns. 

However, in addition to delineating drivers by race on the road, we are also attempting to quantify the potential (i.e., opportunities) 
for intergroup contact through race-specific driving patterns at the Census block group level. A related and somewhat complementary 
corpus of research exists for detecting segregation between social groups based on their activity spaces (Kwan, 2000; Lee and Kwan, 
2011; Wang et al., 2012). For example, Kwan (2000) developed a dynamic and interactive three-dimensional geovisualization tool to 
explore space–time travel patterns of different social groups – highlighting segregation in activity spaces for different ethnic groups 
and genders. Lee and Kwan (2011) developed four methods to effectively visualize different subgroups’ activity patterns to understand 
better socio-spatial isolation based on an interviewing sample of Korean populations in Columbus, Ohio. Similarly, Wang et al. (2012) 
examine residents from different neighborhoods in Beijing, China, to discover the socio-spatial segregation of their activity space. 
Taking a meso-level perspective, Phillips and colleagues (2021) conceptualize segregation as the connectedness between city 
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neighborhoods through visits to the neighborhood captured by geolocated tweets. Their results show that some neighborhoods have 
few ties to others and are deeply socially isolated. In a related study using the same data and measures, Wang et al. (2018) show that – 
compared to residents of white neighborhoods – residents of predominantly black and Hispanic neighborhoods are infrequently 
exposed to residents of nonpoor or white middle-class neighborhoods. In all instances, the authors found strong evidence of residential 
and time–space segregation. 

However, all of these studies base their results on a smaller population sample since larger datasets of activity trajectories are often 
unavailable, though that is changing with the increase in geolocated mobility data. Further, many of these research endeavors focus on 
discovering and describing disparities in activity spaces rather than quantifying segregation. Nevertheless, work that helps identify 
intergroup contact and exposure within activity spaces also exists. Specifically, one can use behavioral data drawn from household 
travel surveys, global positioning systems (GPS), and mobile positioning data can highlight overlapping activity spaces (Ahas et al., 
2007; Wong and Shaw, 2011). For example, Wong and Shaw (2011) provided an approach to measure the exposure of a referenced 
group to other groups encountered in the activity space by utilizing Census data and individual travel data in the tri-county area in 
southeast Florida. In addition, Ahas et al. (2007) used passive mobile phone positioning data to study ethnic segregation in non- 
employment activities. Here, the authors used linear and logistic regression models to analyze differences between two ethnic 
groups in San Diego via activity spaces. However, travel survey data often comes from a small percentage of households/individuals. 
Further, mobile positioning or GPS data is poorly semantical, meaning underlying socioeconomic information is rarely available. To fill 
the gap, we use transportation models to associate commuters’ activity space with residential socioeconomics to measure potential 
intergroup contact within commuting flows at the block group level. 

3. Data 

This study uses San Diego County, California, to demonstrate our methodological framework. San Diego County provides an 
excellent natural laboratory for this work. With a population of 3.2 million, it is the second-most populous county in California and 
exhibits a variable mix of dense urban and suburban (commuter) communities. Further, San Diego County is diverse, with approxi
mately 48% of the population identifying as White, 34% identifying as Hispanic or Latino, 12% Asian, 4% Black, and 5% multi-racial 
(US Census Bureau, 2022). 

There are three major categories of data used in the study:  

• Employer-Household Information (LODES Data)  
• Network Data (Shapefiles and ArcGIS Streetmap Data)  
• Population Distribution (Census data) 

The employer-household information contains the distribution of residents and workers and helps determine their distributions at 
the census block group level. The network information consists of vehicle routing data and network shapefiles. This data is crucial for 
estimating parameters such as the distance between census blocks and the routing of trips. Finally, the population distribution provides 
input for the exposure index, which includes the number of residents, workers, and commuters by race in a given area. We detail all of 
the datasets and their categories below. 

The primary data source of this study is LEHD (Longitudinal Employer-Household Dynamics) Origin-Destination Employment 
Statistics (LODES) (US Census Bureau, 2022). LEHD data is a series of products from a partnership between the Census Bureau, and US 
states to provide high-quality information on the local labor market. LODES data, specifically, contain information on where workers 
live and work. Version 7 of LODES used in this study was enumerated by 2010 Census Blocks and organized into three types: Origin- 
Destination (OD), Residence Area Characteristics (RAC), and Workplace Area Characteristics (WAC) (US Census Bureau, 2022). Data is 
available for most states from 2002 through 2018, including California. The OD dataset describes the total number of jobs associated 
with a home Census block and a work Census block (Table 1). In addition, we know the number of jobs whose home address is within a 
specific Census block from the RAC dataset. 

Furthermore, the racial split is available in the RAC dataset. The WAC dataset contains information on the total number of jobs 
associated with a work Census block, including the racial split. Note that the OD dataset does not have race information available. 
Furthermore, for WAC and RAC, Race is classified as 1) White (alone), 2) Black (alone), 3) American Indian or Alaska Native (alone), 4) 
Asian (alone), 5) Native Hawaiian or Other Pacific Islander (alone), and (6) two or more race groups (i.e., multi-racial). For this 
research, we compare white residents to all other races (non-white) combined to demonstrate the analytics pipeline, but other 

Table 1 
Description of datasets used in this study.  

Dataset Name Description 

LODES Origin-Destination (OD) Number of jobs associated with a home Census Block and a work Census block 
LODES Residence Area Characteristics (RAC) Number of jobs associated with a home Census block 
LODES Workplace Area Characteristics (WAC) Number of jobs associated with a work Census block 
San Diego TIGER/Line Shapefiles Polygons representing 2020 US Census Bureau block groups for San Diego County 
ArcGIS Streetmap Premium North America Data for supporting map display, geocoding, and routing 
2016–2020 American Community Survey 5-year estimates Population by race at the Census block group level  
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combinations are possible. 
Other datasets used in this study include the San Diego TIGER/Line Shapefiles. The shapefile of San Diego contains polygons 

representing the 2010 US Census Bureau Block Groups for San Diego County (US Census Bureau, 2014). In addition, the National 
Household Travel Survey (NHTS) is used to validate the assumption that the distance decay parameter is consistent across different 
racial groups. Furthermore, we obtain the historical traffic information and San Diego County street network from ArcGIS StreetMap 
Premium data. Finally, we extract population distributions, by race, from the 2016–2020 American Community Survey 5-year esti
mates at the block group level. 

4. Methodology 

Several pieces of information are needed to perform segregation analysis and to evaluate potential intergroup contact and 
commuting flow in San Diego County. This information includes commuter routes, the number of commuters for each route, and the 
racial split of commuters for each road segment. 

San Diego County has 39,930 Census blocks, 28,418 of which have residents. 17,942 Census blocks have workers, and 1,023,915 
pairs exist between different census blocks (after removing the pairs with no data). This count makes routing calculation and traffic 
assignment computationally implausible. Thus, we further aggregated the LODES data into Census block groups which reduced the 
total geographical units to 1,794 and the total number of interacting pairs to 427,526, with 1,794 block groups with residents and 
1,792 block groups with workers. Fig. 1 shows the visual comparison between the choice of Census blocks and Census block Groups. Of 
the 1,794 block groups, we exclude Camp Pendleton – one of the largest and most diverse military bases in the United States. In short, it 
exhibits a relatively high population, but there are insufficient commuting trips to justify its inclusion in our model. 

Next, we identify the centroid (geographical center of the polygon) for every block group in San Diego County and treat them as the 
origins and destinations for trips that start/end within those block groups. Again, 1,794 applicable points serve as either the origin or 
destination of all commuting trips in San Diego County. Then, we calculate the optimal routings between those 1,794 centroids using 
ArcGIS Network Analyst and ArcGIS StreetMap Premium data based on the average speed of historic traffic in the past two years. 
ArcGIS StreetMap Premium data includes detailed base maps, locators for geocoding, and a network dataset for routing. Predictive and 
live traffic is available, as well as historical traffic, speed limits, limited street coverage, and minimal street coverage. Using StreetMap 
Premium data helps us avoid the system error introduced by estimating or simulating traffic based on shortest path distance, system 
optimal traffic assignment, user equilibrium traffic assignment, or other methods. Also, one can infer the race split for each block group 
from the RAC and WAC datasets. Next, we estimate the commuting flows between pairs of block groups using an IM model. 

4.1. IM model 

O’Kelly and Lee (2005) developed the IM model to disaggregate commuting trips by occupation. The method has been used in 
several socioeconomic studies on commuting (Kim et al., 2012; Sang et al., 2011; Jang and Yao, 2014; Farber et al., 2015) and has 

Fig. 1. (a) Census Blocks; and (b) Census Block Groups.  
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undergone substantial validation testing using the LEHD dataset, with results indicating a high level of accuracy in reproducing known 
disaggregated OD flows (Niedzielski et al., 2015). The IM model works well under most circumstances, but there are unique cases 
where the model might not be robust. For example, when using the LEHD dataset to create disaggregated flows, the OD flows are 
almost always unbalanced, which could hurt the performance of the IM model. Taking San Diego County, for instance, we can 
categorize commuters into three categories:  

1. Live and work in San Diego County;  
2. Live in but work outside San Diego County; and  
3. Live outside but work in San Diego County. 

If we utilize these three categories of commuters without additional processing, the OD flows will be imbalanced. Our solution is to 
focus only on category (1), who live and work in San Diego County, since it accounts for most of the population. 

The IM model setting is as follows: 

Tk
ij = Ak

i Ok
i Bk

j Dk
j exp

(
− βkcij

)
(1)  

where, 

Ak
i =

[
∑

j
Bk

j Dk
j exp

(
− βkcij

)
]−1

(2)  

Bk
j =

[
∑

i
Ak

i Ok
i exp

(
− βkcij

)
]−1

(3)  

Subject to 
∑

j
Tk

ij = Ok
i ∀i (4)  

∑

i
Tk

ij = Dk
j ∀j (5) 

Here, k is the index of racial groups. Tk
ij is the commuting flow between spatial units i and j for group k. Ok

i and Dk
ij represent the 

number of workers in spatial units i and j for group k. βk represents the distance decay parameter for group k and cij is the travel distance 
between spatial units i and j. The objective of the IM model is to estimate Tk

ij for all k groups successfully. In this research, the spatial 
units are the block groups in San Diego County, and k refers to different race groups, as detailed in Section 3.1. To estimate Tk

ij for 
specific race groups k, we need to iteratively calculate Eqs. (2) and (3) until Eqs. (4) and (5) are satisfied with a tolerable error. 
However, two parameters remain unknown in the IM model: βk and cij. 

4.1.1. Estimating travel distance – cij 

To estimate βk, we need to determine cij. cij is the distance between block groups i and j. We use the shortest path distance between 
two block group centroids for cij. This shortest path is calculated by overlaying 1,794 centroids onto the network in San Diego County 
and snapping centroids to their nearest roads. However, this method will always give a zero distance for intrazonal trips. There are 
many ways of estimating intrazonal distances, most of which utilize Euclidean distances only and assume a circular zone shape. For 
example, Batty (1976) suggested calculating the intrazonal distances as follows: 

Cii =
ri
̅̅̅
2

√ (6) 

Here, ri refers to the radius of the zone in terms of trip length. Fotheringham (1988) suggested that intrazonal distance can be 
estimated using the formula Cii =0.846 * ri, based on analyzing the potential minimum and maximum travel in a zone. O’Kelly and Lee 
(2005) and Jang and Yao (2014) propose calculating intrazonal distance as the zone’s radius. In our study, we define the radius as: 

R =

̅̅̅
S

√

π
(7) 

This study quantifies the relationship between the shortest path and Euclidean distances via a regression model. We represent the 
centroid-to-centroid distance as follows: 

Cij β1*
̅̅̅̅
Si

√
+ β2*

̅̅̅̅
Sj

√
+ β3*Dij (8)  

where Cij is the shortest path distance between block groups i and j, Si and Sj are the areas of block groups i and j, respectively, and Dij is 
the Euclidean distance between centroids of block groups i and j. 
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To estimate the intrazonal distance, we made two assumptions.  

1. The block groups are roughly circular.  
2. The network distance between a point and the centroid of its block group is proportional to the Euclidean distance between them. 

The expected value of the distance between a random point X and the centroid on a circular disk of radius r can be calculated based 
on the PDF: 

FX(x) =
πx2

πr2 |x| ≤ r (9) 

We calculate the expected value as follows: 

1
r2

∫ r

0
2x2dx =

2r
3

(10) 

The next step is to estimate ri for block group i based on the regression result. 
In the above regression settings, the terms β1*

̅̅̅̅
Si

√
and β2*

̅̅̅̅
Sj

√
accounts for the distance from centroids of block groups i and j to 

their border separately, while β3* Dij accounts for the travel distance between block groups. To estimate ri, we let Dii = 0, which 
represents two overlapping block groups that share the same centroid. In this case, there is no outside-block group travel. i.e., Cii 

represents the distance from centroid to border and back to the same centroid. Thus, ri is estimated as Cii
2 , and we calculate the 

intrazonal distance as: 

Intrazonali =
2ri

3
=

Cii

2
*

2
3

=
cii

3  

4.1.2. Estimating distance decay parameter –βk 

Fotheringham and O’Kelly (1989) proposed a negative exponential relationship between commuting flows and distances, which 
features a similar distance decay parameter: 

Ti = e−βDi (12) 

where Ti is the commuting flow in commuting interval i. Here, the commuting interval is equal-length distance range starting from 
0 (e.g. [0, 150 m), [150 m, 300 m), …). Di is the average commuting distance within interval i. For example, for interval [150 m, 300 
m), Di can be any value between 150 m and 300 m, given different distributions of commuting distances that fall into this interval. The 
calculation of Di involves cij. Since we assume that trips from/to any block group start/end at the centroid, trips between two specific 
block groups may have the same commuting distance. Ti is estimated from the LODES dataset, which contains information on residents 
and workers in different block groups, including data on race. 

However, Fotheringham and O’Kelly (1989) assumed a constant β for all workers. Therefore, the first question to ask is whether it is 
reasonable to assume that all racial groups share the same distance decay parameter, βk. LODES provides information on race and 
workers’ residential and work locations, but it does not indicate how many workers live and work in each location simultaneously. For 
example, LODES does not provide information on the number of white workers who live in block group A and work in block group B. 
Therefore, as mentioned in Section 3, we introduced the NHTS, which contains detailed trip descriptions and the demographics of 
drivers. These data allow us to estimate Ti and Di for all races included in the survey. Later, we applied the logarithm to both sides of Eq. 
(12). 

logTi = −βDi (13) 

Eq. (13) establishes a linear relationship between logTi and average commuting distance Di. It is worth mentioning that the NHTS 
dataset contains far fewer records than the LODES data. The linear relationship in Eq. (13) is modeled on 2,055 commuting trips in San 
Diego County for both non-white and white drivers separately. The estimates of β are 0.0486 (white) and 0.0468 (non-white), whi are 
quite similar. Despite the small sample size from the NHTS dataset, it appears to be a safe assumption that distance decay works equally 
across different racial groups in San Diego County. Thus, we transform Eqs. (1), (2), and (3) into the following: 

Tk
ij = Ak

i Ok
i Bk

j Dk
j exp

(
− βcij

)
(14)  

Ak
i =

[
∑

j
Bk

j Dk
j exp

(
− βcij

)
]−1

(15)  

Bk
j =

[
∑

i
Ak

i Ok
i exp

(
− βcij

)
]−1

(16) 

The next step is to estimate the distance decay parameter β based on LODES dataset. 
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4.2. Potential intergroup exposure 

The results from IM model tell us the exact racial split of commuters between any pair of block groups. This information is essential 
because routing specifics are needed to deepen our understanding of the racial split in the road network (i.e., along each road segment). 
Our network data contains information on real-time routing between block groups provided by StreetMap Premium data. Thus, by 
combining routing information with results from IM model, the detailed commuter split can be found for each trajectory point 
recorded in the network data. For the case of San Diego County, it contains 102,375 trajectory points. However, these trajectory points 
congregate in certain regions (e.g., downtown San Diego), making it challenging to observe distinct commuting corridors. Therefore, 
we further aggregate all trajectory points by block group to identify the unique paths traversing the block groups. By doing so, we can 
retrieve the information of all commuters that pass through each block group. 

Then, to understand the possible intergroup contact between commuting populations, working populations, and residents, we 
formulate an exposure index as follows: 

Ei,ra×cb =
ra

i

Ra
wtb

icc
b
i

wta
irr

a
i + wtb

irr
b
i + wta

icc
a
i + wtb

icc
b
i + wta

iwwa
i + wtb

iwwb
i

(17)  

Ei,ra×ca =
ra

i

Ra
wtb

icc
a
i

wta
irr

a
i + wtb

irr
b
i + wta

icc
a
i + wtb
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b
i + wta

iwwa
i + wtb

iwwb
i

# (18)  

Ei,ra×rb =
ra

i
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wtb
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i

wta
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b
i + wta
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(19)  

Ii,ra×ra =
ra
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i + wta
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(20)  

Ei,ra×wb =
ra

i
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wtb

iwwb
i

wta
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a
i + wtb
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i + wta
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a
i + wtb
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Ei,ra×wa =
ra

i

Ra
wta

iwwa
i

wta
irr

a
i + wtb

irr
b
i + wta

icc
a
i + wtb

icc
b
i + wta

iwwa
i + wtb

iwwb
i

(22)  

where, 

ra
i = thenumberofgroupAresidentsatblockgroupi  

rb
i = thenumberofgroupBresidentsatblockgroupi  

ca
i = thenumberofgroupAcommutersatblockgroupi  

cb
i = thenumberofgroupBcommutersatblockgroupi  

wa
i = thenumberofgroupAworkersatblockgroupi  

wb
i = thenumberofgroupBworkersatblockgroupi  

Ra = thetotalnumberofgroupAresidentsintheregion  

Rb = thetotalnumberofgroupBresidentsintheregion  

Ca = thetotalnumberofgroupAcommutersintheregion  

Cb = thetotalnumberofgroupBcommutersintheregion  

wta
ir = weightassociatedwithgroupAresidentsatblockgroupi  

wtb
ir = weightassociatedwithgroupBresidentsatblockgroupi  

wta
iw = weightassociatedwithgroupAworkersatblockgroupi  

wtb
iw = weightassociatedwithgroupBworkersatblockgroupi 
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wta
ic = weightassociatedwithgroupAcommutersatblockgroupi  

wtb
ic = weightassociatedwithgroupBcommutersatblockgroupi 

The weight aims to adjust the contribution of residents, workers, and commuters of different racial groups in different areas. For 
example, residents may spend more time at home, while workers may spend more time in the workplace or commuting. Therefore, 
applying different weights to residents and workers can reflect their varying exposure patterns and better estimate their potential 
exposure. The same holds for commuters. Commuters may pass a specific region quickly without interaction, especially when 
commuting via highways. Thus, the weights allow us to customize their individual contribution according to network conditions, land- 
use information, racial splits, criminal rates, etc. 

In addition, the exposure indices of white residents to non-white (1) workers and commuters and (2) residents, workers, and 
commuters are defined as follows: 

Ei,ra×(rb&wb) =
ra

i
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wtb

irr
b
i + wtb

iwwb
i
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a
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(23)  

Ei,ra×(rb,wb&cb) =
ra

i
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iwwb
i + wtb

icc
b
i

wta
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a
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irr
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icc
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i + wtb
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i + wta

iwwa
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#(24)

5. Results and analysis 

5.1. Calibrating the IM model 

As discussed in Section 4, there are 1,793 block groups in total and two types of distance, 1) shortest-path distance (between block 
groups) and 2) intrazonal distance (within block groups). The distances between the two block groups range from 0.039 to 122.706 
miles, while intrazonal distances range from 0.075 to 14.641 miles. Following the discussion in Section 4.1.1, the intrazonal distances 
were estimated using a regression model between the shortest path distance and Euclidean distances and the areas of origin and 
destination block groups. The model is regressed based on the data collected in San Diego County. 

̅̅̅̅
Si

√
and 

̅̅̅̅
Sj

√
are retrieved directly 

from the shapefiles of San Diego County. Cij and Dij are calculated as shortest-path distance and Euclidean distance between centroids 
of block groups in San Diego County. By applying 10-fold cross-validation, the mean R2 is 0.9741. Next, Fig. 2 plots R2 and β against 
different choices of interval lengths from 0.1 to 2 miles. From Fig. 2, we know that an interval length of 1.5 miles gives us the best R2, 
and the corresponding β is 0.105. 

We present the corresponding distribution of commuting distances with an interval length of 1.5 miles in Fig. 3. Hence, Tk
ij is now 

the only unknown variable in Eqs. (7) through (9). As a result, we can calculate Tk
ij for any racial group k. 

5.2. Potential intergroup contact and exposure 

This section highlights the distribution of white and non-white populations, segregation by road segment, and the potential 
intergroup contact (i.e., exposure) between white residents and non-white commuters. 

Fig. 2. (a) R2 versus Interval Length (b) β versus Interval Length.  
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5.2.1. Residents 
Using 2016–2020 American Community Survey 5-year estimates, we highlight the distributions of white and non-white pop

ulations in Fig. 4. Specifically, we calculate the percentage of white/non-white population by using the total population (i.e., white 
population plus non-white population) as the denominator. Judging from Fig. 4, most of the block groups in San Diego County are 
highly segregated. In this instance, white or non-white populations dominate their respective block groups. Moreover, there are two 
clusters of non-white dominated Census Block Groups located around San Diego Downtown and Mira Mesa, both of which are heavily 
populated regions in the City of San Diego (more than 37,000 residents in San Diego Downtown and more than 80,000 residents in 
Mira Mesa). 

5.2.2. Commuters 
The number of commuters traversing a Census Block Group is another key factor contributing to residents’ potential intergroup 

contact and exposure to commuters. Fig. 5. demonstrates the percentages of white/non-white commuters in all block groups, which we 
calculate as the white/non-white commuters with a denominator of total commuters in the block group. Based on Fig. 4 and Fig. 5, it is 
not surprising that block groups with the highest percentage of white / non-white populations experience the highest percentage of 
white / non-white commuters since the workers are usually proportional to the total population. 

However, an interesting result emerges if we consider employment and commuting corridors. Fig. 6 demonstrates the number of 

Fig. 3. Histogram of Commuting Distances.  

Fig. 4. (a) Percentage of White Population; and (b) Percentage of Non-white Population.  
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white/non-white commuters passing through each Census Block Group divided by the total number of white/non-white commuters in 
San Diego County. We synchronize the color schemes for Fig. 6(a) and Fig. 6(b) for comparative purposes. Fig. 6 suggests that white 
and non-white commuters share the same commuting corridors in San Diego. Both types of commuters travel from outlying zones to 
the central area. Further, the commuting corridors correspond to major arterials, including interstate highways such as I-15 and I-805. 

5.2.3. Potential intergroup contact and exposure 
In this section, we performed a sensitivity analysis considering two scenarios. We first apply the same weight to different races and 

block groups in the segregation analysis, based on the assumption that each race and block group bear the same importance in 
determining the level of segregation in the area. Treating all races and block groups equally when calculating the exposure index 
ensures that each group’s contribution to the overall level of segregation is weighted the same. Applying different weights based on 
race or block group could introduce bias and potentially lead to inaccurate results. However, we acknowledge that this is a simplified 
assumption. Future research may explore alternative weighting schemes that account for potential differences in the level of segre
gation based on race or block group, if supported by evidence or when additional data is available. Consequently, in the following 
sensitivity analysis, we assume that: wtb

ir = wtairforalli (25) 

wtb
iw = wta

iwforalli (26)  

wtb
ic = wta

icforalli (27) 

We define the two potential scenarios: 
Consider the exposure of white residents to non-white commuters. i.e., wtb

ir = wta
ir = wtb

iw = wta
iw = 1 and wtbic = wtaic = 0.25, 0.5,

0.75, 1. 
Consider the exposure of non-white residents to white commuters. i.e., wtbir = wta

ir = wtb
iw = wta

iw = 1 and wtbic = wtaic = 0.25, 0.5,

0.75, 1. 
In Scenario 1, our analysis focuses on white residents’ exposure to non-white commuters, but the weights of commuters have four 

different variations, 0.25, 0.5, 0.75, and 1. Fig. 7 displays the potential intergroup contact (i.e., exposure) of white residents with non- 
white commuters of different weights. There are several key observations. To begin with, despite the variation of weights applied to 
commuters, block groups with the highest percentage of white populations, such as suburbs and the coast (Fig. 4(a)), exhibit low 
exposure to non-white commuters. This outcome suggests two things. First, very few non-white commuters pass through those areas. 
Second, the overwhelming wealth of these coastal block groups may reflect elements of preferential segregation (Dixon et al., 2020) 
within San Diego County. In addition, the region with the highest levels of potential intergroup contact is found in the county’s 
southern reaches, where total populations are relatively large, and there is a proportional balance between white and non-white 
populations. Lastly, regions functioning as employment hubs, such as Kearny Mesa, experience high levels of potential intergroup 
contact because of the large number of non-white workers commuting to the region. Moreover, by comparing the results across the four 
weights, we noticed that the absolute values of local exposures are increasing in certain areas as the weights increase. However, in most 
regions, the exposure stays low because of either a low white population or low non-white commuters. In addition, the region with the 
highest levels of potential intergroup contact remains the county’s southern reaches. The comparison shows that the proposed 
exposure indices demonstrate varying patterns when the weights of commuters are adjusted. 

In Fig. 8, Scenario 2, we demonstrate the exposure of non-white residents to white commuters under four different weights. We 

Fig. 5. (a) Percentage of White Commuters (b) Percentage of Non-white Commuters.  
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observe similar results; however, areas with high percentages of non-white populations tend to have higher levels of exposure (see 
Fig. 8(b)). This outcome is mainly due to the imbalanced distribution of non-white populations. As demonstrated in our analysis, 
changes in the weights assigned to commuters can significantly impact exposure levels. When weights are small, only areas with the 

Fig. 6. (a) White Commuting Corridors; and (b) Non-white Commuting Corridors.  

Fig. 7. Exposure of white residents to non-white commuters (a) wtbic = wtaic = 0.25 (b) wtbic = wtaic = 0.5 (c) wtb
ic = wta

ic = 0.75 (d).wtbic = wtaic = 1  
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highest percentage of non-white populations exhibit a notable exposure level. However, as weights assigned to commuters gradually 
increase, more regions are identified as having elevated exposure levels. These findings suggest that many white commuters are 
present in the southern regions of the county. When the weights assigned to commuters are small, exposure levels are lower due to the 
low percentage of non-white populations. However, as weights increase, the contributions of commuters grow, and exposure levels rise 
accordingly. This outcome highlights the significance of adjusting the weights assigned to different contributors in the exposure index, 
providing flexibility to tailor the index based on various scenarios. 

6. Discussion and conclusions 

In this paper, we identified the gap in current segregation analysis and justified the importance of incorporating commuters into the 
activity space of urban areas. Then, we derived race-specific driving patterns on community roadways based on universally accessible 
data, making the framework transferable to locations with similar data source availability. Furthermore, we extended exposure 
measures from residents and workers by including commuters based on the race-specific driving patterns we delineated. The novel 
measure of intergroup exposure and potential for contact incorporated information on residents, workers, and commuters and their 
race-specific driving patterns to understand how different racial groups are exposed to each other within San Diego block groups. We 
applied this index to roadways and underlying sociodemographic characteristics and found that elements of driving-related segre
gation exist within San Diego County. There is very little chance of intergroup exposure in the block groups near the coastal areas 
throughout the region. These locations are overwhelmingly white (Fig. 4) and affluent. In short, San Diego roadways are segregated, 
showing that differential commuting patterns likely shape opportunities for intergroup exposure and contact (or lack of it). 

Intergroup exposure and contact are critical for many social processes. At the most basic, intergroup exposure shapes how in
dividuals view others outside their own racial groups. For example, studies in psychology have long shown that intergroup exposure 
and contact is a powerful tool in shaping and reducing between-racial group conflict and prejudice in a wide variety of settings 
(Dovidio et al., 2003; Pettigrew et al., 2011), including within the workplace (Darling-Hammond et al., 2021; Herda, 2018), between 
physicians and patients (Onyeador et al., 2020), among college students (Bowman and Denson, 2012), and within space (i.e., spatial 
proximity (Wessel, 2009). Further, these mechanisms shape the tolerance of individuals of different races than one’s own by simple 
exposure (Wessel, 2009); contact does not need to occur. Finally, indirect exposure to other groups reduces prejudice (Pettigrew et al., 
2011). In areas where driving is the dominant mode of transportation, our intergroup exposure index helps determine locales where 
intergroup exposure is possible; our results show large swaths of coastal and suburban areas in San Diego where driving patterns create 
few if any, opportunities for intergroup contact/exposure. With driving-related exposure and opportunities for contact between races 
relatively low in San Diego, social issues such as between-racial group conflict and prejudice will likely remain. 

The practical application of this research is significant for transportation researchers and policymakers. Accurately estimating race- 
specific driving patterns is critical for understanding racial segregation on the road and improving transportation equity. The proposed 
exposure index can help identify areas with high levels of exposure to different racial groups and inform policies to address the 
transportation needs of historically marginalized groups. Using universally available data makes the framework and results trans
ferable and replicable to different regions in the United States and beyond. Additionally, one can extend the proposed framework to 
other modes of transportation, such as public transit or biking, with adjustments made to the estimation of trip patterns based on the 
specific mode of transportation. 

However, there are some limitations to the proposed approach. First, the accuracy of the exposure index relies on the assumptions 
made regarding the weightings of different groups and their respective activity spaces. The weights present the intensity of explicit or 
implicit interaction between different groups. When determining the weights of commuters across different block groups, it is essential 
to consider their actual travel routes. For example, if most commuters pass through census block A by highway, while another census 
block group, B, primarily by local roads, then commuters passing through census block group B should be given greater weight. This 
contingency represents the likelihood of interaction between commuters, residents, and workers in block group B - which can sub
stantially impact exposure patterns and other outcomes. In summary, creating an accurate estimate of the weights of different races, 
locations, and groups (residents, workers, and commuters) is challenging yet critical. Additionally, the framework only considers race- 
specific driving patterns and exposure. Other important factors such as income, education, and network characteristics (speed limit, 
point of interest, land use, etc.) may also affect the interaction between different groups in urban areas. Also, it is essential to 
acknowledge that the results from San Diego County may not broadly represent other locations in California or the United States. For 
example, while white and non-white commuters share the same commuting corridors in this region, such results may diverge in places 
such as Los Angeles, Portland, Chicago, or elsewhere. Regardless, the underlying framework for estimating these driving patterns is 
transferrable to other locales and can provide a functional denominator for establishing the presence of racially biased policing in other 
metropolitan areas or law enforcement jurisdictions. 

Finally, using census block groups as proxies for activity spaces may lead to some measurement errors. Given the size of San Diego 
County, the bulk of our empirical work needed to focus on the block group level. However, Wong (2003) notes that empirical analyses 
of segregation, and their results, can vary by scale (e.g., between block groups, tracts, etc.). Moving forward, this is an essential 
consideration for evaluating racially biased traffic stops, and analysts must account for these empirical uncertainties using sensitivity 
analysis or scale-agnostic estimation approaches. 
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