
Facilitating research on racial and ethnic disparities and 
inequities in transportation: Application and evaluation of the 
Bayesian Improved Surname Geocoding (BISG) algorithm

Emma B. Sartin, PhD, MPHa, Kristina B. Metzger, PhD, MPHa, Melissa R. Pfeiffer, MPHa, 
Rachel K. Myers, PhD, MSa,b, Allison E. Curry, PhD, MPHa,b

a)Center for Injury Research and Prevention, Children’s Hospital of Philadelphia, Philadelphia, PA

b)Division of Emergency Medicine, Department of Pediatrics, Perelman School of Medicine at the 
University of Pennsylvania, Philadelphia, PA

Abstract

Objective: Racial and ethnic disparities and/or inequities have been documented in traffic 

safety research. However, race/ethnicity data are often not captured in population-level traffic 

safety databases, limiting the field’s ability to comprehensively study racial/ethnic differences in 

transportation outcomes, as well as our ability to mitigate them. To overcome this limitation, we 

explored the utility of estimating race and ethnicity for drivers in the New Jersey Safety and 

Health Outcomes (NJ-SHO) data warehouse using the Bayesian Improved Surname Geocoding 

(BISG) algorithm. In addition, we summarize important recommendations established to guide 

researchers developing and implementing racial and ethnic disparity research.

Methods: We applied BISG to estimate population-level race/ethnicity for New Jersey drivers in 

2017 and evaluated the concordance between reported values available in integrated administrative 

sources (e.g., hospital records) and BISG probability distributions using an area under the receiver 

operator curve (AUC) within each race/ethnicity category. Overall AUC was calculated by 

weighting each AUC value by the population count in each reported category. In an exemplar 

analysis using 2017 crash data, we conducted an analysis of average monthly police-reported 

crash rates in 2017 by race/ethnicity using the NJ-SHO and BISG sets of race/ethnicity values to 

compare their outputs.

Results: We found excellent or outstanding concordance (AUC ≥0.86) between reported race/

ethnicity and BISG probabilities for White, Hispanic, Black, and Asian/Pacific Islander drivers. 
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We found poor concordance for American Indian/Alaskan Native drivers (AUC= 0.65), and 

concordance was no better than random assignment for Multiracial drivers (AUC = 0.52). Among 

White, Hispanic, Asian/Pacific Islander, and American Indian/Alaskan native drivers, monthly 

crash rates calculated using both NJ-SHO reported race/ethnicity values and BISG probabilities 

were similar. Monthly crash rates differed by 11% for Black drivers, and by more than 200% for 

Multiracial drivers.

Conclusion: Findings of excellent or outstanding concordance between and mostly similar crash 

rates derived from reported race/ethnicity and BISG probabilities for White, Hispanic, Black, and 

Asian/Pacific Islander drivers (98.9% of all drivers in this sample) demonstrate the potential utility 

of BISG in enabling research on transportation disparities and inequities. Concordance between 

race/ethnicity values were not acceptable for American Indian/Alaskan Native and Multiracial 

drivers, which is similar to previous applications and evaluations of BISG. Future work is needed 

to determine the extent to which BISG may be applied to traffic safety contexts.
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BACKGROUND

Racial and ethnic disparities and/or inequities have been documented in traffic safety 

research. For example, while overall rates of crash fatalities have declined substantially 

over recent decades, across the lifespan individuals who identify as a racial/ethnic minority 

remain much more likely to be killed in a motor vehicle crash than White individuals 

(Harper et al. 2015; Centers for Disease Control and Prevention 2019). In addition, 

compared with White peers, Black and Hispanic/Latino populations have substantially 

lower rates of behind-the-wheel driver training and restraint use and are more likely to 

delay licensure because of costs or other concerns (Curry et al. 2012; Li and Pickrell 

2018; Tefft et al. 2014). Further, racial and ethnic minority populations report facing more 

barriers to transportation, which interfere with employment, housing, health, and well-being 

(Blumenberg and Pierce 2014; Flores and Tomany-Korman 2008; Sanchez et al. 2004; Syed 

et al. 2013).

The bulk of existing US studies focused on racial and ethnic differences in transportation 

have relied on interviews, surveys, and/or direct observations. In comparison, few disparity-

focused transportation studies have leveraged administrative or population-level data sources 

(McAndrews et al. 2013; Zhang and Lin 2013). This is likely because these data sources 

rarely include race and ethnicity information. A notable exception is the Fatality Analysis 

Reporting System (FARS), which includes race/ethnicity (as listed on death certificates) 

for individuals killed in crashes (Briggs et al. 2005). As a result, almost all crash studies 

examining disparities are limited to fatal crashes. Thus, there remains a critical need 

for novel, foundational studies that characterize transportation-related racial and ethnic 

disparities and/or inequities, particularly for non-fatal outcomes (e.g., crashes, injuries, 

restraint use, citations). Further, these studies must be conducted in an ethical way that 

both (1) ameliorates potential biases commonly cited in data collection, analysis, and 
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policymaking and (2) considers race and ethnicity as social constructs used to identify 

populations at-risk for adverse outcomes due to other causal, intervenable variables (e.g., 

health behaviors, socioeconomic status, environmental factors).

In prior work, we described our efforts to develop a comprehensive, integrated traffic 

data source in New Jersey—the New Jersey Safety and Health Outcomes (NJ-SHO) data 

warehouse—to conduct a range of epidemiologic traffic safety studies (Curry et al. 2019, 

2021). As in most other US states, race/ethnicity is not collected on the NJ crash report; 

NJ also does not capture race and ethnicity in their licensing database. Thus, we explored 

various methods of incorporating race and ethnicity information into the NJ-SHO to improve 

the ability of the data warehouse to address critical transportation disparity and inequity 

research questions. In this initial paper, we examine the use of one such method: Bayesian 

Improved Surname Geocoding (BISG). First, we introduce BISG as a method to estimate 

race/ethnicity at the population level. We then use traffic safety data from the NJ-SHO 

to demonstrate how to implement and evaluate this method. Finally, we provide guidance 

on how to analyze and interpret BISG race/ethnicity estimates in real-world traffic safety 

research.

Introduction to Bayesian Improved Surname Geocoding (BISG) Methods

The BISG algorithm was developed by the RAND Corporation for use in health disparity 

research as an approach to produce accurate and reliable group- or population-level 

race/ethnicity estimates (Adjaye-Gbewonyo et al. 2014; Elliott et al. 2008, 2009). BISG 

combines information from the 2000 US Census surname list with information on the 

racial/ethnic composition of each 2010 US Census block group to produce a set of 

probabilities that an individual belongs to each of six mutually exclusive racial/ethnic 

groups: White, Hispanic, Black, Asian/Pacific Islander, Multiracial, and American Indian/

Alaska Native. BISG has previously been applied to multiple health topics and data sources. 

For example, this approach was recently applied to national surveillance data to characterize 

the magnitude of disparities in COVID-19 outcomes (Labgold et al. 2021). However, to 

our knowledge, BISG has not been applied to transportation data sources. Given that 

both surname and residential address are routinely collected on crash reports and in driver 

licensing databases, BISG may be a viable method to incorporate race/ethnicity into traffic 

data sources that would otherwise not include this information, thus enabling novel research 

on racial and ethnic disparities and inequities in transportation outcomes.

Important strengths and limitations of the BISG approach were described in detail in 

a publication by Fremont et al. (2016). First and foremost, BISG was designed as a 

method to identify disparities at the population level. It has been found to accurately 

estimate membership for the four largest US racial/ethnic group categories: White, Hispanic, 

Black, and Asian/Pacific Islander. Notably, for racial/ethnic groups that constitute smaller 

proportions of the US population—American Indian/Alaskan Native and Multiracial—BISG 

estimates do not have as high concordance with reported values. Conversely, BISG estimates 

should not be used to classify a specific individual’s race/ethnicity, as doing so decreases 

the overall accuracy of estimates in terms of both efficiency and bias (Fremont et al. 2016). 

The most accurate estimates of racial/ethnic group compositions or disparities are obtained 
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by using the BISG algorithm to supplement data sources with reported race/ethnicity; that is, 

ideally BISG should be used to estimate race/ethnicity for individuals with missing values 

but should not replace known or reported values (Fremont et al. 2016). Using BISG as a 

supplement to reported data reduces biases that may arise from a complete case analysis, 

as race/ethnicity information may not be missing at random, and previous studies have used 

several methodological approaches to supplement known values with BISG-derived race/

ethnicity information in applied analysis (Elliott et al. 2009; Fremont et al. 2016; Labgold et 

al. 2021).

DATA SOURCE: THE NJ-SHO DATA WAREHOUSE

As described in detail in previous papers, the NJ-SHO contains ~88 million records for 22.3 

million NJ residents and is comprised of integrated data from numerous NJ administrative 

sources for the period of 2004 through 2018 (Curry et al. 2019, 2021). These linked 

data include (1) driver licensing histories, (2) traffic-related citations and suspensions, (3) 

police-reported crashes, (4) birth certificates, (5) death certificates, (6) hospital discharges 

(emergency department, inpatient, and outpatient), and (7) electronic health records (EHR) 

of patients of the Children’s Hospital of Philadelphia network who live in NJ and were born 

in 1987 through 2000. Race/ethnicity information is available in the original birth, death, 

hospital discharge, and EHR data sources. For death certificates, race/ethnicity information 

is provided by next of kin. For EHR and hospital discharge data, race/ethnicity is self- or 

other- (e.g., caregiver/parent) reported. For birth certificate data, the mother reports separate 

race/ethnicity values for herself and the father. All activities for this project were approved 

by the Children’s Hospital of Philadelphia Institutional Review Board (IRB 11-008136). All 

analyses were conducted using SAS version 9.4 (SAS Institute Inc. Cary, NC).

STUDY POPULATION

We identified 6,369,101 individuals from the NJ-SHO population who were aged 17–

99 years and had a driver’s license at any point in 2017 (hereafter called “drivers”). 

We collapsed race/ethnicity information across all integrated data sources to create one 

record per driver, with each distinct value for race and ethnicity reported, regardless of 

source. We consulted literature describing the accuracy of reported race/ethnicity values 

in administrative and health data sources and considered the recommendations provided 

in each of these studies (Agency for Healthcare Research and Quality 2014; Arias et al. 

2016; Klinger et al. 2015; West et al. 2005). With these in mind, we developed and applied 

a hierarchical process to derive a single reported race/ethnicity value for each driver that 

matched the six mutually exclusive BISG categories (See Supplemental Table 1). Overall, 

77.3% (n=4,924,137) of drivers were assigned a race/ethnicity category using reported data 

integrated from NJ-SHO. A higher proportion of female drivers had a reported race/ethnicity 

value than male drivers (81.1% and 73.3%, respectively).

CALCULATION AND EVALUATION OF BISG PROBABILITIES

Our approach to derive BISG probabilities and implement them in applied analyses followed 

strategies recommended in Elliott et al. (2009). First, we used each driver’s surname and 
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the geocoded census block group of their most recent residential address (i.e., the address 

associated with the most recent record for that driver) available in any integrated source to 

obtain their set of probabilities for the six racial/ethnic groups (Elliott et al. 2009). For each 

driver, the sum of their six race/ethnicity probabilities equals one. Surname was available for 

98.9% (n=6,298,520) of drivers and residential census block group was geocoded for 98.9% 

(n=6,298,506) of drivers, allowing us to obtain BISG probabilities for 98.9% (n=6,298,506) 

of drivers.

We then compared the distribution of race/ethnicity using the BISG algorithm and NJ-

SHO reported race/ethnicity data. To do this, we restricted the sample to the 76.8% of 

drivers with available race/ethnicity from both reported NJ-SHO values and BISG estimates 

(n=4,890,549). Each driver had 2 different sets of race/ethnicity values: 1) a single value 

derived from race/ethnicity information available from the integrated NJ-SHO data sources 

and 2) six probabilities derived from the BISG algorithm. The distribution of race/ethnicity 

in this sub-sample of drivers in 2017 was calculated by using the proportions of NJ-SHO 

reported values and by calculating the means of BISG probabilities among all drivers, as 

well as by sex (female and male); these distributions are shown in Table 1. The majority 

of drivers were classified as White using both the NJ-SHO reported values (64.6%) and 

the BISG probabilities (67.2%). Compared with the NJ-SHO values, the BISG algorithm 

indicated a slightly larger proportion of White drivers and a slightly lower proportion 

of Hispanic drivers. Both categorization methods calculated similar proportions of Black 

drivers (NJ-SHO: 10.2%; BISG: 10.4%). The proportion of Asian/Pacific Islanders was 

5.8% using NJ-SHO values and 6.9% using BISG probabilities. The remaining 2.1% (using 

NJ-SHO) and 1.3% (using BISG) of drivers were Multiracial or American Indian/Alaska 

native. Similar patterns were noted for the distribution of race/ethnicity among female and 

male drivers.

Finally, to conduct an initial evaluation of this approach, we determined the concordance 

between reported race/ethnicity value and BISG probabilities using area under the receiver 

operator curve (AUC) within each race/ethnicity category (Elliott et al. 2009; Hosmer et 

al. 2013). For example, the AUC value for the White race/ethnicity category reflects how 

well the BISG value for White (a continuous variable with range of 0 to 1) predicts the 

reported NJ-SHO value for White (a dichotomous variable with values 0 or 1) in the 

study population. A larger AUC value indicates that the BISG probability is better at 

distinguishing between NJ-SHO reported values for that category of race/ethnicity; excellent 

discrimination is considered as 0.8 ≤ AUC < 0.9 and outstanding discrimination as AUC ≥ 

0.9. Overall AUC was calculated by weighting each AUC value by the population count in 

each reported category. Concordance analyses produced AUC values > 0.85 for 4 of 6 race/

ethnicity groups with overall AUC of 0.89, indicating that the BISG probabilities were much 

more likely than not to correctly distinguish the driver’s NJ-SHO reported race/ethnicity 

category (Table 2). Among all drivers, we found excellent concordance for Hispanic (0.86) 

group classification and outstanding concordance for White (0.90), Black (0.94), and Asian/

Pacific Islander (0.90) group classification. Concordance for the Multiracial group was poor 

(0.65), and concordance for the American Indian/Alaska Native group was no better than 

random assignment (0.52). Concordance statistics among female drivers were slightly lower 
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than among male drivers, but the same general pattern was observed across race/ethnicity 

categories.

PRACTICAL APPLICATION OF METHODS

To demonstrate the utility of the BISG algorithm for estimating race/ethnicity among 

drivers, we conducted an analysis of average monthly crash rates in 2017 by race/ethnicity 

using both the NJ-SHO reported values and BISG probabilities. First, we used linked police-

reported crash data and driver licensing history data to determine the number of crashes each 

driver was involved in and the number of months in which they had a license during 2017. 

Next, we calculated average monthly crash rates per 10,000 license-months by race/ethnicity 

using NJ-SHO reported values. For each of the 6 NJ-SHO race/ethnicity groups, we summed 

the total number of crashes (for the numerator) and the total number of license-months 

(for the denominator) for all drivers within that group. Since each driver has a set of 

BISG-generated probabilities for the 6 race/ethnicity groups, an alternative approach was 

taken to calculate the average monthly crash rates by race/ethnicity using BISG estimated 

values. For each driver, we applied that driver’s 6 BISG probabilities to their total number of 

crashes and license-months to obtain 6 weighted estimates of the proportion of their crashes 

and license-months attributed to each race/ethnicity group. Average monthly crash rates for 

BISG race/ethnicity groups were then calculated as the sum of the weighted number of 

crashes (for the numerator) and the sum of the weighted number of license-months (for the 

denominator) within each group. Rates were obtained using Poisson regression models.

Monthly crash rates calculated using both NJ-SHO reported race/ethnicity groups and BISG 

probabilities are presented in Table 3. The magnitude of the rates was similar (within 2%) 

for White drivers (the largest group) overall and by sex. For Hispanic drivers and Asian/

Pacific Islander drivers (both smaller groups with high concordance), the magnitude of the 

rates were within 4% and 5%, respectively. Although the concordance of classification of 

Black drivers was highest of all race/ethnicity groups, we observed a greater difference in 

the magnitude of the rates using NJ-SHO and BISG values (11%). The crash rates calculated 

among Multiracial drivers differed greatly (by > 200%). Despite poor concordance for the 

American Indian/Alaska Native group, the crash rates calculated using NJ-SHO reported 

values and using BISG probabilities are similar (within 7%). Differences in monthly crash 

rates using the two race/ethnicity classification methods were similar among female and 

male drivers (Supplemental Table 2).

DISCUSSION

Historically, traffic safety researchers have had only a few large sources of data to 

leverage for investigations of racial and ethnic disparities and inequities, as the majority 

of administrative traffic databases do not routinely collect race/ethnicity information. Thus, 

we have embarked on an effort to identify methods and approaches to derive race and 

ethnicity. In this initial paper, we introduced the notion of employing the BISG algorithm

—which has been applied to other areas of health research to supplement or derive race 

and ethnicity information in large data sources—for use in traffic safety. We then evaluated 

the algorithm’s performance at estimating race/ethnicity within a large, integrated traffic 
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safety data source. Finally, we provided an initial exemplar analysis of how BISG-estimated 

race/ethnicity values may be used to examine racial and ethnic disparities in crash rates.

First, we demonstrated that we were able to calculate BISG race/ethnicity probabilities for 

almost all (98.9%) of drivers in our sample using surname and residential address, two 

fields commonly available in licensing and crash data. With respect to the performance 

of BISG-derived probabilities compared with reported race/ethnicity values available from 

integrated sources within the NJ-SHO, we found that BISG probabilities exhibited excellent 

concordance (AUC ≥ 0.86) for the four racial/ethnic groups (White, Hispanic, Black, and 

Asian/Pacific Islander) that constitute the vast majority (≈98%) of drivers in our sample. On 

the other hand, our application of BISG produced unacceptable concordance estimates for 

Multiracial and American Indian/Alaskan Native drivers, which constitute a much smaller 

proportion (≈2%) of our study sample. These concordance estimates are consistent with 

those reported in previous applications of BISG (Elliott et al. 2009; Fremont et al. 2016). 

Finally, we demonstrated in a relatively simple exemplar analysis how BISG probabilities 

can be applied in traffic safety contexts. When we derived crash rates using reported race/

ethnicity and BISG probabilities, we did not observe substantial variations in crash rates 

among 3 of the 4 racial/ethnic groups with high concordance. The magnitude of the crash 

rate estimates among Black drivers—the group with the highest concordance—differed by 

about 11%, which warrants further investigation. Further, we found that BISG probabilities 

were similar to reported race/ethnicity data among both female drivers and male drivers; 

concordance statistics and crash rate estimates were similar. Taken together, our strong 

concordance statistics and similar crash rates among the vast majority of drivers lead us to 

conclude that BISG may be a promising method to incorporate race/ethnicity information 

into large traffic data sources that historically collect surnames and residential addresses, 

even when no race/ethnicity information is originally available (see Hesketh et al. 2020 for 

an applied example).

As previous studies have indicated, the most accurate estimates of racial/ethnic group 

composition and disparities are derived when BISG is applied to supplement missing race/

ethnicity data (Fremont et al. 2016). Notably, we limited the sample in this paper only 

to the three-fourths of drivers who had known race/ethnicity values in order to enable 

direct comparisons between known and BISG-derived race/ethnicity information. However, 

previous studies have indicated that limiting applied analyses to complete cases—that is, 

those with known values—may not accurately quantify disparities or inequities, as race/

ethnicity information is often not missing at random. Thus, in future work we plan to 

evaluate BISG’s utility in supplementing available race/ethnicity data within the entire 

NJ-SHO population.

While our goal is to promote racial and ethnic disparity research in traffic safety contexts, 

there are important ethical implications for researchers to consider before embarking in 

this line of work (for more recommendations and their explanations, see Flanagin et 

al. 2021 and Kaplan and Bennett 2003). First, race and ethnicity are social constructs 

and should therefore be used to identify populations at-risk for adverse outcomes due to 

other causal, intervenable variables. As such, using race/ethnicity as a routine descriptor 

in analyses may manifest or support a belief that health disparities are caused by race/
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ethnicity instead of underlying constructs (e.g., health behaviors, socioeconomic status, 

environment); therefore, reasons for including race and ethnicity variables—as well as 

how these variables were assigned or categorized—must be explicitly stated. Further, all 

conceptually relevant factors (examples from Kaplan and Bennett include socioeconomic 

status, racism and discrimination, wealth, age, language, religion, health beliefs and 

practices, and environmental exposures) should be considered when interpreting racial and 

ethnic differences. Building on this, Kaplan and Bennett suggest every effort should be made 

to adjust for socioeconomic status and social class in analyses, which are the most common 

source of bias in racial and ethnic differences.

To our knowledge, this is the first study to evaluate BISG for use in traffic safety 

administrative data. However, there are several important limitations to note. First, the extent 

to which reported race/ethnicity is available within the NJ-SHO may vary for different 

populations. This is demonstrated by the higher proportion of female drivers who have a 

reported race/ethnicity value, which may be due to having an increased likelihood of linking 

with a hospital discharge record than male drivers because of childbirth. Additionally, 

the accuracy of BISG probabilities may decrease for some subpopulations in which 

changes in surname (e.g., females) and residential addresses are more common. This may 

influence the concordance between BISG produced estimates of race/ethnicity and reported 

values in our sample population. Concordance may also vary in populations with different 

distributions of race/ethnicity groups than NJ. Further work is needed to develop methods 

that better estimate race/ethnicity values for American Indian/Alaska Native and Multiracial 

populations (Elliott, 2009; Fremont et al. 2016), as BISG probabilities for these populations 

have consistently demonstrated poor concordance with reported values. Surname has been 

found to be a poor indicator of individuals who self-identify as Multiracial (Elliott, 2009) 

and in many communities across the US, individuals who self-identify as American Indian/

Alaska Native are dispersed across geographic areas, reducing the usefulness of the census 

block groups in generating probabilities. There also remain lingering questions in the 

literature regarding the accuracy of reported race/ethnicity available from our original 

integrated data sources (e.g., death records), in particular for American Indian/Alaskan 

Native and Multiracial groups (Agency for Healthcare Research and Quality 2014). Due 

to the nature of how data are obtained and recorded in our integrated data sources, we 

are unable to directly examine the accuracy of race/ethnicity values recorded. Lastly, our 

analysis of crash rates among our racial/ethnic groups is intended to be an exemplar analysis 

of applying BISG with a limited dataset; therefore, the current crash rates presented should 

not be interpreted as real-world results. Regarding future directions, we plan to apply and 

further evaluate and then apply the BISG algorithm within the NJ-SHO to address novel 

research questions. More broadly, research is needed to directly compare reported race/

ethnicity information across and within administrative data sources. Future work should also 

apply BISG and evaluate how it performs in other traffic safety databases and in identifying 

disparities in traffic safety outcomes.

To date, the majority of population-level traffic safety studies focused on identifying 

disparities have been limited to fatal crashes; incorporating race/ethnicity data into non-

fatal traffic administrative data sources would undoubtedly catalyze the field’s ability to 

identify, understand, and ameliorate disparities and inequities in transportation outcomes. 
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Our initial effort suggests that the BISG algorithm is a promising method to incorporate 

race and ethnicity for the majority of individuals in population-level crash, licensing, 

and other transportation databases via use of ubiquitously-collected name and address 

data, regardless of whether these data are linked to external sources with known race 

and ethnicity information. Further, taken with previous validation studies, our preliminary 

findings suggest applying BISG to traffic safety analyses may also reduce potential biases 

commonly cited in data collection and analysis, ultimately promoting more effective traffic 

safety interventions and equitable policies.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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