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Abstract

Missing data on racial identity is a fundamental challenge to studying race in
the economy. When race is unobserved, researchers often impute it from variables
such as names and locations. Although many imputation methods exist, systematic
comparisons of their performance are rare. This paper offers one of the first such
comparisons, evaluating leading methods across multiple dimensions. No single
method dominates — the best choice depends on the object of interest. These findings
highlight the limitations of a common empirical practice: choosing methods based on
a single performance dimension.
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1 Introduction

Studying economic outcomes across racial groups is crucial for understanding economic
inequality in the United States. However, many datasets lack information on race, which
creates an obvious challenge for empirical work. How can researchers study racial hetero-
geneity when race itself is unobserved? In practice, researchers increasingly impute race,
meaning they predict racial identity using other observables, such as name and geographic

location.

Imputing race has enabled recent research in economics on many topics, including taxes
(Elzayn et al., 2025), housing (Diamond and Diamond, 2024), lending and credit (Frame
et al., 2021; Howell et al., 2024), and the justice system (Feigenberg and Miller, 2022).!
Research using race imputation is rapidly accelerating: citations to Bayesian Improved
Surname Geocoding (BISG), a widely used method, more than tripled between 2020 and
2024 (Figure 1).

Figure 1: Growing Citations to a Common Race Imputation Method
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Notes: This figure shows the total google scholar citations over time to Bayesian Improved Surname Geocod-
ing (BISG), a commonly used race imputation method. BISG was developed and improved upon in three
papers: Elliott et al. (2009), Imai and Khanna (2016), and Imai et al. (2022). The figure is a stacked bar chat
which splits citations out across the three papers.

The growing prevalence of race imputation reflects both the expanding availability of meth-
ods and shifts in the types of data used in empirical research. In economics, researchers

'Race imputation has also been used to study the opioid crisis (Cohle and Ortega, 2023), eviction (Hepburn
et al., 2020), policing (Edwards et al., 2019), and COVID (Labgold et al., 2021).
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increasingly rely on administrative and private datasets (Goldsmith-Pinkham, 2024; Einav
and Levin, 2014).? These types of datasets often lack direct information on race but contain
individual-level variables suitable for imputation. Administrative data examples include
tax records (Fisher, 2023), healthcare records (Fremont et al., 2016), and court records
(Hepburn et al., 2020), while private data examples include credit bureau data (Albanesi
and Vamossy, 2024) and proprietary housing data (Box-Couillard and Christensen, 2024).

Although imputing race underlies a growing body of research, systematic comparisons
of imputation methods remain limited. How do researchers impute race, how well do
these methods perform, and on which dimensions? The lack of broad comparisons
is understandable: methods are proliferating, implementations are fragmented across
software environments, and research incentives often favor developing new methods
over evaluating existing ones (Christensen and Miguel, 2018; King, 1995). Yet addressing
these questions is crucial, because the choice of imputation method can have first-order

consequences for empirical conclusions.

Our paper addresses this gap in the literature by conducting a comprehensive comparative
analysis on race imputation methods. To enable comparison, we focus on methods that
can be applied using publicly available US data that also include self-reported race —
specifically, voter file data. As a result, we compare imputation methods that rely on names,
geographic information, or both, since these are the voter file variables commonly used
for imputation.> We compare standard methods (surname-based imputation, geography-
based imputation, and BISG) as well as recently developed methods (Zest Race Prediction,
NamePrism, and BIRDIE) that fit this criterion.

When evaluating performance, we distinguish between three distinct performance dimen-
sions: individual-level classification, racial disparity estimation, and population-level racial
demographic estimation. Prior work has typically discussed these dimensions separately.
Papers that introduce new methods often emphasize improvements in individual-level
classification performance (Ye et al., 2017; Chaturvedi and Chaturvedi, 2024; Chalavadi
et al., 2025; Li, 2023), while a growing body of work highlights the importance of impu-
tation methods for estimating racial disparities (Greenwald et al., 2024; McCartan et al.,
2025). A few papers have discussed two of these three dimensions simultaneously, specif-

ically when comparing standard BISG to alternative machine learning-based methods

2Administrative data now appears in 25% of NBER working papers, up from just 5% in 2005 (Goldsmith-
Pinkham, 2024). Similarly, 20% of American Economic Review articles in 2014 received exemptions from the
journal’s data availability policy due to private data use, compared to 4% in 2006 (Einav and Levin, 2014).

3Race can be imputed using other kinds of data as well, such as images (Greenwald et al., 2024; Cook
et al., 2025; Hurtado and Sakong, 2023) or online behavior (Matthew et al., 2024).



(Chaturvedi and Chaturvedi, 2024; Decter-Frain, 2022; Curiel and DeLuca, 2024a). Our
paper is distinctive in evaluating a range of both common and newly developed methods
methods across all three dimensions.

Consistent with prior work, we find standard race imputation methods (surname-based
imputation, geography-based imputation, and BISG) can perform quite poorly for perfor-
mance dimensions of interest (Greenwald et al., 2024; McCartan et al., 2025). All methods
systemically overcount White people relative to other racial groups. Moreover, many
methods underestimate the magnitude of racial gaps by over 50%, and some even reverse
the direction of racial gaps.

However, our results also demonstrate that two new methods make notable progress on
the shortcomings of standard methods. First, Zest Race Prediction (ZRP) (Matthews et al.,
2024), outperforms other direct imputation methods on individual-level classification and
describing racial demographics. ZRP also outperforms other direct imputation methods
for some racial gaps, but not all. The second new method that makes progress is BIRDiE
(McCartan et al., 2025), and is a correction method for estimating racial disparities. Con-
sistent with McCartan et al. (2025), we find that BIRDIE yields very accurate measures of
racial disparities, and does so consistently across different racial group combinations.

We also uncover shortcomings with new methods that are gaining steam in applied
research. The NamePrism method (Ye et al., 2017), which has been cited by over 150 papers
as of August 2025, does not consistently outperform basic surname-based imputation
despite its use of proprietary data and more complicated methods. We find evidence that
this is driven by its subpar performance in imputing race for Black people. Therefore,
newer methods leveraging machine learning are not always an improvement over existing
methods.

This paper offers practical comparisons for researchers imputing race, but it also makes
broader methodological contributions. Most crucially, our results show that imputation
methods can outperform in some dimensions of performance while underperforming in
others. If a method outperforms in terms of individual-level classification, this does not
guarantee better estimation of racial demographics or racial disparities. These findings
highlight the limitations of a common empirical practice: choosing methods based on
individual-level performance. Instead, practitioners and researchers must consider their
end goal when imputing race, and choose empirical tools based on their research focus

(e.g., using BIRDIE (McCartan et al., 2025) for racial gap estimation).

Our paper contributes to several literatures. First, we directly contribute to research on



race imputation methods by providing a comparative analysis of both standard and newly
developed approaches using publicly available data. This work builds on early studies
of geography-based and surname-based methods (Fiscella and Fremont, 2006) and the
development of BISG (Elliott et al., 2009), while extending recent evaluations of machine-
learning-based imputation (Curiel and DeLuca, 2024b; Ye et al., 2017) and racial disparity
adjustment methods (McCartan et al., 2025).

Second, we contribute to the broader study of race measurement and its implications for
empirical research. How race is coded affects public understanding of US demographic
change (Starr and Pao, 2024; Ventura and Flores, 2025) and can lead to differences between
administrative records and self-reports, with important consequences for estimating racial
disparities (Finlay et al., 2024; Baron et al., 2024; Jarrin et al., 2020). Moreover, whether
individuals report their race is itself correlated with economic outcomes (Garcia and
Darity Jr, 2022).

Finally, our paper informs research on racial inequality in the US economy from a method-
ological perspective. Race imputation has been used to study a wide range of economic
topics, including lending and credit (Consumer Financial Protection Bureau, 2014; Hurtado
and Sakong, 2023), housing (Diamond and Diamond, 2024), tax policy (Cronin et al., 2023;
Costello et al., 2024), and the justice system (Luh, 2023; Goncalves and Mello, 2021). Our
results highlight the underlying importance of race imputation methods in economics re-
search. Studying these methods is increasingly necessary in an era where the proliferation

of individual-level data is expanding the possibilities for imputation.

Our paper proceeds as follows. Section 2 provides background on the measurement of
race in the US. Section 3 then describes the voter file data we use. Section 4 outlines
the different race imputation methods we compare, while Section 5 describes the three
different dimensions of performance we study. Section 6 presents the performance results

across all methods and dimensions. Section 7 concludes.

2 Background

2.1 History of Measuring Race in the US

Data on race in the US has been collected since the very first decennial Census in 1790
(Jensen and Jones, 2024). That Census was administered by enumerators and included

separate columns for "free whites,
2024; Medina and Lai, 2023). In contrast, the most recent decennial Census (2020) asked

all other free persons," and "slaves" (Jensen and Jones,



respondents to self-identify their race (White; Black or African American; American Indian
or Alaska Native; Asian; Native Hawaiian or Other Pacific Islander; and Some Other Race)
and their ethnicity (Hispanic or Latino; Not Hispanic or Latino) (Jensen and Jones, 2024;
Medina and Lai, 2023).

Over the course of 230 years, there have been dozens of changes to the definitions of race
and ethnicity in the Census (Jensen and Jones, 2024). These changes were often driven
by shifting political climates, demographic patterns, and significant historical events. For
example, in 1870, following increased immigration from China, "Chinese" was added as a
distinct race category (Jensen and Jones, 2024). In 1930, Census instructions incorporated a
"one drop rule" for racial classification (Cohn, 2010; Jensen and Jones, 2024). The Hispanic
ethnicity question was introduced in 1970 (Jensen and Jones, 2024), and beginning in 2000,
respondents gained the ability to select multiple racial categories (Jensen and Jones, 2024).

Not only have the definitions and categories of race and ethnicity shifted dramatically over
time, but the methods used to measure them have also evolved throughout the Census’s
history. From 1790 until 1950, enumerators administered the Census, recording race based
on their own observations (Jensen and Jones, 2024). In 1960, the Census transitioned to a
mail-based system, enabling respondents to self-report their race for the first time. Today;,
the principle of self-identification has become central to most official collections of race
and ethnicity statistics.

2.2 Self-Reports vs. Administrative Records

Federal guidelines established by the Office of Management and Budget (OMB) designate
self-reporting as the preferred method for collecting racial data (National Research Council,
2004). While self-reporting has become the standard in survey research, administrative
records are often collected through different mechanisms. Recent research has docu-
mented significant inconsistencies between self-reported and administrative measures of
race, which can result in underestimating racial disparities as well as underrepresented
populations (Baron et al., 2024; Finlay et al., 2024; Jarrin et al., 2020).

What accounts for racial misclassification in administrative records? For one, adminis-
trative records often reflect a third party’s perception of an individual’s race rather than
the individual’s own identification — similar to the historical practice of Census enumer-

ators recording race based on observation.* This perception can, in turn, depend on the

4There are other reasons as well: Finlay et al. (2024) documents how operational and bureaucratic
complications impede correction of racial misreports in the justice system, while Luh (2023) finds evidence



observer’s own identity. For example, Dobre and Witzen (2023) provide evidence that
mortgage lenders are more likely to classify an applicant’s race differently from their
self-identification when the lender belongs to a different racial group. While third-party
reports of race can vary across observers, self-reported race avoids this complication: only

one individual’s response matters.

2.3 Linking to Sidestep Imputation

Researchers may avoid imputation altogether if they can link datasets missing race with
other datasets that contain self-reported race. For example, researchers have linked bank
account records to voter file data (Ganong et al., 2023), credit scores to mortgage data
(Albanesi and Vamossy, 2024), and tax data to ACS survey data (Choukhmane et al., 2023)
to access self-reported race.

However, linkage is not always feasible because of administrative costs, data use restric-
tions, and privacy concerns. Laws protecting confidentiality can limit data sharing, leading
some organizations to invest in custom internal imputation methods instead (King et al.,
2023).5

2.4 Our Definitions

In this paper, we evaluate the performance of imputation methods against self-reported
race. We focus on self-reported race because it is defined within a given individual and

time, and it is observable in publicly available data (voter file data).

When we discuss race in this paper, we are combining race and ethnicity. We make this
choice for two main reasons. First, beginning with the 2030 decennial Census, race and
ethnicity will be measured through a single combined question, which the Census Bureau
expects will improve data quality (U.S. Census Bureau, 2024a).® Second, for practical
purposes, we are constrained by the design of existing imputation methods, all of which
already combine race and ethnicity. We therefore follow both Census guidance and

prevailing methodological practice in treating these concepts jointly.

that criminal justice actors (highway patrol officers) may intentionally misreport race to conceal racial bias.
>King et al. (2023) describe in detail the privacy-bias trade-off in the context of US federal agencies. See
Appendix A.1.1 for examples of US government agencies using race imputation.
®See Appendix A.1.2 for more background on this Census change.



3 Voter File Data

To test the performance of different race imputation methods, we need a dataset that in-
cludes self-reported race as well as other variables that are commonly used for imputation
(i.e., name and geography). To the best of our knowledge, the only public US data that

include name, geography, and high rates of self-reported race are US voter files.”

Six US states collect data about voters’ self-reported race: Alabama, Florida, Georgia,
Louisiana, North Carolina, and South Carolina. This practice stems from the 1965 Vot-
ing Rights Act, which prompted expanded data collection to counter state-level voter
disenfranchisement (McCartan et al., 2025; Cruz and Hayes, 2009).

For our main results, we use a random sample of 500,000 observations from the 2023 North
Carolina (NC) voter file.® We use the North Carolina file because it is free and easy to

access, which makes our replication materials the most accessible to other researchers.’

4 Race Imputation Methods

We compare imputation methods applicable to publicly available US voter file data con-
taining self-reported race. These methods use names, geographic information, or both —
the variables most commonly available for imputation. We evaluate standard methods
(surname-based imputation, geography-based imputation, and BISG) alongside recently
developed methods (Zest Race Prediction, NamePrism, and BIRDiE).

All methods generate predicted probabilities that individuals belong to one of five racial
groups (White, Black, Hispanic, Asian, and Other). For each method, we assign individuals
to the racial group with the highest predicted probability.!

"There is one other public dataset that includes name, geography, and self-reported race: public PPP
data for loans over $150,000. However, about 90% of the PPP loan applications are missing race information
(Atkins et al., 2022), and there might have been strategic selection into reporting race at all (Garcia and
Darity Jr, 2022).

80ne concern with this approach is that the patterns and results might differ if we used data from a
different place. Indeed, prior research has shown imputation performance varies meaningfully by place
(Decter-Frain, 2022). To address this concern, we use Appendix A.7 to show our results are similar if we
instead use a random sample of 500,000 observations from the Florida voter file.

9For more background on the data, see Appendix A.2.

19An alternative approach uses probability thresholds to make assignments, which we explore in Appendix
AS8.



4.1 Lastname

Surname-based imputation uses Census surname frequency tabulations. We implement
this using the 2000 and 2010 Census surname files (U.S. Census Bureau, 2022, 2021), which

include surnames appearing at least 100 times (Kaplan, 2025).

4.2 Zip code

Geography-based imputation uses the racial composition of the area where individuals
reside. We use zip codes of residence, with racial demographics from the 2019 5-year ACS.
We use zip codes rather than finer geographic units to avoid geocoding complications.!!

Zip codes have population distributions similar to census tracts (Clark et al., 2022).

4.3 Bayesian Improved Surname Geocoding (BISG)

Bayesian Improved Surname Geocoding (BISG) imputes race based on both surname and
geographic data. The BISG methodology is an application of naive Bayes prediction, where
the key assumption is that surname and geolocation within racial groups are independent
(Elliott et al., 2009).

The prior probability p(i|j) is the proportion of people with surname j who report as race
i. This is updated with geographic data: r(k|7) is the proportion of people reporting race i
who reside in zip code k. Then, g(i|j, k) is the updated (posterior) probability of being of

race i given surname j and zip code k:

p(ilj)r(kli)
o1 p(slj)r(kls)

Imai and Khanna (2016) improved BISG by incorporating voter registration data from six

1K)
q(ilj, k) y

Southern states collecting self-reported race. We implement this updated version of BISG
using zip codes and 2010 Census data (Curiel, 2024).

4.4 Zest Race Prediction (ZRP)

Zest Race Prediction (ZRP) uses machine learning techniques with first, middle, and last
names plus geographic information (Matthews et al., 2024a). ZRP was trained on 2021

11Zip code is explicitly in the voter file data, while other geographic units of interest (county, tract, block)
require geocoding addresses, which can introduce its own methods ambiguity. See Appendix A.3 for more
information on geocoding complications.



voter files from three states (Florida, Georgia, and North Carolina) (Matthews et al., 2024a).
We implement ZRP using zip code data (Matthews et al., 2024).

Early evidence suggests ZRP can improve on BISG in some dimensions. Matthews et al.
(2024b) show higher classification accuracy in Alabama voter records and higher classifica-
tion accuracy and more accurate counts for small business owners. Curiel and DeLuca
(2024a) find ZRP performs especially well in racially diverse areas where BISG’s Bayesian

prior is less informative.

4.5 NamePrism

NamePrism uses machine learning to classify nationality and ethnicity from names (Ye
et al., 2017). Unlike the other methods we compare, which are designed specifically for the
US context, NamePrism was developed as an international classifier. It leverages 74 million
labeled name-nationality pairs from email and Twitter data, plus 57 million contact lists,
combining unsupervised learning with supervised classification. The method predicts one
of 39 nationality classes, which are then mapped to six US race/ethnicity categories for US
applications.

The developers show NamePrism outperforms competing international classifiers in
individual-level classification (Ye et al., 2017). To our knowledge, it has not been system-
atically compared to US-specific methods like BISG. NamePrism has been growing in
popularity and has been cited by over 150 papers as of August 2025.

4.6 BIRDiE

Unlike the methods above, BIRDIE (Bayesian Instrumental Regression for Disparity Esti-
mation) is an adjustment method rather than direct imputation method (McCartan et al.,
2025). BISG produces well-calibrated racial predictions, but residuals are often correlated
with outcomes of interest, biasing racial disparity estimates. BIRDiE addresses this by

using surnames as a high-dimensional instrumental variable for race.

Specifically, McCartan et al. (2025) assume the outcome is conditionally independent of
surname given race, residence location, and other observed attributes. (This assumption is
a type of exclusion restriction.) This implies that for two individuals in the same area, same
racial group, and with the same observables, their surnames have no predictive power
over the outcome.

We implement BIRDIE corrections using BISG as the baseline (McCartan, 2023). Since

10



BIRDiE aims to improve disparity measurement rather than individual-level prediction,

we only evaluate its performance for racial gap estimation.

5 Dimensions of Race Imputation Performance

Race imputation methods can be evaluated along multiple dimensions. Canonical mea-
sures of performance are measures of individual-level classification: which methods avoid
talse negatives and false positives? Meanwhile, applied researchers typically impute race
to answer one of two different questions: How large are racial disparities in economic
outcomes? What is the racial composition of a population? These three goals — individual-
level classification, disparity estimation, and demographic estimation — represent distinct

dimensions of imputation performance, which we describe further below.

5.1 Individual-level Classification Performance

Individual-level classification performance is the primary focus in papers that introduce
new race imputation methods or compare methods (Elliott et al., 2009; Decter-Frain, 2022;
Curiel and DelLuca, 2024a; Chaturvedi and Chaturvedi, 2024; Chalavadi et al., 2025; Li,
2023). While applied researchers do not focus on individual-level prediction as their

primary goal, this metric is frequently cited to justify methodological choices.

We evaluate individual-level performance using F1 scores, which are well-suited to multi-
class classification problems like race imputation. F1 scores are a function of recall and
precision, and can be computed for each racial group and aggregated for an overall
performance measure. Below is how recall, precision, and F1 scores are defined for each

specific racial group g:

1. Recall: The fraction of people of group ¢ who are imputed as group g. Recall =

TPZ% where TP is true positives and FN is false negatives.

2. Precision: The fraction of people imputed as group g who truly belong to group g.
Precision = TPT—EFP where TP is true positives and FP is false positives.

2x (precision xrecall)
precision—+recall

3. F1 score: The harmonic mean of recall and precision: F1 =

These metrics are defined separately for each racial group. To summarize overall perfor-

mance, we compute three types of aggregated F1 scores:

1. Micro average: Aggregates counts across all classes before calculating the metric:

F1micro = TPT05 XT gE PTEN) This gives equal weight to each individual.
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2. Macro average: Takes a simple average of each racial group’s F1 score, giving equal
weight to each group regardless of population size.

3. Weighted average: Weights each racial group’s F1 score by its observed population

in the sample.

5.2 Performance on Estimating Racial Gaps

The primary motivation for race imputation in economics is to estimate racial disparities,
differences in economic outcomes between groups. Researchers use imputation for this
purpose across many topics including taxes (Elzayn et al., 2025), credit access (Frame et al.,
2021), and retirement savings (Coyne et al., 2024).

To evaluate performance on gap estimation, we require an outcome variable available
in voter files. We use party registration, defining our outcome as registering as a Demo-
crat. We begin by examining the Black-White gap, as studied by McCartan et al. (2025),
since these are the two largest populations in the North Carolina voter file. We then
extend the analysis to pairwise gaps between the four largest racial groups: Black-White,
Hispanic-White, Asian-White, Black-Hispanic, Black-Asian, and Hispanic-Asian. This
comprehensive approach reveals whether methods perform consistently across different

racial gaps.

5.3 Performance on Estimating Racial Demographics

Researchers also use race imputation to describe a population’s racial composition. Ex-
amples include describing the racial composition of evicted people (Hepburn et al., 2020),
people killed by police Edwards et al. (2019), and people infected with COVID-19 (Labgold
et al., 2021).

To evaluate demographic estimation performance, we compare the imputed percentage of
each racial group with the observed percentages in the voter file. For a simple summary
statistic, we calculate the Euclidean distance between the imputed and observed distribu-
tions (treating each as a point in 5-dimensional space). Smaller distances indicate better
performance, with a distance of zero representing perfect accuracy.

12



6 Comparative Performance Results

We evaluate race imputation methods across three distinct performance dimensions:
individual-level classification, racial gap estimation, and demographic estimation. If
a race imputation method were 100% accurate (every imputed measure of race aligned
with self-reported race), it would necessarily dominate on all three types of performance.
However, when no imputation method is 100% accurate, we find the highest-performing
method in one dimension may underperform in others. We therefore compare methods
across different types of performance, discussing each dimension in Sections 6.1-6.3 before

synthesizing findings in Section 6.4.

6.1 Individual-level Classification Performance

We begin by evaluating individual-level classification performance, the dimension most
commonly emphasized in papers introducing new methods. For this dimension, we use F1
scores, which combine recall and precision and are well-suited to multi-class classification
problems like race imputation. Figure 2a reports F1 scores by racial group, while Figure 2b
reports global F1 scores aggregated using three different weighting schemes.

We compare both standard and newer methods for imputing race, as outlined in Section 4.
The standard methods are surname imputation, Zip-based imputation (a geography-based
approach), and BISG, represented by red, pink, and yellow bars, respectively. The newer
methods are Zest Race Prediction (ZRP), shown in blue, and NamePrism, shown in green.

Figures 2a and 2b reveal several key patterns in the performance of standard imputation
methods. First, methodological performance varies substantially by the racial group of
interest. For example, Figure 2a shows that geography-based imputation outperforms
surname imputation for the Black population, but yields near-zero F1 scores for the
Hispanic and Asian populations. In contrast, surname imputation performs comparatively
better for these groups. This pattern reproduces the established finding that geography-
based methods are more effective for imputing Black identity, while surname-based
methods are more effective for imputing Hispanic and Asian identity.'?

12This finding has been previously documented by Elliott et al. (2009) and Fiscella and Fremont (2006). This
result is a consequence of the nature of geographic segregation and naming patterns in the US. Black-White
segregation levels are higher than Asian-White or Hispanic-White segregation levels, which leads geography-
based methods to work better for inferring Black identity (Iceland et al., 2010; Logan, 2013). Meanwhile,
surname imputation performs well for inferring Asian identity due to distinctive naming patterns (Fiscella
and Fremont, 2006; Comenetz, 2016).

13



Figure 2: F1 Score Performance Analysis by Race Imputation Method

(a) F1 Scores by Racial Group and Race Imputation Method
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Notes: This figure shows F1 scores across racial groups and race imputation methods (Panel A) and aggre-
gated F1 scores by method (Panel B) using a 500,000 random sample of the NC voter file.
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Second, these figures demonstrate how BISG, which uses both surname and geography
data, compares to using only surname or geography. In terms of aggregate measures,
Figure 2b shows that BISG generates higher F1 statistics than surname or Zip methods
regardless of weighting method. However, the aggregate picture masks important differ-
ences across underlying racial groups, shown in Figure 2a. BISG improves performance
relative to the two simpler methods for most groups, but not all. The largest performance
gains from using BISG appear for the Black population. Meanwhile, the gains to using
BISG relative to surname are slight for the White and Hispanic populations, and BISG ac-
tually underperforms relative to the surname method for the Asian population. Therefore,

the aggregate gains from BISG are driven by some racial groups more than others.

Finally, these figures extend beyond the standard methods by comparing two newer ML-
based approaches to race imputation: ZRP and NamePrism. ZRP achieves the highest
aggregated F1 score, regardless of weighting method (Figure 2b), and outperforms all
other methods for White, Black, Hispanic, and Asian populations (Figure 2a). The gains
over standard methods are especially notable for the Black population, where ZRP attains
an F1 score of 0.7 compared to BISG’s 0.5. In contrast, NamePrism often yields lower
aggregated F1 scores than standard methods (Figure 2b), and its performance for the Black
population is strikingly poor, with an F1 score of just 0.1 (Figure 2a).

6.2 Performance on Estimating Racial Gaps

To evaluate performance on racial gap estimation, we focus on Democratic Party regis-
tration, one of our observable outcomes in the voter file. We begin by examining the
Black-White gap since these are the two largest populations in the North Carolina voter
file.

Figure 3 illustrates how estimates of different racial gaps vary across imputation methods.
The gap between the largest two racial groups (Black and White) is shown on the left.
In the observed data, 76% of Black registered voters are Democrats compared to 21% of
White registered voters, yielding a 55-percentage point gap, which is demonstrated with
the black dashed line. The standard methods — surname, Zip, and BISG — substantially
underestimate this gap by 20 to 30 points. Among the newer direct imputation methods,
NamePrism performs similarly to BISG, while ZRP produces a more accurate estimate (40
percentage points). Thus, ZRP comes closest to recovering the true gap among the direct

imputation methods.

Importantly, these results demonstrate that methods can outperform in some dimensions
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of performance even when they underperform in others. NamePrism outperforms sur-
name imputation when estimating the Black-White gap (Figure 3), despite yielding lower
aggregate F1 scores and lower White and Black F1 scores than surname imputation (Fig-
ures 2b and 2a). Therefore, higher F1 scores do not guarentee more accurate measures of

racial gaps.

Figure 3: Racial Gaps in Democratic Party Registration by Race Imputation Method
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Notes: This figure shows the estimated Black-White disparity in democratic party registration (Panel A) and
all racial gaps in democratic party registration (Panel B) by different race imputation methods. The gray
bar/dots represent the real gaps in the data.

The right-most beige bar in Figure 3 shows the estimated gap using BIRDIE adjustment.!

Consistent with McCartan et al. (2025), we find that BIRDiE substantially improves esti-
mates of the Black-White gap. Its estimate is within a few percentage points of the observed
gap, which is an especially large improvement given that BISG underestimates the gap by
about 20 points. While ZRP narrows the gap relative to BISG, its accuracy still falls well
short of what the BIRDiE adjustment achieves.

Moving beyond the largest populations, we also examine performance across other racial
gaps. Figure 3 demonstrates six estimated racial gaps (Black-White, Black-Hispanic, Black-
Asian, Hispanic-White, Hispanic-Asian, and Asian-White) across all imputation methods,
and contrasts these estimates with observed gaps (shown with black dashed horizontal

13Unlike the direct individual-level imputation methods discussed above, BIRDIE is not based on imputing
race at the person level but instead applies an adjustment specifically for estimating group-level disparities
(McCartan et al., 2025). For this reason, we only evaluate it in this performance section.
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lines). Several insights emerge from these results. First, BIRDiE closely approximates the
observed magnitudes for all racial gaps. Second, imputation can yield estimates in the
wrong direction (e.g., NamePrism for the Hispanic-Asian gap and surname imputation
for the Asian-White gap). Third, the relative performance of methods varies depending
on the racial gap considered. For instance, Zip-based imputation produces the largest
underestimate for the Black-Hispanic gap but performs best among direct imputation
methods for the Hispanic-White gap. The ranking of methods is therefore not consistent
across different racial gaps.

Overall, Figure 3 underscores the importance of imputation method choice for estimating
racial disparities. Different methods can yield a wide range of estimates for a given
gap, and can even reverse its direction. Moreover, the relative performance of methods
varies across distinct racial gaps. Nevertheless, the results consistently highlight superior
performance when using BIRDIE adjustment (McCartan et al., 2025).

6.3 Performance on Estimating Racial Demographics

Researchers also use race imputation to describe a population’s racial composition. To
evaluate demographic estimation performance, we compare the imputed percentage of
each racial group with the observed percentages in the voter file. For a simple summary
statistic, we report the Euclidean distance between the imputed and observed distributions

(treating each as a point in 5-dimensional space).

Figure 4a demonstrates several consistent patterns across all methods. First, all methods
overestimate the percent of White people in the population, and underestimate the percent
of Black people in the population. The most extreme case is NamePrism, which estimates
92% of the population is White and only 1% is Black, while the observed rates are 65%
and 20%. The closest method to observed rates is ZRP, which yields results much closer to
observed rates but still overestimates the White population (by 10 percentage points) and

underestimates the Black population (by 2 percentage points).

Second, all methods perform poorly at estimating the percent of the population in the
Other category. All methods estimate 0-1% of the population belongs to an Other racial
group, when the observed rate is 10%. This poor performance reflects the fact that this
group is not well-defined and is treated as the residual of the main four racial groups in

imputation methods.

Using the Euclidean distance summary statistic, Figure 4b shows that ZRP comes closest to
the observed population rates (with a distance of 13.96), followed by BISG (with a distance
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Figure 4: Racial Demographics Performance by Race Imputation Method
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between the simulated demographic rates and the observed rates in the data.
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of 18.53). Meanwhile, the ML-based method NamePrism is furthest from the observed

rates (with a distance of 35.41), performing worse than simple surname-based imputation.

Once again, these results demonstrate that race imputation methods can outperform in
some dimensions while underperforming in others. NamePrism performs worse than sur-
name imputation in describing the population racial composition (Figure 4), but performs
better when estimating the Black-White racial gap (Figure 3).

6.4 Cross-Dimensional Performance Patterns

We compare race imputation methods across three performance dimensions: individual-
level classification, racial gap estimation, and demographic estimation. Standard methods
(surname-based, geography-based, and BISG) often perform poorly on dimensions most
relevant for applied research. All methods systematically overcount White people relative
to other groups. Moreover, many methods substantially underestimate the magnitude of

racial gaps, and some even reverse the direction of these gaps.

However, our results also demonstrate that two new methods make notable progress
on the shortcomings of standard methods. First, Zest Race Prediction (ZRP) (Matthews
et al., 2024) outperforms other direct imputation methods on individual-level classification
(Figure 2b) and describing demographics (Figure 4). ZRP also outperforms other direct
imputation methods for some racial gaps, but not all (Figure 3). The second new method —
BIRDIE (McCartan et al., 2025) —is a correction method specifically designed for estimating
racial disparities. We find that BIRDIE yields very accurate measures of racial disparities,

and does so consistently across different racial group combinations (Figure 3).

We also uncover important shortcomings with new methods that are gaining traction in
applied research. The NamePrism method (Ye et al., 2017), which has been cited by over
150 papers (as of August 2025), does not consistently outperform basic surname-based
imputation despite its use of proprietary data and more sophisticated techniques. It yields
lower F1 scores (Figure 2b) and less accurate population estimates (Figure 4) than surname-
based imputation. We find evidence that this poor performance is overwhelmingly driven
by its inability to accurately identify Black individuals (Figure 2a). This shortcoming likely
reflects NamePrism’s origins: it was developed as an international nationality classifier
and adapted for US race classification, but this adaptation appears to fall short for Black
people in the US. Therefore, newer methods leveraging machine learning are not always
an improvement over existing methods, and methods designed for international contexts

may not translate effectively to US racial classification.

19



Our results reveal a key methodological insight: methods can outperform on one dimen-
sion while underperforming on others. For example, NamePrism outperforms surname
imputation when estimating the Black-White gap, despite yielding lower F1 scores for both
White and Black populations and lower aggregate F1 scores. Similarly, ZRP dominates on
individual classification but doesn’t consistently outperform on all racial gaps. This pat-
tern has important implications for empirical practice. High individual-level classification
accuracy (measured by F1 scores) does not guarantee superior racial gap or descriptive
statistics. Researchers selecting methods based on F1 scores alone, a common empirical
practice, risk poor performance on the dimension that matters for their analysis. These
tindings highlight the need for broader study of imputation methods to document their

assumptions, limitations, and performance across multiple dimensions.!*

7 Conclusion

Race imputation has become common when studying economic inequality, with citations to
standard methods more than tripling between 2020 and 2024. Researchers use imputation
across topics including taxes, housing, credit, and retirement. Despite this prevalence
and the variety of available methods, systematic comparisons remain rare. This paper
addresses that gap by evaluating both standard and newly developed methods across three
distinct performance dimensions: individual-level classification, racial gap estimation, and
demographic estimation. Our key finding is that no single method dominates across all

dimensions — methods can excel on one dimension while underperforming on others.

For practitioners, our results provide clear guidance. Researchers estimating racial dispari-
ties should use BIRDiE adjustment, which consistently produces accurate gap estimates
across all racial group comparisons we examine. For demographic estimation, ZRP shows
promise as a newer ML-based method. However, not all ML-based methods are equal:
NamePrism does not consistently outperform basic surname-based imputation in US
contexts and performs particularly poorly for Black populations. More fundamentally, our
results challenge the common practice of selecting methods based solely on individual-
level classification metrics. We demonstrate that superior F1 scores do not guarantee

superior racial gap or demographic estimates.

Race imputation is just one example of how data-driven predictions are underlying a

14We discuss and compare additional race imputation methods in a number of Appendices: Appendix
A.4.1 compares ZRP to other recent ML-based methods, Appendix A.5 discusses methods that require more
input variables, and Appendix A.6 discusses proprietary race imputation methods.
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growing amount of empirical research. Studying the specifics of these methods is crucial,
as the proliferation of individual-level data rapidly expands our capacity for imputation.
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Supplemental Appendix

A.1 Further Background

A.1.1 Race Imputation in US Government Agencies

Race imputation has been used across multiple US government agencies beyond the
US Treasury: the Consumer Financial Protection Bureau (CFPB) to assess fair lending
(Consumer Financial Protection Bureau, 2014), the Equal Employment Opportunity Com-
mission (EEOC) to analyze demographic disparities in labor discrimination cases (Harris,
2020), and the Department of Health & Human Services (HHS) and the Center for Medicare
and Medicaid Services (CMS) to study healthcare inequities (Sorbero et al., 2022; Fremont
et al., 2016). The US Court of Appeals has also upheld the use of race imputation in federal
voting rights cases (Greengard and Gelman, 2024).

A.1.2 Combined Race and Ethnicity in the US Census

The Census reports that growth in the "Some Other Race" category has largely been driven
by Hispanic respondents who do not see their identity reflected in the existing race options
(U.S. Census Bureau, 2024b). A combined race and ethnicity question is expected to reduce
reliance on this residual category by encouraging respondents to select from the available
choices. This change is also planned for earlier adoption in the American Community
Survey, beginning in 2027 (U.S. Census Bureau, 2024a). For analyses of how this shift may
affect measurement, see Loewenstein et al. (2024) for impacts on the Current Population
Survey (CPS) and McKinney and Abowd (2024) for implications for long-term earnings

statistics.

A.2 Data Details

Collecting self-reported race was mandatory in Alabama, Florida, Georgia, Louisiana,
North Carolina, and South Carolina for many years but became optional after the Supreme
Court’s Shelby County vs. Holder decision. Even though the collection of self-reported
race data is now optional, race is still self-reported 92.5% of the time in our North Carolina

random sample.

We use a 500,000 random sample instead of the whole voter file in order to avoid hold-up

times with more computationally difficult methods. In particular, we can impute race
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quickly using all methods in the main text except for one: NamePrism. NamePrism is
available as a free web service for researchers (Skiena, 2025), but the API limits the request
rate to 60 requests per minute. We limit the sample to a random 500,000 observation subset
of the 8 million observations in the North Carolina data, so that we can test NamePrism
against the other methods.

The race categories in the NC voter file do not align with standard race categories yielded
by race imputation methods. The racial groups in the NC voter file are: Asian, Black
or African American, American Indian or Alaska Native, Two or more races, Other,
Native Hawaiian or Pacific Islander, Undesignated, White, and Hispanic. Meanwhile,
the standard racial categories across the imputation methods we study are: White, Asian,
Black, Hispanic, and Other. Therefore, to map the race categories in the voter file data to
standard categories for imputation, we follow Imai and Khanna (2016) and classify Native
Hawaiian or Pacific Islander people as Asian, and people who report American Indian or

Alaska Native, Two or more races, Other, and Undesignated as Other.

A.3 Geocoding Complications

Geocoding addresses can introduce a number of complications and issues. First, geocoding
leads to missing data because not all addresses will be geocoded. In our context, we lose
15% of observations when we batch geocode using the Census API (because of missing
address or failure of geocoding from address to tract or block).

Second, geocoding generates its own methods ambiguity. Missing rates and accuracy varies
by geocoding methods (Clark et al., 2021; Whitsel et al., 2006). Examples of prioprietary
geocoders are Google, HERE, and ESRI. Meanwhile, free geocoding can be implemented
by using the Census API, which bases geocoding on Census Bureau TIGER/Line files
(United States Census Bureau, 2025). In fact, some papers that study race imputation with
voter file data use L2 proprietary data because it already includes geocodings (McCartan
et al., 2023; Rosenman et al., 2023).

Third, geocoding can be financially (if using a proprietary vendor) or computationally
expensive (if using open source methods) (Clark et al., 2021). Therefore, to use as much
data as possible, avoid methodological ambiguity, and avoid financial/computational
costs, we avoid geocoding and use zip code for all the imputation methods that use

geography.



A4 Comparing ZRP to other ML Methods

This appendix compares ZRP to two alternative machine learning algorithms that can
impute race in the US. We evaluate their performance using voter registration data from
North Carolina and Florida. We use both datasets because one method (CNN) was trained
on North Carolina data, while the other (RaceBERT) was trained on Florida data.

We find that in most cases (across performance metrics and datasets), ZRP dominates both
CNN and RaceBERT, though there are a few exceptions. Moreover, as expected, CNN
outperforms RaceBERT in North Carolina and RaceBERT outperforms CNN in Florida.
This is not surprising because CNN was trained on North Carolina data, while RaceBERT

was trained on Florida data.

In the main text of the paper, we only present ZRP. We do this for two reasons. First, the
results in Section A.4.2 below show that ZRP dominates CNN and RaceBERT on most
metrics of performance (with a few exceptions). Second, ZRP is more attractive from an
intuitive perspective because ZRP is not trained on a single state, meanwhile CNN was
only trained on North Carolina and RaceBERT was only trained on Florida. Interested
readers can consult this appendix for the detailed results across the three methods and

two different datasets, but the main text only reports ZRP for succinctness.

A.4.1 Two ML-Based Alternatives to ZRP

RaceBERT: Parasurama (2021) introduces a transformer-based model to impute race,
which they call RaceBERT.! The model is an iteration of a popular type of transformer-
based model, called a BERT (Bidirectional Encoder Representations from Transformers),
which specializes in understanding the context of words. The model is trained on voter

registration data from the state of Florida.

The authors explain that they achieve state-of-the-art results in race prediction with high
classification success. RaceBERT is very similar to a previous approach to race imputation
by Chintalapati et al. (2018), called ethnicolr.!” This previous approach used a Long Short
Term Memory (LSTM) classifier instead of a transformer-based model. LSTM classifiers
are recurrent neural networks built to handle data sequences and remember information
over extended periods. The authors explain the RaceBERT method outperforms ethnicolr

in terms of individual classification performance.

15RaceBERT is available as a python package online here: https://github.com/parasurama/raceBERT
16The authors used the February 2017 version of the FL voter file.
7Ethnicolr is available here: http:/ /github.com/appeler/ethnicolr
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CNN: CNN uses character-sequence-based machine learning to infer religion or
race/ethnicity from names (Chaturvedi and Chaturvedi, 2024). The character patterns
learned by the models work well for detecting identity groups for whom names may
have different linguistic roots. The preferred model from Chaturvedi and Chaturvedi
(2024) is a character-based convolutional neural network (CNN).!® The method was
initially developed to infer religion in India but the paper’s online appendix extends their

approach to infer race in US data using North Carolina voter file data.

When geography data is available, the character-based models can be incorporated within
the existing BISG packages. (Chaturvedi and Chaturvedi, 2024) provide evidence that their
CNN method with geography improves performance over the BISG baseline in terms of
individual-level performance and demographic estimation. The CNN method was trained
with the North Carolina voter file.!” We employ the CNN method that uses geography
data in this appendix.

ZRP: ZRP employs a machine-learning model (Extreme Gradient Boosting, or XGBoost)
to estimate race using a combination of first, middle, and last names along with granular
location data from the US Census. It leverages address geocoding to identify Census block
groups, tracts, or ZIP codes using the Census ARCGIS TIGER/Line Shapefiles, pairing
this information with updated demographic data from the American Community Survey
(ACS). Unlike RaceBERT and CNN, ZRP is not trained on data from a single state. Instead,
it is trained on 3 states: North Carolina, Georgia, and Florida (the 2021 voter registration
tiles). ZRP also benefits from more recent ACS data compared to standard BISG methods
that rely on the 2010 Census.

A.4.2 Results Discussion

We report results across these three methods across our main three types of performance:
individual-level performance, racial gaps, and population demographics. In terms of
datasets, we compare the results using North Carolina and Florida voter files. For North
Carolina, we use the same 500,000 random sample as we do in the main text. In addition,

we also use a 500,000 random sample from the Florida voter file.?"

Figure A.1 compares F1 scores by racial group across the three machine learning race

8They train language model, logistic regression, SVM, and CNN classifiers. They show that CNN
classifiers have the best performance in terms of individual classification and estimating demographics,
outperforming the standard BISG methods.

9The paper does not specify which year of the NC voter file the authors used.

20Both CNN and RaceBERT have zero missing rates for the North Carolina and Florida datasets. For ZRP
the missing race in Florida is zero while the missing rate in North Carolina is only 0.01%.
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imputation methods. Overall, ZRP consistently outperforms both CNN and RaceBERT for
nearly all racial categories, with the exception of "Other." Note that depending on the state,
either CNN or RaceBERT dominates the other method. This should come as no surprise
because CNN was trained using North Carolina data while RaceBERT was trained using
Florida data.

Figure A.1: F1 Scores by Racial Group and Race Imputation Method
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Notes: This figure shows the F1 scores across racial groups and race imputation methods using the NC voter
file and the FL voter files.

Figure A.2 shows the aggregated F1 scores. The patterns from the F1 scores across race
groups remain when the different aggregation methods are used. Regardless of aggregation
method (micro, macro, and weighted), ZRP dominates both CNN and RaceBERT in both
voter files. In the North Carolina voter file, CNN performs better than RaceBERT. In the
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Florida case, the opposite is true.

Figure A.2: Aggregated F1 Scores by Racial Group and Race Imputation Method
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Notes: This figure shows the aggregated F1 scores across race imputation methods using the NC voter file
and the FL voter files.

Figure A.3 shows the Black-White gap across methods. ZRP is the method that does best at
estimating the racial gap, but the difference from the true gap is still large (10-15 percentage
points). In the North Carolina voter file, CNN is only a few percentage points away from
the gap estimated by ZRP while RaceBERT lags behind. In the Florida voter file, ZRP
strikingly outperforms the other two methods —both CNN and RaceBERT estimate gaps
that are almost 30 percentage points lower than the true gap observed in the data.

Figure A .4 illustrates the racial gaps for different race groups across the race imputation
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Figure A.3: Black-White Gap in Democratic Party Registration by Race Imputation Method
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Notes: This figure shows the estimated Black-white gap in democratic party registration by different race
imputation methods using the NC voter file and the FL voter files.



methods. All three methods are far from the real estimated racial gap for most racial
groups. For the first three racial gaps (Black-White, Black-Hispanic, Black-Asian), ZRP
does the best at estimating the racial gap in both the North Carolina and Florida voter
tile. However, for Hispanic-White, Hispanic-Asian, and Asian-White gaps, ZRP does not
always dominate. (In the North Carolina voter file, ZRP does better for the Hispanic-Asian
racial gap, but CNN outperforms for both the Hispanic-White and Asian-White racial
gaps. In the Florida voter file, ZRP only dominates in the Hispanic-White racial gap, while
RaceBERT does better in the Hispanic-Asian and Asian-White racial gaps.)

Figure A.4: All Racial Gaps in Democratic Party Registration by Race Imputation Method
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Notes: This figure shows the estimated racial gaps in democratic party registration by different race imputa-
tion methods using the NC voter file and the FL voter files.

Figure A.5 shows the simulated racial composition across the three imputation methods.
In both voter files, ZRP overestimates the percent of white people in the population, while
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both CNN and RaceBERT overestimate the percent of Black people in the population.
Notably, CNN is the only method that reasonably captures the size of the population
identifying outside the four major racial categories.

Figure A.5: Racial Composition by Race Imputation Method
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Notes: This figure shows the simulated racial composition of the NC and FL voter files under different race
imputations.

Tables A.1 and A.2 report distance metrics between the estimated and actual population
distributions for the North Carolina and Florida voter files, respectively. For the North
Carolina voter file, CNN is the method that comes closer to the real distribution of the
population (distance metric of 8.25) followed by RaceBERT and then by ZRP. The pattern
is reversed in the Florida voter file. ZRP does best at recreating the population distribution
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with a distance metric of 6.43, followed by RaceBERT with a distance metric of 8.59, and
finally with CNN with a distance of 11.04. In general, all of the machine learning methods
outperform the methods in the main text when matching the distribution of the population

for both voter files.

Table A.1: Euclidean Distance between Simulated and Real Demographics across Machine
Learning Race Imputation Methods (North Carolina)

Method % White % Black % Hispanic % Asian % Other Distance Metric

Real 64.52 20.15 3.57 1.51 10.24 NA
CNN 57.79 23.42 5.96 3.73 9.10 8.25
ZRP 74.08 17.66 522 247 0.57 13.96
RaceBert  65.98 23.52 4.47 6.01 0.02 11.79

Notes: This table shows the simulated racial demographics by race imputation method in the NC voter
file data using machine learning approaches. The final column shows the Euclidean distance (in 5-space)
between the simulated demographics and the observed demographics in the data.

Table A.2: Euclidean Distance between Simulated and Real Demographics across Machine
Learning Race Imputation Methods (Florida)

Method % White % Black % Hispanic % Asian % Other Distance Metric

Real 63.76 13.59 15.92 1.84 4.88 NA
CNN 55.13 17.79 20.21 4.30 2.56 11.04
ZRP 67.49 12.38 17.60 243 0.09 6.43
RaceBert  59.75 18.02 16.66 5.56 0.01 8.59

Notes: This table shows the simulated racial demographics by race imputation method in the FL voter
file data using machine learning approaches. The final column shows the Euclidean distance (in 5-space)
between the simulated demographics and the observed demographics in the data.
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A.5 Imputation Methods that Require More Inputs

This appendix examines two imputation methods that require supplementary inputs
beyond name and geography data. Both methods discussed here address limitations in
standard BISG approaches but at the cost of increased data requirements. We exclude
these methods from the main text because of their additional data needs.?! Both methods
address similar BISG issues as BIRDiE, which we study in the main text and does not
require additional data beyond name and geography.

A.5.1 Greengard and Gelman (2024)

BISG is a popular imputation method because it uses publicly available Census data and
is mathematically straightforward. However, BISG relies on a fundamental assumption
that surname and location are conditionally independent of race in the US. Greengard
and Gelman (2024) demonstrate that this independence assumption results in systematic

inaccuracies, and propose a modification to BISG predictions.

Greengard and Gelman (2024) modify standard BISG predictions through a two-step
process. First, they calculate conventional BISG predictions for all individuals in a dataset.
Second, they apply raking — an algorithm for adjusting data to match known population
margins — to align these predictions with verified demographic distributions. In practice,
this requires two new data sources: (1) "the joint distribution of surname and geolocation
obtained from state voter registration lists" and (2) "the statewide race/ethnicity distribu-
tion of registered voters from the Voter Supplement of the Current Population Survey”
(Greengard and Gelman, 2024, p. 2).

For registered voters, necessary margins can be obtained from publicly available data.
However, the necessary data for raking may be unavailable in different empirical applica-
tions. This method is only applicable when population margins are already known.

A.5.2 Argyle and Barber (2022)

Argyle and Barber (2022) demonstrate that BISG produces misclassification errors that
are strongly correlated with demographic and socioeconomic factors. For instance, Black
people who live in high-income areas are more likely to be misclassified as White than
Black people who live in low-income areas. To reduce this bias in misclassification errors,

the authors propose an ensemble machine learning approach.

ZIMoreover, accessible replication packages are not available for one of the methods.
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In particular, they incorporate the standard BISG probabilities for each racial group as
inputs into a random forest model with 16 other individual-level or geographic-level polit-
ical and socioeconomic predictors. The random forest model adjusts the BISG predictions

so they are less correlated with political and economic factors.

In practice, they train and tune their random forest model using randomly selected 80%
subset of the Florida voter file.?? Then, they test the random forest model on the remaining
20% of the Florida voter file as well as the North Carolina voter file.

On top of the standard BISG predictions, Argyle and Barber (2022)’s random forest uses 16
additional variables from voter files. Their pre-trained random forest model is only usable
when researchers have access to the same inputs. That said, researchers hypothetically
could use their code to train their own random forest models to include only geography-
level variables (which are knowable conditional on having geography data). This exercise
is out of scope for this paper, but could provide more generalizable random forest models

for practitioners.??

22Their replication documentation explains that the training requires significant computational capacity:
"this code is set up to run in parallel on 16 processors, and that the original run took 48+ hours." (Barber and
Argyle, 2023).

Z3This is out of scope because our aim is to compare pre-existing methods.
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A.6 Black Box Private Sector Methods

A.6.1 Imputation in Purchased Data

Empirical researchers are increasingly using private data for research (Einav and Levin,
2014). Proprietary datasets that include race variables may be derived from their own

proprietary race imputation methods.

A prominent example is L2’s national voter file, which has been used in researching
bankruptcy (Argyle et al., 2025), the Vietham war (Bleemer, 2025), political identity (Frake
et al.,, 2024), and more. L2 imputes race unless it is self-reported in the underlying state
voter file (Frake et al., 2024; Bleemer, 2025). Their imputation is proprietary (Argyle et al.,
2025), but researchers have linked L2 to other data (such as SNAP records or college
applications) and documented discrepancies between L2’s imputed race and self-reported
race in those administrative sources (Chyn and Haggag, 2023; Bleemer, 2025).

A.6.2 NameSor

NamSor is a private company that sells race/ethnicity imputation (NamSor, 2025¢). Nam-
Sor advertises that they can provide the origin, ethnicity, the US race, country, and gender
of names (NamSor, 2025b).

The tool has been used in 364 research papers (as of February 2025) according to their
website (NamSor, 2025c). Most papers that use NamSor are in the medical community or
are papers that analyze academic publications biases. To the best of our knowledge, Sebo
(2023) is the only paper to evaluate the performance of NamSor against data with known
identification. That said, there has not been a comparative evaluation of NamSor against
other methods like BISG or NamePrism.?*

In this draft of the paper, we do not compare NamSor against other methods. We make
this choice for two reasons. First, NamSor is prohibitively expensive for many research
contexts. NamSor’s pricing page (as of February 2025) shows that it costs $4,167 to process
500,000 names (6% of the full NC voter file sample) and $14,000 to process 2,000,000 names
(25% of the full NC voter file) (NamSor, 2025a). Second, the methods used in NamSor
are not transparent. For illustration, Sebo (2023) states that "The methodology used by

the algorithm to determine the most likely origin of individuals is relatively opaque to

ZNamSor has more in common with NamePrism than other methods in our main text. NamSor and
NamePrism are unique in that they have international use cases.
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non-specialists, but likely relies on large databases combining names with cultural, ethnic
and linguistic backgrounds."

In this paper, we compare free methods for race imputation with technical documentation.
We do not extend the exercise to include black box tools for purchase.
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A.7 Results using Florida Voter File

In the main text, we use a 500,000 observation random sample of the 2023 North Carolina
voter file to test performance. One fundamental concern with this approach is that the
patterns and results might differ if we used data from a different place. To address this
concern, we present our main results in comparison to results generated from using a
500,000 observation random sample of a different voter file — the Florida 2017 voter file
(Sood, 2022).25 Overall, we show below that the key patterns from the analysis using the
North Carolina still hold in the Florida data.

Figure A.6 compares F1 scores by racial group across the main race imputation methods
for the Florida voter files. The main text results showed ZRP consistently outperforms the
other imputation methods for nearly all racial categories, with the exception of "Other" in
the North Carolina voter file. The same pattern emerges in the Florida voter file where
ZRP dominates the other methods. Note that the zip method does better for the Hispanic
population in the Florida voter file compared to the North Carolina voter file. This is
because there are very few zips in North Carolina where the most common race is Hispanic,
so this measure performs poorly. In Florida, since there are more Hispanic people and
Hispanic-heavy zip codes, this is less of an issue.

Figure A.7 shows the aggregated F1 scores. The patterns from the F1 scores across race
groups remain when the different aggregation methods are used. For all aggregation
methods (micro, macro, and weighted), ZRP dominates other methods in both voter files.

Overall, methods perform similarly relative to one another in both states.

Figure A.8 shows the Black-White gap in democratic registration in the Florida voter file
across methods. As was in the case in the North Carolina voter file, the BIRDIiE method
does the best in Florida too. After BIRDiE, ZRP is the method that does best in both the
North Carolina and Florida voter files. In both cases, however, the difference between the
ZRP gap and the observed gap remains large. The gap between the observed gap and
the gap estimated by ZRP is about 15 percentage points in the North Carolina context
and about 10 percentage points in the Florida context. All methods perform In the North
Carolina voter file, all methods perform worse relative to the identified gap in the Florida

voter file.

Figure A.9 illustrates the racial gaps for different pairs of race groups across the race
imputation methods in the Florida data. As was the case in North Carolina, BIRDIiE

BThis Florida voter file dataset has been used in previous papers such as Chintalapati et al. (2018) and
Parasurama (2021).
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Figure A.6: F1 Scores by Racial Group and Race Imputation Method (Florida)
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Notes: This figure shows the F1 scores across racial groups and race imputation methods using the Florida
voter file.

Figure A.7: Aggregated F1 Scores by Racial Group and Race Imputation Method
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Notes: This figure shows the aggregated F1 scores across race imputation methods using the Florida voter
file.
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Figure A.8: Black-White Gap in Democratic Party Registration by Race Imputation Method
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Notes: This figure shows the estimated Black-white gap in democratic party registration by different race
imputation methods using the Florida voter file.

outperforms in most racial gaps over the other methods in both the North Carolina and
the Florida voter file. The three main take-aways from the main text analysis using North
Carolina data hold in the Florida case: disparity estimates can go in the wrong direction,
imputation methods are not rank-preserving across different racial gaps of interest, and

disparity estimates can be far from the true values.

Figure A.10 shows the racial composition for all the imputation methods in Florida. The
main demographic difference between NC and FL is that there is a higher percentage of
Hispanic people in Florida and a higher percentage of Black people in NC. In both voter
files, all methods overestimate the share of the white population and underestimate the
share of the Black population.

Table A.3 reports distance metrics between the estimated and actual population distribu-
tions in the Florida data. For both North Carolina and Florida, ZRP is the method that
comes the closest to the real distribution of the population (with a distance of 13.96 in the
North Carolina voter file and 6.43 in the Florida voter file). BISG follows with a distance of
18.53 and 9.82 for the North Carolina and Florida voter files respectively. NamePrism is
the furthest from the observed distribution in both cases. There is one distinction between

North Carolina and Florida in the methods rankings: zip code performs better than last
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Figure A.9: All Racial Gaps in Democratic Party Registration by Race Imputation Method
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Notes: This figure shows the estimated racial gaps in democratic party registration by different race imputa-
tion methods using the Florida voter file.
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name in North Carolina, but the reverse is true in Florida. This is explained by the fact that
Florida has a larger share Hispanic population (for whom last name outperforms zip), and
North Carolina has a larger share Black population (for whom zip outperforms last name).

Table A.3: Euclidean Distance between Simulated and Real Demographics across Race
Imputation Methods (Florida)

Method % White % Black % Hispanic % Asian % Other Distance Metric
Real 63.76 13.59 15.92 1.84 4.88 NA
Last Name 77.33 4.57 16.13 1.94 0.02 17.00
ZIP 78.92 7.13 13.95 0.00 0.00 17.39
BISG 70.96 9.44 17.84 1.73 0.03 9.82
ZRP 67.49 12.38 17.60 243 0.09 6.43
NamePrism  81.34 1.32 15.69 1.65 0.00 21.99

Notes: This table shows the simulated racial demographics by race imputation method in the FL voter file
data. The final column shows the Euclidean distance (in 5-space) between the simulated demographics and
the observed demographics in the data.
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A.8 Comparing Results across Thresholding Options

All race imputation methods generate predicted probabilities that individuals belong to
one of the five main racial groups (White, Black, Hispanic, Asian, and Other). In the main
text, for each imputation method, we assign people to the racial group which received the
highest predicted probability. This is the standard procedure in many papers, including
Berry et al. (2024), Argyle and Barber (2022), Letzler et al. (2017), and Cohle and Ortega
(2023).

Therefore, observations vary in the predicted probabilities that determine imputation.
Figure A.11 shows the distribution of the maximum predicted probabilities across all
observations in our 500,000 sample — these are the probabilities that determine assignment
to a group. The median probability is high at 85.6%, but values can be as low as 22% and
still generate assignments.

Figure A.11: Distribution of Maximum Probabilities
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Notes: In the main text, imputed race is assigned to the racial group with the highest predicted probability.
This figure shows the distribution of those predicted probabilities that result in assignment.

There are alternative ways of assigning individuals to racial groups using the predicted
probability output. One common alternative is to assign people to racial groups based on
set thresholds.?® How would such thresholds change the overall imputation results? This

26This has been done in previous papers, such as Diamond and Diamond (2024), Luh (2023), Goncalves
and Mello (2021), and Feigenberg and Miller (2022). Another alternative is to use the generated probability
to randomly assign someone to a racial group. Greenwald et al. (2024) use this procedure for assigning
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appendix section explores this question by comparing our baseline results to alternative
results using thresholds of increasing strictness — 50%, 70%, and 90%.

Before comparing results across threshold options, we first show motivational evidence
that thresholding will not equally impact distinct racial groups. Figure A.12 demonstrates
the distribution of predicted probabilities split out by the baseline assigned race.

Figure A.12: Density of Maximum Probabilities by Imputed Race
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Notes: In the main text, imputed race is assigned to the racial group with the highest predicted probability.
This figure shows the density plots of the predicted probabilities that result in assignment, faceted by
imputed racial group.

The distributions for White, Hispanic, and Asian individuals are right-skewed — the median
probabilities for these groups are 87%, 92%, 94%, respectively. In contrast, the distributions
for Black and Other racial groups are noticeably flatter and more dispersed. The median
probabilities for Black and Other are 64% and 72%, respectively. The median probabilities
for these two groups are below the 25th percentile probabilities for the other three groups.

Figure A.12 necessarily implies that thresholding at higher probability levels will dispro-
portionately reduce the number of individuals predicted to be Black (and Other) relative
to other groups. However, it is ambiguous how thresholding would impact F1 scores or

racial gaps across groups.

We now consider how thresholding impacts our results across multiple thresholds: 50%,
70%, 90%. We compare these three thresholds with the baseline method of assigning to

the most common group. Mimicking the structure in the main text, we demonstrate the

people as Black or non-Black using BISG-generated probabilities.
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effect of these thresholds on: missing rates, F1 scores, racial gap estimates, and population

descriptives.

A.8.1 How does thresholding impact missing rates?

Fig A.13 shows that, as the threshold becomes more stringent, missing rates mechanically
increase for all imputation methods. The Zip method is the one most affected — if the
threshold is set at 90%, more than 80% of the observations are missing race.”’ Meanwhile,
NamePrism is the method least affected by strict thresholds. If the threshold is set at 90%,

on o of observations are missing race.
ly 30% of ob t ce

Figure A.13: Missing Rate by Methods and Thresholds
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Notes: This figure shows the percent of observations without a race prediction by the main text methods and
the threshold options. Threshold options go from least restrictive to most restrictive as follows: baseline
(main text option), 50% threshold, 70% threshold, and 90% threshold. Bars are colored by imputation method
and shaded based on the threshold option.

A.8.2 How does thresholding impact F1 scores?

Figure A.14 demonstrates that when thresholds are increased, F1 scores improve for most
racial groups and methods. However, there are some exceptions for the Black population.
When using zip imputation and NamePrism imputation, setting a higher threshold actually

?’The baseline Zip method has a 10 percent missing rate due to data limitations in the ACS. For ZIP codes
with small populations, race distributions are not published in order to protect individual privacy.
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decreases F1 scores. Therefore, it is not universally true that setting high thresholds will

improve recall and precision for all racial groups.

Figure A.14: F1 Scores by Race, Methods, and Thresholds
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Notes: This figure shows the F1 scores by the main text methods and the threshold options, faceted by racial
group. Threshold options go from least restrictive to most restrictive as follows: baseline (main text option),
50% threshold, 70% threshold, and 90% threshold. Bars are colored by imputation method and shaded based
on the threshold option.
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Figure A.15 demonstrates how aggregated F1 scores compare across thresholds options
and imputation methods. Consistent with higher thresholds improving F1 scores for most
racial groups and most methods, most aggregated F1 scores increase as thresholds increase.
The one exception is the macro aggregation for zip — this happens because that averaging
method puts enough weight on the lower F1s for the Black population that it offsets the
high F1s for the White population.

Figure A.15: Aggregated F1 Scores by Methods and Thresholds
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Notes: This figure shows the aggregated F1 scores by the main text methods and the threshold options. There
are three types of aggregation (as in the main text): micro, macro, and weighted. Threshold options go from
least restrictive to most restrictive as follows: baseline (main text option), 50% threshold, 70% threshold, and
90% threshold. Bars are colored by imputation method and shaded based on the threshold option.

A.8.3 How does thresholding impact racial gap estimation?

Fig A.16 shows how the estimated Black-White racial gap in democratic registration
varies as you change the threshold across methods. As the threshold increases, the gap
estimation improves compared to the baseline for ZIP, BISG, ZRP, but this is not true for
NamePrism. Even though the zip method with the 90% threshold yielded the most missing
race observations and one of the lowest F1 scores for the Black population, this method
comes the closest to replicating the observed Black-White gap in the data.
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Figure A.16: Black-White Gap in Democratic Party Registration by Method and Threshold
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Notes: This figure shows the estimated Black-White disparity in democratic party registration by different
race imputation methods. The dashed black line is the observed gap in the data. Threshold options go from

least restrictive to most restrictive as follows: baseline (main text option), 50% threshold, 70% threshold, and
90% threshold. Bars are colored by imputation method and shaded based on the threshold option.

What about other racial gaps? Now, we use Figure A.17 to compare all possible racial gaps
across the main groups (White, Black, Hispanic, Asian) across the 5 methods (last name,
ZIP, BISG, ZRP, NamePrism) and 4 threshold options (baseline, 50%, 70%, 90%).

Figure A.17 shows the distribution of racial gaps across six pairwise race comparisons:
Black-White, Hispanic-White, Asian-White, Black-Hispanic, Black-Asian, and Hispanic-
Asian. In the case of two gaps, the Hispanic-White and Hispanic-Asian gaps, higher
thresholds yield more accurate racial gap estimates regardless of method. But, this is not
uniformly true for the other four gaps: Black-White, Asian-White, Black-Hispanic, and
Black-Asian. Across the 25 gap and method combinations with results (excluding various
combinations with zip), higher thresholds improve estimation 16 times. Higher thresholds
improve estimation more consistently for ZRP or BISG than for surname imputation or

NamePrism.

A-25



Figure A.17: Racial Gaps in Democratic Party Registration by Method and Threshold
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Notes: This figure shows estimated racial disparities in democratic party registration by different race
imputation methods across six gaps of interest: Black-White, Hispanic-White, Asian-White, Black-Hispanic,
Black-Asian, and Hispanic-Asian. The dashed black line is the observed gap in the data. Threshold options
go from least restrictive to most restrictive as follows: baseline (main text option), 50% threshold, 70%
threshold, and 90% threshold. Bars are colored by imputation method and shaded based on the threshold
option.

A-26



A.8.4 How does thresholding impact population descriptives?

Figure A.18 shows how imputed population descriptives vary across threshold options.
For most methods, when the threshold increases, the imputed population becomes a higher
percent White, moving all methods further away from the actual observed rates of White
people in the population.?® Symmetrically, the non-white imputed population generally
declines as thresholds increase and diverges further from the non-white true rate in the

population.

Figure A.18: Racial Composition by Method and Threshold
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Notes: This figure compares the racial compositions of the sample under different race imputation methods
and threshold options. The black bar is the observed rate for a group in the data. Threshold options go from
least restrictive to most restrictive as follows: baseline (main text option), 50% threshold, 70% threshold, and
90% threshold. Bars are colored by imputation method and shaded based on the threshold option.

Figure A.18 shows that as thresholds increase, the Black share of the imputed population
decreases, veering further from the actual rate. In contrast, the Hispanic share declines

280ne exception is the 90% threshold for last name, which reduces the percent white — this is likely because
of the distributions shown in Fig A.12. Moving from the critical threshold of 70% to 90% loses more white
than non-white predictions because of the right-skewed prediction distributions for Hispanic and Asian
people.
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slightly for ZIP, ZRP, and NamePrism, indicating that stricter thresholds may filter out
individuals otherwise classified as Hispanic by these approaches. For the Asian share,
the ZIP method assign zero population to thresholds different to using the baseline,
highlighting a clear limitation of ZIP code data for identifying Asian individuals. In
contrast, for all other methods, the Asian share increases as the threshold becomes more
stringent. As expected, all thresholding methods put the rate of people imputed as Other

very close to 0.

A.8.5 Take-aways

There are a few unambiguous effects of setting higher thresholds when imputing race. For
one, increasing thresholds mechanically increases the missing rate because it mandates
dropping more observations. Because the prediction distribution is flatter for Black people
than other groups (Fig A.12), higher thresholds means reducing the population imputed as
Black (Fig A.18). Generally higher thresholds also lead to higher overestimates of the White
population (Fig A.18). (One exception arises at the high-end of thresholds for surname
imputation — moving from a 70% to 90% threshold decreases the White population because
of the higher predictions for the Asian and Hispanic populations.)

The effects of higher thresholds on racial gaps and individual-level performance are
mixed depending on the imputation method and racial groups. Setting higher thresholds
increases F1 scores for most methods and racial groups, but this is not always true. F1
scores actually decrease for the Black group as thresholds become stricter when using
NamePrism or zip imputation. Likewise, higher thresholds improve estimating racial gaps
in some cases but not others. High thresholds tend to improve estimation of all racial gaps
for BISG and ZRP, but higher thresholds often make estimation worse when imputing

with NamePrism or surnames.

Importantly, these results again highlight the disconnect between individual-level pre-
diction (F1 scores) and racial gaps. A salient example: setting higher thresholds for zip
imputation reduces F1 scores for the Black population, but improves Black-White gap esti-
mation. Therefore, as in the main text, improving performance in one dimension through

methodological changes does not necessarily improve performance in other dimensions.
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