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Previous BISG Work

Table 1. Sources citing Imai and Khanna (2016) and Prediction Level

Source Field Level
Abott and Magazinnik (2020) Political Science County
Alvarez, Katz, and Kim (2020) Political Science Blocks
Conroy and Green (2020) Political Science Surname
Enos, Kaufman, and Sands (2019) Political Science Blocks
Fraga (2018) Political Science Blocks
Grumbach and Sahn (2020) Political Science Tract
Grumbach, Sahn, and Staszak (2020) Political Science Tracts
Hood III, Morrison, and Bryan (2018) Political Science Precincts/blocks
Reny, Wilcox-Archuleta, and Nichols (2018) Political Science Unclear
Rhinehart and Geras (2020) Political Science Surname
Sadhwani and Mendez (2018) Political Science Surname
Schwemmer and Jungkunz (2019) Political Science Surname
Shah and Davis (2017) Political Science County
Velez and Newman (2019) Political Science County
Barreto et al. (2019) Sociology Surname
Chou, Imai, and Rosenfeld (2020) Sociology County
Crabtree and Chykina (2018) Sociology County
Einstein, Glick, and Palmer (2020) Sociology Tracts
Signorella (2020) Sociology Surname
Edwards, Esposito, and Lee (2018) Public Health Counties
Nguyen et al. (2019) Public Health County
Riester et al. (2019) Public Health Surname
Studdert et al. (2020) Public Health Tract
Edwards, Lee, and Esposito (2019) Other County
Grinberg et al. (2019) Other Surname
Lu et al. (2019) Other Geocoded/not clear

Geocoding results
Figure 1 provides the screenshot output of the ESRI 2013 composite geocoding, which comprises
the street address and postal geocoders. With the 3,123,112 unique addresses within the voter file,
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Table 2. Addresses Geocoded Within the Georgia Voter File, by Geocoder

Geocoder % Geocoded of Voter Addresses
Street addresses 84.71%
Postal 15.19%
N/A 0.10%

Table 3. Geocoding Locator Percentage of GA Voter file sample

Locator Number Percent
PointAddress 262588 84.08
StreetAddress 44083 14.11
Postal 3068 0.98
StreetName 2410 0.77
AdminPlaces 166 0.05

The proportion geocoded by ESRI locator. Total time taken amounted to geocode was 131 minutes and 10
seconds, a rate of approximately 2,384.084 per minute.

the total time taken was 4 hours and 45 minutes using an Intel(R) core i7-7500U 2.90 GHz, 16 GB
RAM computer.

Figure 1. Screen capture of geocoding times of the Georiga voter file comprising 3,123,112 unique addresses

Table 2 reports the proportion of addresses geocoded by the ESRI 2013 Street Address geocoder,
Postal geocoder, and those not geocoded. The proportions are such that 86.01 percent of addresses
within the Georgia voter file can be geocoded using the street addresses geocoder. The postal
address geocoder in turn provides just under 14 percent of coordinates as a back up to the priority
street address geocoder. Finally, under a tenth of a percentage point of addresses cannot be
geocoded.

Above is the output of the geocoded addresses used for the analysis. It is possible to increase
the matching accuracy via higher level proprietary geocoders. Advances in geocoding with special
licenses from ESRI do allow for more precise estimates. Therefore, we additionally ran the 2019
classic locator suite of geocoders from ESRI, which includes: Administrative Places, Point Address,
Postal, PostalExtension, Street Address, Street name, and ZIP-4 locators. The suite works such that
it iterates through these locators in order to identify the best coordinate match for a given address.
The trade o� is an increase in time and computational power necessary for geocoding.

Table 3 presents the output of geocoding a 10 percent sample of the unique addresses within
Georgia. The computer used to geocode had the following specifications: Intel(R) Core(TM) i7K
8700K 6-Core/12-Thread, 12MB Cache, up to 4.7GHz with Intel(R) Turbo Boost Technology), 64GB
HyperX(TM) DDR4 Memory XMP at 2933MHz, 2TB M.2 PCIe x4 SSD. The computer was part of the
MIT GIS Lab, made available for researchers with intensive geocoding and other GIS needs.
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Figure 2. Screen capture of geocoding times of the 10 percent sampled Georgia voter file, comprising 312,315
unique addresses

Figure 2 documents the time taken to geocode the 10 percent sample as 2 hours, 11 minutes,
and 10 seconds. The geocoding rate is approximately equal to 2,384.084 per minute. Therefore, the
total time necessary to geocode the full voter file, assuming a relatively constant rate, would be
around 21 hours.

Upon completing the geocoding, the next step is to overlay the addresses onto census ge-
ographies, then employ the “get_census_data" command to pull the necessary demographic
information in order to conduct BISG. The computer used to run the replication file had the follow-
ing specifications: Intel(R) Core(TM) i7-9700 CPU 6-Core/12-Thread, 12MB Cache, 3.0 GHz, 64GB
DDR4 Memory XMP at 2933MHz, 2TB HDD. The total time necessary to overlay and get the census
block and tract data amounted to 2.53 hours. Therefore, the total time taken to process and prepare
the data necessary to conduct BISG dependent upon geocoding methods took approximately 7.28
hours for the Georgia voter file. Employing the full suite of proprietary ESRI geocoders would
amount to over 23 hours of processing time.

BISG Accuracy estimates
We report the percent absolute di�erence at the 95t h percentile between the reported and predicted
races by geographic level and race in Table 4 in the supplementary information. By race, the accuracy
from most to least is in the order of White, Black, Asian, Hispanic, and other. Ranked by level of
geography, surname alone and county are the least accurate. Adding in county information reduces
the error for White and Black estimates, though increases it for Asian, Hispanic, and other estimates.
While it is almost certainly the case that the exact errors will vary by state given their unique
demographic distributions, these results are concerning for past research that opts to use counties
as the primary level of geography for BISG.

Interesting results arise for ZIP codes. The ZIP code estimates using both 2010 census and
2018 ACS data consistently outperform county level data in reducing error. ZIP codes likewise
outperform surname alone, with the exception of estimating racial identification for Asian and
other. The reduction in error in estimating racial identification varies across racial groups: White
racial identification error is reduced by 3 percentage points, Black racial identification error is
reduced by 5.53 points, Asian racial identification error is reduced by 1.52 points, Hispanic racial
identification error is reduced by 9.21 points, and all other racial identification error is reduced
by 0.87 points. The 2018 ACS data improves upon 2010 data marginally, with the exception of
estimates for Hispanic racial identification.

The added benefit of geocoding to increase accuracy in racial identification estimates arises
entirely when using block-level BISG estimation. The accuracy rates for 2010 census tracts compared
to 2018 ZIP codes and 2018 ACS data are e�ectively on par with one another.1 Census blocks are

1. The wru package contains the “get_census_data" function, which uses 2010 Census data given that one has a Census
API. The zipWRUext package pulls in the relevant ZIP code data internally as part of the base function and requires no
additional Census API credential.
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Table 4. Comparison of BISG accuracy by geography and race

Level Asian Black Hispanic Other White
Surname 51.04 42.77 118.23 109.79 19.63
County 62.70 38.32 120.20 113.43 16.05
ZCTA 2010 58.38 32.79 110.99 112.56 13.02
ZCTA 2018 56.86 31.74 111.11 109.98 12.49
Tract 56.97 31.51 104.95 124.44 12.53
Block 47.57 30.23 83.74 104.98 13.40

The results are the percent absolute di�erence at the 95th percentile between the reported and predicted
races by level and race for the 10,000 draws of samples of 1,000 records from the Georgia voter file. Larger

values reflect greater errors for the given method by race.

superior in every regard to other forms of geocoded and non-geocoded estimation processes when
using BISG for every racial identification except White.
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Figure 3. Percent di�erence between reported and estimated race for blocks, ZIP codes, and counties by race

Supplementary Material
For supplementary material accompanying this paper, please visit https://doi.org/10.1017/pan.
xxxx.xx.
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