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Introduction
This is an instruction manual on how to geocode and predict the race of individuals by using Bayesian
Inference with Surname and Geography (BISG). The document covers how to read in voter files, produce
tables amenable to read into an ArcGIS geocoder program, and then import these results back into R so
as to impute race. By using BISG, it is possible to greatly improve upon ecological inference and estimate
electoral participation given an individual’s race. See BISG with ZIP Codes for a new package extension to
bypass the need to geocode.

Step 1: Cleaning and exporting the voterfile
The first step to geocoding a voter file is to ensure that there are the appropriate fields necessary to do so,
the full address field. Most frequently, the state will provide the relevant address fields, but usually not in
the precise manner. Therefore, it will be necessary to read in the data and see what is available.
library(foreign)
options(stringsAsFactors = FALSE)
##note: R markdown automatically sets the working directory as wherever it is located. When using base R, the cmd is as follows:
# setwd(dirname(rstudioapi::getActiveDocumentContext()$path))
wisconsin_vf <- read.csv("wisconsin_voterfile_sample.csv")
nrow(wisconsin_vf)

## [1] 1000
names(wisconsin_vf)

## [1] "voterregnumber" "lastname" "firstname"
## [4] "voterstatus" "voterstatusreason" "address1"
## [7] "address2" "ballotdeliverymethod" "ballotstatusreason"
## [10] "ballotreasontype" "electionname" "county"
head(wisconsin_vf)

## voterregnumber lastname firstname voterstatus voterstatusreason
## 1 710556760 ANDREW HILARY Active Registered
## 2 713639860 WALLIN Craig Active Registered
## 3 700674106 PITLIK Kelvin Active Registered
## 4 12124943 HEIN James Active Registered
## 5 51667964 FULMER Theresa Active Registered
## 6 700493498 SMITH Ryan Active Registered
## address1 address2 ballotdeliverymethod
## 1 1912 WEBSTER AVE EAU CLAIRE WI 54701-6647 Mail
## 2 2089 COOK DR SOMERSET WI 54025-7514 Mail
## 3 4710 SILENT SHORES DR RHINELANDER WI 54501-8649 Mail
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## 4 2189 IRONWOOD DR GREEN BAY WI 54304-1972 Mail
## 5 20 S CONCORD RD OCONOMOWOC WI 53066-2737 Mail
## 6 1670 S HURON RD APT 2 GREEN BAY WI 54311-8008 Mail
## ballotstatusreason ballotreasontype
## 1 Returned
## 2 Returned
## 3 Returned
## 4 Returned
## 5 Returned
## 6 Returned
## electionname county
## 1 2020 Spring Election and Presidential Preference Vote EAU CLAIRE
## 2 2020 Spring Election and Presidential Preference Vote ST. CROIX
## 3 2020 Spring Election and Presidential Preference Vote ONEIDA
## 4 2020 Spring Election and Presidential Preference Vote BROWN
## 5 2020 Spring Election and Presidential Preference Vote WAUKESHA
## 6 2020 Spring Election and Presidential Preference Vote BROWN

In the above example, we read in the Wisconsin voter file, with a unique observation for every registered
voter. There are a total of 1,000 observations. It is apparent that the address information is located in two
fields, address1 and address2. Therefore, we will want to combine them into a full address field. Additionally,
we will want to ensure that said field is all uppercase, which will make the geocoding string matching later on
more accurate.
library(stringr)
wisconsin_vf$full_addrs <- paste0(wisconsin_vf$address1, sep=", ", wisconsin_vf$address2)
wisconsin_vf$full_addrs <- str_to_upper(wisconsin_vf$full_addrs)
head(wisconsin_vf$full_addrs)

## [1] "1912 WEBSTER AVE, EAU CLAIRE WI 54701-6647"
## [2] "2089 COOK DR, SOMERSET WI 54025-7514"
## [3] "4710 SILENT SHORES DR, RHINELANDER WI 54501-8649"
## [4] "2189 IRONWOOD DR, GREEN BAY WI 54304-1972"
## [5] "20 S CONCORD RD, OCONOMOWOC WI 53066-2737"
## [6] "1670 S HURON RD APT 2, GREEN BAY WI 54311-8008"

It appears to be the case that we now have the necessary full address field. However, it would be a waste
to export the entire table as is. It might be the case that there are fewer than 1,000 unique addresses.
Additionally, there is no need to export all of the fields. Therefore, let’s slim down the data.
library(dplyr)

##
## Attaching package: 'dplyr'

## The following objects are masked from 'package:stats':
##
## filter, lag

## The following objects are masked from 'package:base':
##
## intersect, setdiff, setequal, union
wisconsin_vf <- subset(wisconsin_vf, select=c(full_addrs, county))
wisconsin_vf <- wisconsin_vf[!duplicated(wisconsin_vf$full_addrs), ]
nrow(wisconsin_vf)

## [1] 1000
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Figure 1: Adding the DBF to ArcMap

head(wisconsin_vf)

## full_addrs county
## 1 1912 WEBSTER AVE, EAU CLAIRE WI 54701-6647 EAU CLAIRE
## 2 2089 COOK DR, SOMERSET WI 54025-7514 ST. CROIX
## 3 4710 SILENT SHORES DR, RHINELANDER WI 54501-8649 ONEIDA
## 4 2189 IRONWOOD DR, GREEN BAY WI 54304-1972 BROWN
## 5 20 S CONCORD RD, OCONOMOWOC WI 53066-2737 WAUKESHA
## 6 1670 S HURON RD APT 2, GREEN BAY WI 54311-8008 BROWN
write.dbf(wisconsin_vf, "wisconsin_vf_sample.dbf")

In this case, we see that there were 1,000 unique addresses, so the number of rows are the same. However, we
now only have 2 columns, which is more than sufficient to merge the coordinate data later on. Now we can
export the file with the write.dbf() command, which exports the table as as dbf, which is the table formatted
file for ArcGIS.

Step 2: Geocoding in ArcGIS
MIT, along with pretty much all universities, have an ESRI license to ArcGIS products that any student,
faculty, or staff member can make use of. Upon opening up ArcMaps, add the dbf via the add data command,
as seen in Figure 1. This will allow us to make use of the file and geocode.
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After adding the data, the next step is to open the geocoding tool, which can be found in the ArcGIS toolbox.
The path is, Geocoding Tools > Geocoding Addresses, as presented in Figure 2.

Figure 2: Geocoding Toolbox location

In order to use the geocoding tool, however, it will be necessary to have an ESRI address locator. There are
a variety of types of locator files that can be used, to varying degrees of accuracy. Like most ESRI files, these
locator files have two component files. All must be present in order to use. The MIT GIS Lab has these
locator files available, and additional locators can be found in the Healthy Elections Dropbox. The locator
file structure is such that it includes a .loc/.lox and .xml file. With these available, it will be possible to load
in the locator file for the purpose of matching addresses to points. An example of the file structure can be
seen in Figure 3.

Figure 3: ESRI Locator File Structure

After confirming the presence of the necessary locator files, double click on the geocoding addresses toolbox
in order to open the graphic user interface. The interface can be seen in Figures 4 and 5. There will be four
fields of interest that the user needs to specify: (1) input table, (2) input address locator, (3) input address
fields, and (4) output feature class. The input table will be the dbf table of the voter file addresses that we
added in earlier on into ArcMap. The input address locator specifies the locator file that we wish to use. In
this case, we are using the USA locator file. The input address fields requests that the user specify whether
there is a single, or multiple fields, containing the relevant address information from the dbf. In our case, we
combined the address into a single field, therefore we will click single address, then under the right column,
Alias Name, select a drop down arrow to select the full_addrs column from the dbf that we created earlier.

Upon specifying these input fields, the final step is to scroll down the graphic user interface and select where
we wish to save the data. The output should be saved to a file geodatabase, which will ensure efficiency of
memory and communication between the several types of ESRI files that make up a full shape file. Upon
filling out all of the fields, click OK and run the geocoder. Note that while this data set has only 1,000
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Figure 4: Geocoding Interface top half

observations and will thus run quickly, voter files often contain millions of observations. This can easily take
several hours, so move onto other tasks and check back in later.

Figure 5: Geocoding interface bottom half

Upon the completion of the geocoding, we now see the addresses successfully geocoded and converted into a
shape file stored in the geodatabase, with the points mapped onto the interactive map, as presented in Figure
6. While it is technically possible to use the output as is, what we have is inefficient and requires the loading
of too many packages in R. Additionally, even if we read in these data, reading in too large of an ESRI shape
file can easily break R. Therefore, we instead need to export the table, which can then easily be converted
into a spatial dataframe in R.

We will first check to see which fields are present in the attribute table, which we can reach by right-clicking
the data on the left data panel, then select open attribute table. We only really need the X and Y coordinate
fields, in addition to some meta info on which locator geocoded the address, accuracy score, etc. However, as
seen in Figure 7, upon opening up the attribute table, we instead see dozens of fields as the geocoder decided
to merge all of the meta information onto our exported table. We will want to reduce the number of fields
present before exporting the table.

In order to reduce the number of fields, right-click the data in the data panel, select properties, then select
the fields column. The fields interface can be seen in Figure 8. We now see that all of the fields are selected,
which means that they are visible when opening up the attribute table. We instead only need a few fields,
therefore simply de-select the fields that are not necessary. For our purposes, we want the following:

Necessary fields:

• ObjectID - Not possible to export without this field present; will get an error otherwise.
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Figure 6: Geocoded output

Figure 7: Geocoded output

• Loc_name - Names the geocoder used to geocode the address. This is especially useful when using
composite locators and reporting procedures for purposes of replication.

• Score - The degree of confidence in the accuracy of the geocoding, with 100 as complete certainty, and
0 uncertainty.

• StName - A field that when empty, informs us that a postal geocoder was used, which is less precise
relative to other geocoders.

• X - The reported longitude.

• Y - The reported latitude.

• full_addrs - This is the primary field that will be used to merge the coordinates onto the voter file.

• county - In the event that the data is too large for a merge later on, this field will be used to subset
and merge the data via a loop.

After selecting the fields then clicking OK, we can go back to open the attribute table for the geocoded data.
We see that the table is now slimmed down with only the necessary data, as seen in Figure 9.

The final step is to export the data. To do so, after opening the attribute table, select the table options
button on the top left corner of the screen, then click the export option. The necessary windows are presented
in Figure 10. From there, click the folder icon in order to select the save location and name of the exported
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Figure 8: Geocoded output

Figure 9: Geocoded output

file. Once in the saving data window, select the drop down arrow for save as type, and select text file. From
there, type out the name for the file, and be certain to type out .csv at the end in order to save the file as a

7



csv. Select save in the Saving Data window, then select OK in the Export Data window. Now the table will
be saved to the specified location, and is ready to read into R.

Figure 10: Geocoded output

Step 3: Identfying Census Geographies
Now that the points are geocoded, it is possible to load in the .csv exported from ArcMap. The table contains
the relevant coordinate information that can be used to identify the racial geographic characteristics that can
be used to impute an individual’s race. Therefore, to start off with, read in the data.
wi_smpl_geocoded <- read.csv("wi_smple_geocoded.csv")
class(wi_smpl_geocoded)

## [1] "data.frame"
head(wi_smpl_geocoded)

## ObjectID Loc_name Score StName X Y
## 1 1 PointAddress 100 Cook -92.60723 45.16054
## 2 2 PointAddress 100 Silent Shores -89.37096 45.82521
## 3 3 PointAddress 100 Webster -91.47385 44.78840
## 4 4 PointAddress 100 Ironwood -88.08625 44.51026
## 5 5 PointAddress 100 Concord -88.50552 43.11230
## 6 6 PointAddress 100 Edinbourgh -88.18145 42.94171
## full_addrs county
## 1 2089 COOK DR, SOMERSET WI 54025-7514 ST. CROIX
## 2 4710 SILENT SHORES DR, RHINELANDER WI 54501-8649 ONEIDA
## 3 1912 WEBSTER AVE, EAU CLAIRE WI 54701-6647 EAU CLAIRE
## 4 2189 IRONWOOD DR, GREEN BAY WI 54304-1972 BROWN
## 5 20 S CONCORD RD, OCONOMOWOC WI 53066-2737 WAUKESHA
## 6 21401 W EDINBOURGH DR, NEW BERLIN WI 53146-4815 WAUKESHA
sum(is.na(wi_smpl_geocoded$X))

## [1] 0
length(which(wi_smpl_geocoded$X==0))

## [1] 0

We now have the data read in. Upon checking the coordinate field X via the is.na() and length(which())
commands, we see that there were no failures to match addresses to coordinates within our data. However,
note that we have a normal dataframe, not the necessary spatial object. However, thanks to the X and
Y coordinates, we can easily convert these data to a spatial object with the SP package in R. First, store
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the X and Y columns into their own dataframe object, in this case titled wi_coords. Next, use the
SpatialPointsDataFrame command to convert the data into a spatial dataframe. The required arguments are
the coordinates object, which will be used to create a mapped object, the data frame, which is the originally
read in table, and the projection system, which as default should be the WGS84 as written out below. Note
that there can be no NA coordinates present, or else the command will fail. Therefore, be certain to drop all
missing information before hand.
library(sp)

## Warning: package 'sp' was built under R version 4.0.2
wi_smpl_geocoded <- subset(wi_smpl_geocoded, is.na(X)==FALSE & X!= 0)
wi_coords <- subset(wi_smpl_geocoded, select=c(X,Y))
wi_vf_spdf <- SpatialPointsDataFrame(coords = wi_coords, data = wi_smpl_geocoded,

proj4string = CRS("+proj=longlat +datum=WGS84 +ellps=WGS84 +towgs84=0,0,0"))
class(wi_vf_spdf)

## [1] "SpatialPointsDataFrame"
## attr(,"package")
## [1] "sp"

We now see that we have the necessary spatial dataframe. The next step will be to overlay these data onto
Census geographies. For the BISG process, we can make use of either tracts or census blocks for imputing
race. For MEDSL purposes, we use tracts, given that there are fewer zero populated geographies that might
mess up the imputation. We will need a census polygon shape file, which can be found in the tracts folder.
Upon downloading the shape file, read it in with the readOGR command, which takes the arguments of the
directory path, and the name of the component files that make up the shapefile. Additionally, we will want
to ensure that the projection system for the tracts object is the same as our voter file point data, or else the
eventual overlay will be impossible.
library(rgdal)

## rgdal: version: 1.4-8, (SVN revision 845)
## Geospatial Data Abstraction Library extensions to R successfully loaded
## Loaded GDAL runtime: GDAL 2.2.3, released 2017/11/20
## Path to GDAL shared files: C:/Users/johna/Documents/R/win-library/4.0/rgdal/gdal
## GDAL binary built with GEOS: TRUE
## Loaded PROJ.4 runtime: Rel. 4.9.3, 15 August 2016, [PJ_VERSION: 493]
## Path to PROJ.4 shared files: C:/Users/johna/Documents/R/win-library/4.0/rgdal/proj
## Linking to sp version: 1.4-1
##the readOGR cmd is what reads in ERSI formatted files. The first argument is directory of the file, the second the naming scheme of the several ESRI associated files .
tracts <- readOGR(paste0(getwd(),sep="/","wi_tracts"),"cb_2018_55_tract_500k")

## OGR data source with driver: ESRI Shapefile
## Source: "F:\bisg_manual\wi_tracts", layer: "cb_2018_55_tract_500k"
## with 1396 features
## It has 9 fields
## Integer64 fields read as strings: ALAND AWATER
tracts<- spTransform(tracts, CRS=CRS("+proj=longlat +datum=WGS84 +ellps=WGS84 +towgs84=0,0,0"))
head(tracts@data)

## STATEFP COUNTYFP TRACTCE AFFGEOID GEOID NAME LSAD
## 0 55 087 011400 1400000US55087011400 55087011400 114 CT
## 1 55 087 940000 1400000US55087940000 55087940000 9400 CT
## 2 55 089 650102 1400000US55089650102 55089650102 6501.02 CT
## 3 55 003 950300 1400000US55003950300 55003950300 9503 CT
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## 4 55 079 012200 1400000US55079012200 55079012200 122 CT
## 5 55 079 013600 1400000US55079013600 55079013600 136 CT
## ALAND AWATER
## 0 3228389 0
## 1 157469765 25262
## 2 2479080 0
## 3 5615714 261219
## 4 498543 0
## 5 390900 0
class(tracts)

## [1] "SpatialPolygonsDataFrame"
## attr(,"package")
## [1] "sp"

We now have the CBG data read in as a spatial dataframe, and the projection is the same as the wi_vf_spdf
object. We can therefore finally move onto overlay the points onto the tracts object and figure out the census
demographics for each point. We will do this with the over() command from the sp package.
library(sp)
wi_vf_spdf$county <- over(wi_vf_spdf, tracts)$COUNTYFP
head(wi_vf_spdf$county)

## [1] "109" "085" "035" "009" "133" "133"
sum(is.na(wi_vf_spdf$county)) #nothing missing

## [1] 0
wi_vf_spdf$tract <- over(wi_vf_spdf, tracts)$TRACTCE
head(wi_vf_spdf$tract)

## [1] "120600" "970602" "000801" "940004" "204200" "201600"
sum(is.na(wi_vf_spdf$tract)) #nothing missing

## [1] 0
wi_vf_spdf$state <- "wi"
wi_vf_data <- wi_vf_spdf@data

We now have the tract and county ID fields from the census file, which gives us the necessary data to finally
run BISG.

Step 4: BISG
For BISG to work, we need to load the wru package, and install it if not already. From there, create a census
data object using the get_census_data() command, which makes use of the census API key to pull the
necessary data. For this tutorial’s purpose, the API data is already run and saved as the census_wi.Rdata
file. We only need the data for a single state, so specify the state abbreviation in upper case, and set age and
sex to FALSE. From there, load in the full voter file from earlier, specifying the full_addrs field if necessary
for the purposes of merging. Given the internal logic of the command we will later run, make certain that the
column with the last name information is renamed surname if not already. Then merge on the data from the
spatial dataframe that contains the census ID info.
library(foreign)
library(wru)
library(stringr)
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options(stringsAsFactors = FALSE)
###read in the census demographic data
###run this command to pull the data with the census API
#census.wi <- get_census_data(key = "b85306550d1fd788ddc045abfa6acf6ba7110abc",census.geo="tract",

# state = c("WI"), age = FALSE, sex = FALSE)

census.wi <- readRDS("census_wi.Rdata") #this is run for the purposes of the manual; use the get_census_data normally
wisconsin_vf <- read.csv("wisconsin_voterfile_sample.csv")
colnames(wisconsin_vf)[colnames(wisconsin_vf)=="county"] <- "COUNTY_NAME"
class(wisconsin_vf)

## [1] "data.frame"
wisconsin_vf$full_addrs <- paste0(wisconsin_vf$address1, sep=", ", wisconsin_vf$address2)
wisconsin_vf$full_addrs <- str_to_upper(wisconsin_vf$full_addrs)
###change column name lastname to surname
colnames(wisconsin_vf)[colnames(wisconsin_vf)=="lastname"] <- "surname"
###merge on the census point data onto the full voterfile
wisconsin_vf <- merge(wisconsin_vf, wi_vf_data, by="full_addrs")
## check for the missing observations and subset
wi_leftover <- subset(wisconsin_vf, is.na(tract)==TRUE)
wisconsin_vf <- subset(wisconsin_vf, is.na(tract)==FALSE)

After checking to ensure that there is no missing information, finally run the command predict_race(), where
the user will need to specify the census.data, level of geography, voter.file, and whether age or sex information
will be included. If there is any data where there is missing census ID information due to geocoding problems,
subset these into a leftover data frame, and use predict_race() with the surname.only set as TRUE. Upon
running the predict_race command, the output are several fields that are as follows:

predict_race() output

• pred.whi - The predicted probability (0 - 1 scale) that the individual is White.

• pred.bla - The predicted probability (0 - 1 scale) that the individual is Black.

• pred.his - The predicted probability (0 - 1 scale) that the individual is Hispanic.

• pred.asi - The predicted probability (0 - 1 scale) that the individual is Asian.

• pred.oth - The predicted probability (0 - 1 scale) that the individual is of some other race.
###run the BISG command

wisconsin_vf <- predict_race(voter.file = wisconsin_vf, census.geo = "tract", census.data = census.wi,
age = FALSE, sex = FALSE)

## [1] "Proceeding with Census geographic data at tract level..."
## [1] "Using Census geographic data from provided census.data object..."

## Warning in merge_surnames(voter.file): Probabilities were imputed for 105
## surnames that could not be matched to Census list.

## [1] "State 1 of 1: WI"
wisconsin_vf$surnameonly <- 0
head(wisconsin_vf)

## full_addrs voterregnumber surname
## 1 1389 RAIN DANCE TRL, NEKOOSA WI 54457-8696 51002116 GENZ
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## 2 827 18TH LN, ARKDALE WI 54613-9779 700838332 LEPINSKI
## 3 305 E 3RD ST APT 2, FRIENDSHIP WI 53934 700866789 HARPER
## 4 1200 11TH AVE W, ASHLAND WI 54806-3744 4007087 SIREK
## 5 213 W MICHIGAN ST APT 3, BUTTERNUT WI 54514 700881049 WALTENOSKY
## 6 2730 26 1/2 AVENUE, MIKANA WI 54857 4033483 WEISS
## firstname voterstatus voterstatusreason address1
## 1 Roland Active Registered 1389 RAIN DANCE TRL
## 2 Kenneth Active Registered 827 18TH LN
## 3 Janene Active Registered 305 E 3RD ST APT 2
## 4 April Active Registered 1200 11TH AVE W
## 5 Leah Active Registered 213 W MICHIGAN ST APT 3
## 6 KELLY Active Registered 2730 26 1/2 AVENUE
## address2 ballotdeliverymethod ballotstatusreason
## 1 NEKOOSA WI 54457-8696 Mail Returned
## 2 ARKDALE WI 54613-9779 Mail Returned
## 3 FRIENDSHIP WI 53934 Mail Returned
## 4 ASHLAND WI 54806-3744 Mail Returned
## 5 BUTTERNUT WI 54514 Voted In Person Returned
## 6 MIKANA WI 54857 Mail Returned
## ballotreasontype electionname
## 1 2020 Spring Election and Presidential Preference Vote
## 2 2020 Spring Election and Presidential Preference Vote
## 3 2020 Spring Election and Presidential Preference Vote
## 4 2020 Spring Election and Presidential Preference Vote
## 5 2020 Spring Election and Presidential Preference Vote
## 6 2020 Spring Election and Presidential Preference Vote
## COUNTY_NAME ObjectID Loc_name Score StName X Y county
## 1 ADAMS 346 PointAddress 100 Rain Dance -89.83567 44.20429 001
## 2 ADAMS 80 PointAddress 100 18th -89.93447 44.13847 001
## 3 ADAMS 523 PointAddress 100 3rd -89.81379 43.97125 001
## 4 ASHLAND 984 PointAddress 100 11th -90.88756 46.57751 003
## 5 ASHLAND 451 PointAddress 100 Michigan -90.49471 46.01330 003
## 6 BARRON 557 Postal 100 -91.61612 45.58600 005
## tract state pred.whi pred.bla pred.his pred.asi pred.oth
## 1 950100 wi 0.9878009 0.0000488547 0.002487171 0.0023885584 0.007274513
## 2 950202 wi 0.9861946 0.0003819906 0.007297621 0.0018384382 0.004287336
## 3 950400 wi 0.9016017 0.0527894087 0.014762806 0.0011751189 0.029670928
## 4 950300 wi 0.9614566 0.0003559463 0.001858334 0.0017048565 0.034624305
## 5 950700 wi 0.9379006 0.0015148643 0.016476912 0.0095794807 0.034528162
## 6 000100 wi 0.9905681 0.0001999805 0.003253083 0.0004630271 0.005515806
## surnameonly
## 1 0
## 2 0
## 3 0
## 4 0
## 5 0
## 6 0
##run these is there is missing tract info
#wi_leftover <- predict_race(wi_leftover, surname.only = TRUE)
#wi_leftover$surnameonly <- 1

###binding the data together
#wisconsin_vf <- rbind(wisconsin_vf,wi_leftover)
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saveRDS(wisconsin_vf, "wi_smpl_bisg.Rdata")
write.csv(wisconsin_vf, "wi_smpl_bisg.csv",row.names = FALSE)

We now finally have our results! From here, make certain to save the data, lest you have to rerun all of this
again. Finally, when using the output, be certain to sum the predicted racial probabilities up to a level of
geography at the county/jurisdiction level or higher. That is because the purpose of BISG is to correct for
biases inherent to ecological inference. With these results, the user will be able to more accurately estimate
racial turnout and its effect on election outcomes of interest. From there, run the requested analyses of
interest.

BISG with ZIP Codes
As seen above, the process by which to geocode is lengthy. Geocoding a full voter file with the full suite of
geocoders can take several days. Therefore, using the smallest level of publicly known geography might be a
way to bypass geocoding altogether. Within the United States, ZIP codes are such a unit and are comparable
to Census tracts. The following is an extension package for the CRAN WRU BISG package.

The package, zipWRUext2, simply needs a cleaned 5 digit zip code and individual surname to impute race.
The user needs only provide the data frame, whether ACS or Census data should be used, year for the data,
and name of the relevant fields. From there, it is possible to impute probabilities without the need to geocode.
###run the BISG command
## Step 0: Run this installation command to install from github
#devtools::install_github("https://github.com/jcuriel-unc/zipWRUext", subdir="zipWRUext2")

# First, load in package
library(zipWRUext2)
#second load in data. For the purposes of illustration, we will use the Wisconsin data pre loaded in the package
wi_data <- zipWRUext2::wi_data

##third, check the names of the fields within the data
names(wi_data)

## [1] "voterregnumber" "lastname" "firstname"
## [4] "voterstatus" "voterstatusreason" "address1"
## [7] "address2" "ballotdeliverymethod" "ballotstatusreason"
## [10] "ballotreasontype" "electionname" "county"
## [13] "zcta5"
#fourth, check the syntax of the primary command, zip_wru
?zip_wru

## starting httpd help server ... done
#fifth, run the command

wi_data2 <- zip_wru(wi_data, state="WISCONSIN", type1="acs", year1="2018", zip_col="zcta5", surname_field = "lastname")

## Warning in wru::merge_surnames(dataframe1): Probabilities were imputed for 102
## surnames that could not be matched to Census list.
##sixth, check the races of voters by summing the probabilities
wi_races <- wi_data2 %>% summarise(white=sum(pred.whi), black=sum(pred.bla), hispanic=sum(pred.his), asian=sum(pred.asi), other=sum(pred.oth))
wi_races/nrow(wi_data2) # get proportions

## white black hispanic asian other
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## 1 0.8453544 0.05098989 0.05339853 0.02788526 0.02237193

Validations of race using voter files reveal ZIP codes to be as accurate as BISG with Census tracts. The
working paper can be provided upon request.

Conclusion
While the BISG process is lengthy, it offers far higher quality data than the quicker alternatives. Note that
the process entirely depends upon quality address information, or ZIP codes for the short cut method. Some
states, especially addresses from college residence halls, homeless shelters, Native American reservations,
or very rural areas, can lead to problems with imputation. That said, the end product is the best option
compared to other alternatives. Several steps to catch some of these issues were glossed over by instead
offering the predict_race() command with the surname.only option set as TRUE. For more information, see
the appendix to this manual for instructions on alternative geocoding steps, issues with large data and more.
For any questions, please contact John A. Curiel at jcuriel.unc@gmail.com. I hope that this manual as helpful
in your BISG adventures!
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