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ABSTRACT

Objective: We sought to assess the quality of race and ethnicity information in observational health databases,
including electronic health records (EHRs), and to propose patient self-recording as an improvement strategy.
Materials and Methods: We assessed completeness of race and ethnicity information in large observational
health databases in the United States (Healthcare Cost and Utilization Project and Optum Labs), and at a single
healthcare system in New York City serving a racially and ethnically diverse population. We compared race and
ethnicity data collected via administrative processes with data recorded directly by respondents via paper sur-
veys (National Health and Nutrition Examination Survey and Hospital Consumer Assessment of Healthcare Pro-
viders and Systems). Respondent-recorded data were considered the gold standard for the collection of race
and ethnicity information.

Results: Among the 160 million patients from the Healthcare Cost and Utilization Project and Optum Labs data-
sets, race or ethnicity was unknown for 25%. Among the 2.4 million patients in the single New York City health-
care system'’s EHR, race or ethnicity was unknown for 57%. However, when patients directly recorded their race
and ethnicity, 86% provided clinically meaningful information, and 66% of patients reported information that
was discrepant with the EHR.

Discussion: Race and ethnicity data are critical to support precision medicine initiatives and to determine
healthcare disparities; however, the quality of this information in observational databases is concerning. Patient
self-recording through the use of patient-facing tools can substantially increase the quality of the information
while engaging patients in their health.

Conclusions: Patient self-recording may improve the completeness of race and ethnicity information.
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INTRODUCTION

Race and ethnicity information has long been collected by hospitals
in the United States."? These data are collected for many reasons,
including for clinical, administrative, and research purposes. Clini-
cally, race and ethnicity information are commonly used for estimat-
ing disease risk>> and assessing racial and ethnic health
disparities.® From an administrative standpoint, the Centers for
Medicare and Medicaid Services, through the Meaningful Use incen-
tive program, requires standardized collection of patients’ race and
ethnicity. This is because race and ethnicity are a part of a patient’s
socioeconomic status, which has been considered as a method for
risk adjusting in payment reform.'® From a research perspective,
studies frequently report patients’ demographic information, includ-
ing race and ethnicity.

Race and ethnicity can be collected from patients in a variety of
formats and by a variety of personnel. This information is often col-
lected either verbally and documented in the EHR, or through
patient-facing tools, such as intake forms completed during a clinical
encounter, and then transcribed from intake forms into the EHR.!
However, there are many challenges to the collection of race and
ethnicity information that may degrade the quality of this data in
the EHR."'"'® One reason may be that cultural insensitivity and
lack of understanding of the importance of race and ethnicity infor-
mation are major challenges to collecting race and ethnicity infor-
mation in the hospital setting. Verbally asking patients their race
and ethnicity can be an uncomfortable situation for both healthcare
workers and patients.'” A previous study conducted in 2014
reported that registration personnel felt inadequately trained to ask
patients’ race and ethnicity.'® Second, there is a lack of understand-
ing of why this information is collected and how it will be used. A
study conducted in 2005 showed that information that is not known
to be used by others is not accurately collected.'” Registration per-
sonnel are often unaware of the importance of race and ethnicity
and also do not know who uses the information. This lack of aware-
ness presents a barrier to registration personnel asking patients their
race and ethnicity. From a patient’s perspective, the question is often
unexpected and may not come with an explanation of how the infor-
mation will be used and why it is important.

In the United States, there has been efforts to standardize the
data structures for storing race and ethnicity information. The
Meaningful Use program specified that race and ethnicity data col-
lection should follow the standard developed by the Office of Man-
agement and Budget (OMB).>® According to this standard, race and
ethnicity information can be collected in either a single-question or
in a 2-question format. Race includes “American Indian or Alaska
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Native,” “Asian,” “Black or African American,” “Native Hawai-
ian or Other Pacific Islander,” or “White,” and ethnicity is de-
scribed as “Hispanic or Latino” or “Not Hispanic or Latino.”
Furthermore, the OMB also established that patient-provided in-
formation is considered the gold standard for the collection of race
and ethnicity data. Given these standards and expectations, there
has been little effort to compare race and ethnicity information di-
rectly recorded by patients with the corresponding data stored in
the EHR.

With approval of our Institutional Review Board, we undertook
a study to evaluate the completeness of race and ethnicity data na-
tionally as well as in a large healthcare system in New York. We
also analyzed how the quality of this information changed over
time, as well as the impact of patients’ participation in reporting
their race and ethnicity directly via paper survey.

MATERIALS AND METHODS

Data

U.S. national databases

We analyzed data from 2 large observational health databases: the
Healthcare Cost and Utilization Project (HCUP) and the Optum
Labs Data Warehouse. The HCUP database is a hospital transac-
tional database created by Agency for Healthcare Research and
Quality that includes over 90 million inpatient, emergency visits,
and ambulatory surgery encounters from multiple hospitals in the
United States.>! The Optum Labs Data Warehouse is an administra-
tive claims database of more than 70 million commercially insured
and Medicare Advantage enrollees, with greatest representation in
the Midwest and South U.S. census regions.?>*

We examined HCUP data from 2000 to 2011 and Optum data
from 2000 to 2016. The 2 databases stored race and ethnicity infor-
mation using slightly different categories. Both included “White,”
“Black or African American,” “Hispanic or Latino” and
“Unknown” as categories, so we only included only these 4 options
and reported the remaining groups collectively as “Other.” These
race and ethnicity categories were collected throughout the study pe-
riod for all databases. Both databases include data from multiple
institutions and each institution might collect race and ethnicity
data using different approaches. Some might ask patients for their
race and ethnicity information verbally while others might use regis-
tration forms; however, this information is not available as part of
these datasets. A detailed description of these datasets, including the
categories used to collect race and ethnicity information, sample size
and timeframes, is shown in Table 1.

In addition to the HCUP and Optum databases, we examined
the dataset generated from the National Health and Nutrition Ex-
amination Survey (NHANES). NHANES collects data from 5000
U.S. adults and children per year.>* Among other information, it col-
lects race and ethnicity in a single-question format, with the re-
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sponse coded as “White,” “Black or African American,” “Hispanic
or Latino,” “Not Hispanic or Latino,” or “Unknown.” We used
NHANES data from 1999 to 2011 as a source of respondent-

recorded race and ethnicity data.

Academic healthcare system in New York city
We conducted a retrospective analysis of race and ethnicity data
recorded for patients that had at least 1 inpatient, outpatient, or
emergency department visit from January 2014 to December 2015
at an academic health system that serves a racially and ethnically di-
verse population in 10 hospital campuses in and around New York
City, including a quaternary care hospital. The Ambulatory Care
Network consists of 14 primary care practice sites and more than 50
specialty care clinics. The academic health system provides millions
of visits annually, including 2.2 million outpatient visits, 286 000
emergency department visits, and 126 000 inpatient discharges.
Race and ethnicity data were collected by the health system in 1
of 2 ways: (1) patients completed paper forms as part of the registra-
tion process, which were then transcribed into the EHR by a regis-
tration clerk or (2) registration clerks verbally asked patients about
their race and ethnicity. To collect race and ethnicity, the health sys-
tem used a 2-question format, the first field capturing the patient’s
race (“American Indian or Alaska Native,” “Asian,” “Black or Afri-
can American,” “Native Hawaiian or Other Pacific Islander,”
“White,” “Unknown,” “Other,” or “Declined to Answer”) and the
second field capturing the patient’s ethnicity (“Hispanic or Latino,”
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Table 1. Description of the data sources, including time frames and race and ethnicity categories

Dataset Description Time frame

Black or African White
American (%) (%)

Hispanic or Other race Unknown
Latino (%) (%) race (%)

Patients

Observational health databases
HCUP HCUP is a hospital transactional
database that includes inpatient

2000-2011

and emergency visits

OPTUM  Health claims database for members
of United Healthcare, which
includes patients enrolled in com-
mercial plans, Medicaid, and Leg-
acy Medicare Choice

Data from the EHR of an academic
healthcare system in New York
City including inpatient, outpa-

2000-2016

EHR?® 2014-2015

tient, and emergency department
visits

Patient-provided databases

NHANES NHANES is a database from a na-
tional survey that includes both
adult and children information

HCAHPS* HCAHPS is a database from a survey
regarding patient satisfaction sent
to patients via U.S. mail after a

1999-2011 (biennially)

2014-2015

hospitalization

91983 358

73992 364

10.75 52.13 9.40 2.42 25.31

7.45 53.21 9.69 3.64 26.00

2338421 6.09 23.55 9.51 10.82 59.54

71916 23.82 38.30 24.24 7.24 6.40

25308 9.02 63.85 5.16 12.00 13.71

*Numbers do not sum to 100% because race and ethnicity were collected separately.
EHR: electronic health record; HCAHPS: Hospital Consumer Assessment of Healthcare Providers and Systems; HCUP: Healthcare Cost and Utilization

Project; NHANES: National Health and Nutrition Examination Survey.

“Not Hispanic or Latino,” “Declined to Answer,” or “Unknown”).
Race and ethnicity information were collected at every encounter
and stored in a centralized location in the EHR.

From the same academic health system, we examined data from the
Hospital Consumer Assessment of Healthcare Providers and Systems
(HCAHPS) Survey administered to patients who had a hospital stay
from January 2014 to December 2015. The HCAHPS Survey was sent
via U.S. mail after hospital discharge and patients directly recorded
demographics information. To collect race and ethnicity, the survey
used a 2-question format, with 1 field capturing race (“White,” “Black
or African American,” “Asian,” “Native Hawaiian or other Pacific
Islander,” “American Indian or Alaska Native”) and the second field
capturing ethnicity (Hispanic or Latino origin or Not Hispanic).

Analysis

As each data source collected race and ethnicity using different catego-
ries, we described groups that were available in all data sources and
reported the remaining groups collectively as “Other racial and ethnic
groups.” We performed descriptive statistics for “White,” “Black or Af-
rican American,” “Hispanic or Latino,”
Respondents classified as “Unknown” or
Answer” were considered to have clinically uninformative data; we com-

>

and “Other racial and ethnic
“Declined to

>

groups.’

bined these categories into a larger group designated as “uninformative”
for further analysis. Completeness was assessed based on the percentage
of “uninformative” race and ethnicity in the database. Using EHR data,
we also calculated descriptive statistics on the frequency of race and eth-
nicity pairs, as these 2 fields are highly correlated.

Changes in race and ethnicity information in the EHR
We analyzed changes to race and ethnicity recorded for the same pa-
tient over multiple visits, using system logs from the EHR. Patients

with 2 or more visits during the study period were included in this
analysis. We reported descriptive statistics on changes of race and
ethnicity pairs over time.

A race and ethnicity pair was recorded during each clinical en-
counter. To quantify the frequency of changes recorded for a
patient’s race and ethnicity, each race and ethnicity pair was scored
based on the amount of information it contained. Race and ethnicity
pairs were broken down into concept pairs, with one concept for
race and another for ethnicity, and each concept was scored individ-
ually. Each informative concept received a score of 1 and each unin-
formative concept received a score of 0. For example, “White,”
“Hispanic” would receive a score of 2 because both the race and
“White” with
“Unknown” ethnicity would receive a score of 1 and “Unknown”

ethnicity concepts are informative. Likewise,
race, “Unknown” ethnicity received a score of 0. The scores were
compared for each pair chronologically.

The changes in the content of the race and ethnicity pairs were
classified as information loss, neutral, or information gain. If the pa-
tient had the same score in the previous and current visit (ie, the dif-
ference between the previous and current race and ethnicity score
was 0), it was considered to be neutral. If the score from the second
visit was greater than the previous visit, it was considered informa-
tion gain. Finally, if the score from the second visit was less than the
previous visit, it was considered information loss. We reported de-

scriptive statistics of the aggregated scores.

Comparison with respondent-recorded data

We assumed respondent-recorded data to be the reference standard
for race and ethnicity data collection. To assess differences between
respondent-recorded race and ethnicity information and data from
observational databases, we evaluated race and ethnicity reported in
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the NHANES survey and the HCAHPS survey. As with the national
observational databases, we reported the percentage of respondents
with uninformative race and ethnicity data. Because we had patient-
level data from the New York academic healthcare system from
both the EHR and the HCAHPS survey, we also reported the con-
cordance between the patient’s race and ethnicity information in the
EHR and the self-recorded from HCAHPS.

Comparison to census data

To assess how well the data from the EHR and the HCAHPS survey
represented the population of the community in which the academic
health system was located, we compared the EHR and HCAHPS
race and ethnicity distribution by zip code of the patient’s home ad-
dress to the race and ethnicity distribution for that zip code as
reported by the U.S. Census from the American Community Survey
5-Year Demographic and Housing Estimates. For each zip code, we
calculated the percent difference between the U.S. Census data and
the EHR data for each race and ethnicity category. For this analysis,
we included zip codes that had at least 50 patients in the EHR and
HCAHPS data.

RESULTS

U.S. national databases

There were 165 975 722 combined patient records in the HCUP and
Optum databases. Of these, 25.3% and 26.0%, respectively, had
uninformative race and ethnicity (Table 1). There were 71 916
records in the NHANES survey, and only 6.4% contained uninfor-
mative race and ethnicity.

Local healthcare system in New York city

In the New York academic health system, 2 338 421 patients had at
least 1 visit during the 2-year study period. As shown in Table 1,
57.9% of patients did not have race or ethnicity identified in the
EHR. The distribution of all race and ethnicity pairs is described in
Table 2.

Changes in race and ethnicity information in the EHR
We identified 1 205 796 patients who had more than 1 visit to the
academic health system.

There were 161 114 modifications made to race or ethnicity
fields in the EHR for 147 061 distinct patients (12.0% of total popu-
lation). There were 0.13 changes to race and ethnicity fields made
per patient, on study period
(maximum =18).

average, over the 2-year

Modifications to race or ethnicity often improved completeness
(ie, a change was made from an “uninformative” concept to a spe-
cific race or ethnicity category), but this was not always the case.
Overall, we observed that 47.0% of the changes made in race and
ethnicity improved completeness (information gain), 35.8% of the
changes resulted in information loss, and 17.2% of the changes
were information neutral.

The most frequent change resulting in information gain was an
update of previously documented race “Unknown” and ethnicity
“Hispanic” to race “Other race” and ethnicity “Hispanic”; the most
frequent change resulting in information loss was a modification
from race “White” and ethnicity “Not Hispanic” to race
“Unknown” and ethnicity “Unknown”; and last, the most frequent
change that did not affect the amount of race and ethnicity

Table 2. Frequency of race and ethnicity pairs in the academic
health system electronic health record

Ethnicity
Hispanic or ~ Not Hispanic ~ Uninformative
Race Latino (%) or Latino (%) (%)
Asian 0.05 1.28 1.78
Black or African 0.70 3.00 2.39
American
White 3.27 9.51 10.77
Native Hawaiian 0.10 0.07 0.06
or Pacific Islander
American Indian or <0.01 0.04 0.08
Alaska Native
Other 2.46 0.90 4.00
Uninformative 2.92 2.74 53.88

information collected was an update from race “White” and ethnic-
ity “Hispanic” to race “Other” and ethnicity “Hispanic.”

Comparison to patient-recorded data

During the study period, there were 27 108 HCAHPS surveys com-
pleted. A small number of these patients (n=1255, 4.9%) com-
pleted the survey more than once, and 356 patients had conflicting
self-recorded race and ethnicity information. This led to 25 664
unique patients who responded to the HCAHPS survey. Excluding
patients who had conflicting self-reported information, 86.3% of
the remaining 25 308 patients provided informative race or ethnicity
data.

There were 25 014 patients had race and ethnicity information
available from HCAHPS surveys and in the EHR. Among these
patients, 16 625 (66.5%) patients recorded race or ethnicity infor-
mation that was discordant with data recorded in the EHR. Table 3
provides a list of the most common discrepancies between EHR and
self-reported race and ethnicity data. While 6540 had both race and
ethnicity as “uninformative” in the EHR, self-reported data pro-
vided meaningful race or ethnicity information for 5533 of these
patients, 84.6% of patients that did not otherwise have meaningful
information recorded.

Comparison with U.S. Census data

There were 44 zip codes with more than 100 patients in the EHR
and HCAHPS datasets. When comparing the distribution of race
and ethnicity categories among the EHR, HCAHPS, and U.S.
Census datasets, we observed that, on average, the EHR data con-
tained a higher proportion of uninformative race than the U.S. Cen-
sus (63% vs 14%) (Figure 1). However, when performing the same
comparison using patient-reported information, we observed that
the rate of uninformative race in the HCAHPS dataset was similar
to the U.S. Census dataset (18.1% vs 14%) (Figure 1). Supplemen-
tary Table 1 contains the distribution of race and ethnicity catego-
ries for each borough from zip codes included in the analysis.

DISCUSSION

Accurate collection of race and ethnicity information is key to recog-
nizing disparities that affect racial and ethnic minority pop-
ulations.®™ Furthermore, this information can be used to perform
disease risk assessment both for individuals and populations.>=
Despite its importance, previous studies have reported challenges in
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Table 3. The 10 most common discrepancies between EHR and self-reported data

Self-recorded race EHR race Self-recorded ethnicity EHR ethnicity Frequency (%)
White Uninformative Not Hispanic Uninformative 20.54
White White Not Hispanic Uninformative 19.92
White Uninformative Not Hispanic Not Hispanic 6.88
Uninformative Uninformative Uninformative Hispanic 4.00
Uninformative White Uninformative Not Hispanic 3.06
White Uninformative Uninformative Uninformative 2.98
Asian Asian Not Hispanic Uninformative 2.53
Asian Uninformative Not Hispanic Uninformative 2.45
Black Uninformative Not Hispanic Uninformative 2.33
Uninformative White Uninformative Hispanic 2.26
EHR: electronic health record.
Source Race/Ethnicity
Census White 58.2%
Black 12.5%
Hispanic
Uninformative race 14.0%
EHR White N 25 o
Black - 5.7%
Hispanic _ 12.4%
Uninfomative race [ 5 '
HAHPS Wi I -
Black | ERd
Hispanic | B

Uninformative race _ 18.1%

0.0% 10.0% 20.0% 30.0%

400% 50.0% 60.0% 70.0% 80.0% 90.0%
Avg

Figure 1. Comparison of the average U.S. Census, electronic health record (EHR), and Hospital Consumer Assessment of Healthcare Providers and Systems
(HCAHPS) racial and ethnic distribution among 44 zip codes that contained at least 100 patients in the EHR and HCAHPS datasets.

collecting race and ethnicity data.''"'® For example, a study con-
ducted in 2015 reported data quality issues by comparing patients’
race and ethnicity information from different data sources within
the same institution. "

In our study, a large proportion of patients did not have informa-
tive documentation regarding their race and ethnicity, either in the
national observational databases or in the urban academic health
system. Our findings suggest that it is still challenging to capture
this information despite the collection of race and ethnicity data be-
ing required as part of the U.S. Meaningful Use program. When ana-
lyzing race and ethnicity data in the EHR from a single institution,
changes over time did not always improve the data quality of race
and ethnicity. Indeed, information loss occurred in 35.8% of
updates.

Previous studies have illuminated some of the challenges of
obtaining race and ethnicity from patients in the healthcare delivery
setting. First, verbally asking patients their race and ethnicity may
be perceived as a sensitive topic by both hospital personnel and
patients.'”'® Second, there is a general lack of understanding of
why this information is collected and how it will be used.'” This
lack of understanding poses a barrier to registration personnel ask-
ing patients their race and ethnicity. From the patients’ perspective,
the question is often unexpected and may not be framed with an ex-
planation of how the information will be used and why it is impor-
tant. However, when comparing the quality of patients’ race and
ethnicity data from the EHR and matched HCAHPS survey

responses, this study found that the surveys dataset had fewer unin-
formative responses. This suggests that patients may be more willing
to provide their information when they are able to directly record
this information.

Some have argued that collecting race and ethnicity in the health-
care setting is increasingly unnecessary in the context of inexpensive
genetic testing.”® Race and ethnicity have been used in medicine as a
proxy to genetics. However, it is well established that traits occur in
gradients rather than in predetermined race categories. Currently,
with the increased number of mixed populations, heritage can be
more informative than the racial category itself. Heritage provides
information about how an individual is related to others in their ge-
nealogical history, which is directly related to genomic heritage.?®
Interestingly, many Hispanic patients did not seem to consider them-
selves to belong to any of the OMB-defined race categories, as the
majority identified their race as “Other” and their ethnicity as
“Hispanic or Latino” when self-recording. Such phenomena have
been previously described,'®2”>? and this behavior raises questions
about the efficacy of the 2-question format (ie, collecting race and
ethnicity as separate fields) that is now widely used, as well as the
meaning of the constructs of “race” and “ethnicity” for patients.

Additionally, with the improvements in genetics and the de-
creased cost of genetic testing, in the foreseeable future, we could
rely on genetic testing instead genetic proxies for determination of
disease risk. However, genetic testing availability will not facilitate
the elimination of health disparities that have social determinants.
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Therefore, until health equity is achieved, collection of race and eth-
nicity data along with other social determinants of health may still
be necessary.

Until we transition to an era of ubiquitous genetic testing and
health equity, one way to improve the quality and completeness of
patient demographics in electronic health records is to allow patients
to review and request updates to their information. In our study,
both sources of respondent-recorded information, NHANES and
HCAHPS, had high rates of completeness for race and ethnicity,
with only 6.4% and 7.1% of the records documented as
“Unknown,” respectively. This finding suggests that respondents are
willing to provide and directly record their race and ethnicity infor-
mation when they have the opportunity to do so. Additionally, pro-
viders may document race and ethnicity information as part of the
clinical note instead of using the structured fields, which might par-
tially explain the difference in completeness between survey and ob-
servational datasets.>’

A study conducted at one Veterans Affairs Medical Center com-
pared patient-recorded race and ethnicity information to the data
available in the EHR. Investigators mailed 300 surveys to select
patients that received care primarily at the Veterans Affairs clinic.
Of the completed surveys, 15.7% contained race and ethnicity infor-
mation discordant from the EHR.'* We compared race and ethnicity
information available in the EHR to data from HCAHPS survey.
Among patients with survey data, 86.3% provided informative race
and ethnicity information and 66.5% of the answers were discor-
dant with the EHR data. More than 84% of patients with uninfor-
mative race and ethnicity in the EHR provided meaningful
information in the survey.

Patient-facing tools give patients the opportunity to fill out or re-
view their information directly, removing some of the cultural sensi-
tivity of having someone verbally asking for this information. A
previous study demonstrated improvement in race and ethnicity
data quality after using a custom patient portal application on a tab-
let computer to allow patients to review their demographic
information.>!

Our findings suggest that patient-facing tools that allow patients
to record race and ethnicity information before, during, or after
their healthcare encounters could markedly improve data quality.
This could be accomplished in many ways, but one useful method is
to use patient portals. When using technology to collect patient’s
data, it is critical to consider health and eHealth literacy of the
patients. Further, healthcare institutions should be mindful of af-
fordability and equitable access to the digital services or tools of-
fered, preventing a potential “digital divide,” which has been
previously described in the context of patient portal use.’®3%3% In
addition to investigating methods for patients to self-record race and
ethnicity information, future work should investigate how patients
self-identify to determine how to best capture this information, and
potentially revise the currently used race and ethnicity categories.
Further work should also explore the discrepancies between staff-
reported vs self-recorded race, as those discrepancies may demon-
strate internal and external biases, which ultimately affects the qual-
ity of the information collected. Additionally, people’s perceptions
on how race and ethnicity information will be used might lead to
discrepant answers in different scenarios.

In summary, race and ethnicity provide valuable information for
precision medicine and critical information for efforts to eliminate
socially determined health disparities. However, the quality of these
data is concerning. While the use of genetics is not feasible at a pop-
ulation level, the use of patient-facing tools has the potential of dra-

matically improving its quality and ultimately facilitate disease risk
assessment and identification and monitoring of health disparities.

This study has several limitations. The data from HCUP and
Optum were deidentified; therefore, patients may be represented in
the database more than once. The datasets only captured 1 race and
1 ethnicity for each patient, not capturing cases in which patients
might self-identify as more than 1 race or ethnicity. Not all data-
bases captured Native American/Alaska Natives and Pacific Is-
lander/Native Hawaiian individuals; therefore, these individuals
were treated as “Other” in the analysis. Additionally, each one of
the institutions included as part of the observational databases
might use a different approach for collecting race and ethnicity data,
including patient-facing forms; however, this information is not
available for analysis.

CONCLUSION

Our study demonstrates that collection of race and ethnicity, partic-
ularly among diverse populations, can be problematic. Poor data
quality for race and ethnicity can negatively impact clinical care
decisions that are based on disease risk-adjustment models incorpo-
rating race and ethnicity. Moreover, incomplete or inaccurate race
and ethnicity data prevent public health professionals and policy-
makers from measuring and reducing racial and ethnic healthcare
disparities. To address these challenges, we recommend that patient-
recorded data be used to improve quality and completeness of race
and ethnicity.
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