RAND

CORPORATION

When Race/Ethnicity Data Are Lacking

Using Advanced Indirect Estimation Methods to Measure

Disparities

Allen Fremont, Joel S. Weissman, Emily Hoch, and Marc N. Elliott

A key aim of U.S. health care reforms is to ensure equitable
. Key findings care while improving quality for all Americans. Limited race/
ethnicity data in health care records hamper efforts to meet this

* Most health plans and delivery systems lack complete goal. Despite improvements in access and quality, gaps persist,

race/ethnicity data, hampering their efforts to roufinely particularly among persons belonging to racial/ethnic minority

monitor health utilization, track quality measures by and low-income groups

racial/ethnic group, and effectively target community- For example, most health plans lack race/ethnicity data

based interventions. on most of their enrollees, making monitoring of racial/ethnic

o _ . differences in care impractical. While other entities, such as
® RAND's indirect estimation method, known as Bayesian P ’

hireved Sumene Gesesding [BI5E], aen predes hospitals or state Medicaid programs, collect race/ethnicity

. : o data on more of their patients, the information is often missing
accurate estimates of racial/ethnic disparities within

selalions served wiien selioaered das @ or unreliable. Consequently, despite health plans and delivery

systems routinely monitoring and reporting quality measures

locking. for their overall population, tracking quality scores by racial/
* The BISG method is intended to estimate differences at ethnic group is uncommon.

the group or population level; greater caution should be Health plans and delivery systems are working to collect

used in classifying specific individuals’ race/ethnicity. self-reported race/ethnicity information for all persons they

serve, but it will take several more years, at least, to fully popu-

late their files.

NEWER INDIRECT ESTIMATION METHODS

Recent advances in estimating race/ethnicity and improvements in accuracy have led the Institute of Medi-
cine (IOM) and other entities to recommend using indirect estimation methods to produce probabilistic
estimates when self-reported race/ethnicity data are not available for monitoring health care utilization.
RAND Corporation’s method, known as Bayesian Improved Surname Geocoding (BISG), exemplifies
newer estimation approaches recommended by the IOM. The method is optimized to produce accurate and
reliable estimates at the group or population level rather than classifying each individual as belonging to a specific
racial/ethnic group. It combines information about a person’s likely race/ethnicity from the U.S. Census
Surname list with information about the racial/ethnic composition of the neighborhood (i.e., Census Block
Group) they live in. BISG can be used with any administrative data files that include a person’s last name

(i.e., surname) and residential address.
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The method produces a set of probabilities that a given
person belongs to each of six mutually exclusive racial/ethnic
groups: Black, Asian/Pacific Islander, Hispanic, White, Ameri-
can Indian/Alaska Native, and Multiracial. The probabilities for
each person can then be added or averaged across any subgroup
of patients to produce counts and proportions, respectively, and
thus can be used to compare performance rates on quality, cost,
or access measures between different racial/ethnic groups. BISG
probabilities can also be used with standard statistical methods,
such as multivariate regression analyses, to examine the rela-
tionship between race/ethnicity and quality of care when such

other factors as age, gender, and income are taken into account.

ACCURACY OF NEWER ESTIMATES

Numerous validation studies have shown that BISG and related
methods have an excellent ability to measure race/ethnicity.
Concordance between self-reported race/ethnicity and BISG
estimates is typically 90 to 96 percent for the four largest racial/
ethnic groups—Blacks, Asians/Pacific Islanders, Hispanics,
and Whites. Estimates are less accurate and not recommended,
however, for American Indians/Alaskan Natives and Muldi-
racial persons, due to small numbers.

BISG estimates also compare well to self-reported race/
ethnicity with respect to group-level results. For instance, the
percentage of health plan members belonging to each of the
four major racial/ethnic groups is similar whether self-reported
race/ethnicity or BISG estimates are used to calculate percent-
age. BISG performs even better when estimating disparities, its
primary intended purpose. Disparities calculated based on self-
reported race/ethnicity and BISG estimates typically are within
a few percentage points in size.

For example, Figure 1 compares rates at which diabetic
patients belonging to the four major racial/ethnic groups
received a recommended test in a commercial HMO plan.
Regardless of whether self-reported race/ethnicity or indirect
estimates for those patients are used, the calculated rates and
gaps between different racial/ethnic groups are essentially the
same.

The most accurate estimates of overall disparities or racial/
ethnic composition are obtained by combining, rather than replac-
ing, available race/ethnicity with indirect estimates. For instance,
if an individual self-reports his or her race/ethnicity as Black (non-

Hispanic), the estimates would be revised to show that this

Figure 1. Differences in HbA1C Testing Among
Diabetic Members, by Race/Ethinicity
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individual has a probability of “1” (i.e., 100-percent probability) of
being Black, and a probability of “0” (i.e., no chance) of belonging

to the other race/ethnicity groups, and so on.

USES OF INDIRECTLY ESTIMATED
RACE/ETHNICITY

A growing number of health care organizations have begun
routinely using methods like BISG to add or refine race/
ethnicity information in their data files. The primary users thus
far have been large national and regional health plans (e.g.,
Anthem, Cigna, Highmark, Kaiser) though some public agen-
cies, including the Center for Medicare and Medicaid Services
(CMYS), and various research organizations also use BISG.

BISG estimates can avoid a potential bias when calculating
performance measures based only on the subset of patients with
self-reported race/ethnicity, since the subset may differ from
other patients in ways that impact disparities. For instance,
many plans obtain race/ethnicity information when members
fill out optional health risk assessments on their online patient
portal. Minority patients who use the portal and fill out risk
assessments tend to be more affluent, educated, and likely to
obtain good care.

Experience from these efforts has shown the estimates can
generally be used in the same ways as race/ethnicity from self-
reported or other direct sources for group or population level
assessments of care (see Table 1).

RAND investigators and other experts discourage use of
probabilistic estimates to classify a specific individual’s race/

ethnicity when calculating disparities or group comparisons,



Table 1. Example Uses of Self-Reported and BISG Race/Ethnicity Estimates

Example Use Cases Self-Report or Other Direct Source BISG Estimates

Racial/ethnic composition
of a patient population

Racial/ethnic differences in
care quality and outcomes

Community-level outreach
and interventions

Comparative effectiveness
of interventions

Classification of individuals’
race/ethnicity in electronic
medical records

since the overall accuracy of estimates decreases, both in terms
of efficiency and bias. Under limited circumstances, it may be
appropriate to target individuals with certain probabilities for
follow-up, ideally after confirmation of their race/ethnicity.

Though newer indirect estimation methods have primarily
been used thus far within individual health plans, the approach
can also be used for assessments of racial/ethnic differences in
care across plans at the national or regional level.

For example, as part of their oversight of Medicare ben-
eficiaries’ care, CMS maintains a file with member-level scores
on the Healthcare Effectiveness Data and Information Set
(HEDIS) quality of care measures from over 400 Medicare
Advantage plans. Though Medicare administrative files include
race/ethnicity information on most beneficiaries, that informa-
tion is frequently incorrect for Hispanics and Asians/Pacific
Islanders, making the data unsuitable for comparing HEDIS
scores by race/ethnicity.

CMS worked with RAND investigators to improve race/
ethnicity information in the administrative files using an exten-
sion of the BISG method that incorporates additional adminis-
trative information to estimate plan-level HEDIS performance
by race/ethnicity.

Similarly, as part of their mission to monitor and ensure
affordability, access, and quality care for all residents, the
Massachusetts Center for Health Information and Analysis
(CHIA) maintains an All Payer Claims Database (APCD) that
includes health care data on 90 percent of the state’s residents.
Though the Massachusetts APCD is among the most compre-

hensive in the country, race/ethnicity information is missing

X X
X X
X X
X X
X -

for most residents, since that information is provided by health
plans.

Accordingly, meaningfully monitoring how some key
aspects of health care vary between Massachusetts residents
belonging to different racial/ethnic groups has been challeng-
ing. To help overcome this barrier, CHIA collaborated with
RAND to assess the feasibility of applying BISG to the APCD.
Preliminary results were promising, with estimates produced
from APCD files corresponding well with reliable plan race/
ethnicity that is available, Massachusetts death certificate
data, and population data from the U.S. Census. More work
is needed, however, to fully assess unique issues related to
implementation, particularly ensuring appropriate use of the
estimates in the APCD.

RELATED APPLICATIONS OF INDIRECT
ESTIMATION

Although obtaining race/ethnicity information is an essential
first step for identifying disparities, additional information

and decision tools can help decisionmakers understand and
more effectively target disparities in care. For example, some of
the observed racial/ethnic disparities may relate to differences
in socioeconomic status, health literacy, or language barriers.
Because indirect estimation incorporates Census information
about patients’ neighborhoods, it is relatively easy to add infor-
mation about these ecological (or geographic) characteristics

(e.g., poverty rates) that—like race/ethnicity—may be missing



from many health care databases. If implemented carefully, such
information can be added without violating privacy concerns.

Knowing the neighborhood patients live in also allows
mapping of how patterns of quality of care and distribution
of patients from different racial/ethnic groups varies within
and between different service areas. By identifying potential
geographic “hotspots” and exploring patient characteristics of
those within and outside of the area, decisionmakers can better
understand contributing factors and how to effectively target
interventions.

For instance, GIS mapping analyses RAND conducted
with a large health plan revealed a community-level hotspot
where members received quality of care scores significantly
lower than in surrounding areas, regardless of members’ race/
ethnicity and even lower for Hispanics within the hotspot.
Further analyses showed that patients within the area had lower
income, education, and were more linguistically isolated on aver-

age than those in surrounding areas, where quality was better.

CONCLUSION

Advances in methods for estimating race/ethnicity are enabling
health plans and other health care organizations to overcome

a long-standing barrier to routine monitoring and actions to
reduce disparities in care. Though these new estimation meth-
ods are promising, practical knowledge and guidance on how
to most effectively apply newly available race/ethnicity data to
address disparities can be greatly extended. Thus, in addition
to continuing to make refinements to the method to improve
accuracy and ease of use, RAND investigators are working on
ways to estimate additional types of sociodemographic data
when it’s missing from health care data files. We are also explor-
ing ways that health care decisionmakers can employ emerging
data visualization and decision optimization tools to help them
more effectively and efficiently target efforts to ensure the equi-

table, high-quality care for the diverse populations they serve.
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About This Report

A key aim of U.S. health care reforms is to ensure equitable care while improving quality for all Americans. Limited race/
ethnicity data in health care records hamper efforts to meet this goal. Despite improvements in access and quality, gaps
persist, particularly among persons belonging to racial/ethnic minority and low-income groups.

This report describes the use of indirect estimation methods to produce probabilistic estimates of racial/ethnic popu-
lations to monitor health care utilization and improvement. One method described, called Bayesian Indirect Surname
Geocoding, uses a person’s Census surname and the racial/ethnic composition of their neighborhood to produce a set of
probabilities that a given person belongs to one of a set of mutually exclusive racial/ethnic groups.

Advances in methods for estimating race/ethnicity are enabling health plans and other health care organizations to
overcome a long-standing barrier to routine monitoring and actions to reduce disparities in care. Though these new estima-
tion methods are promising, practical knowledge and guidance on how to most effectively apply newly available race/
ethnicity data to address disparities can be greatly extended.

This report is part of Q-DART. The Q-DART project applies emerging analytic tools to better target gaps in the qual-
ity of care and health outcomes in diverse populations, helping decisionmakers more wisely allocate scarce resources.
Q-DART uses an array of tools to generate data on disparities and report the data in a variety of visually compelling
ways for use by health plans, public health organizations, and others concerned about improving the care that people
receive. Q-DART is part of RAND Health, a division of the RAND Corporation. For more information about Q-DART, visit
www.rand.org/health/projects/qdart.html.

Limited Print and Electronic Distribution Rights

This document and trademark(s) contained herein are protected by law. This representation of RAND intellectual property
is provided for noncommercial use only. Unauthorized posting of this publication online is prohibited. Permission is given to
duplicate this document for personal use only, as long as it is unaltered and complete. Permission is required from RAND
to reproduce, or reuse in another form, any of our research documents for commercial use. For information on reprint and
linking permissions, please visit www.rand.org/pubs/permissions.html.

For more information on this publication, visit www.rand.org/t/rr1162.

© Copyright 2016 RAND Corporation

www.rand.org

The RAND Corporation is a research organization that develops solutions to public policy challenges to help
make communities throughout the world safer and more secure, healthier and more prosperous. RAND is
nonprofit, nonpartisan, and committed to the public interest.

RA N D RAND'’s publications do not necessarily reflect the opinions of its research clients and sponsors. RAND® is a
CORPORATION registered trademark.

RR-1162-COMMASS


http://www.rand.org/health/projects/qdart.html
http://www.rand.org/pubs/permissions.html
http://www.rand.org/t/rr1162
http://www.rand.org


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 150
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /SyntheticBoldness 1.000000
  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
  >>
>> setdistillerparams
<<
  /HWResolution [150 150]
  /PageSize [612.000 792.000]
>> setpagedevice




