
Health Serv Res. 2019;54:13–23.	 wileyonlinelibrary.com/journal/hesr�  |  13

Health Services Research

© Health Research and Educational Trust

1  | INTRODUC TION

While there is clear evidence of racial/ethnic disparities in health care 
quality, examining these differences among seniors has been limited 

by the quality of Medicare administrative race/ethnicity data.1 Since 
these administrative data are sometimes the primary data informing 
federal monitoring of disparities in the care of Medicare beneficia-
ries, improving their accuracy is necessary to support efforts by the 
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Objective: To improve an existing method, Medicare Bayesian Improved Surname 
Geocoding (MBISG) 1.0 that augments the Centers for Medicare & Medicaid Services’ 
(CMS) administrative measure of race/ethnicity with surname and geographic data to 
estimate race/ethnicity.
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CAHPS survey.
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timates and self-reported race/ethnicity) for several alternative models predicting 
self-reported race/ethnicity in cross-sectional observational data to assess accuracy 
of estimates, resulting in MBISG 2.0. MBISG 2.0 adds to MBISG 1.0 first name, de-
mographic, and coverage predictors of race/ethnicity and uses a more flexible data 
aggregation framework.
Data Collection/Extraction Methods: We linked survey-reported race/ethnicity to 
CMS administrative and US census data.
Principal Findings: MBISG 2.0 removed 25-39 percent of the remaining MBISG 1.0 
error for Hispanics, Whites, and Asian/Pacific Islanders (API), and 9 percent for 
Blacks, resulting in correlations of 0.88 to 0.95 with self-reported race/ethnicity for 
these groups.
Conclusions: MBISG 2.0 represents a substantial improvement over MBISG 1.0 and 
the use of CMS administrative data on race/ethnicity alone. MBISG 2.0 is used in 
CMS’ public reporting of Medicare Advantage contract HEDIS measures stratified by 
race/ethnicity for Hispanics, Whites, API, and Blacks.
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Centers for Medicare & Medicaid Services (CMS) to measure and 
reduce disparities.

CMS’ administrative racial/ethnic information for Medicare ben-
eficiaries is primarily derived from the Social Security Administration 
(SSA). For persons assigned a Social Security Number before 1980, 
there were only three race/ethnicity response options: “Black,” 
“White,” or “Other.” In 1980, SSA expanded these categories. Prior 
research suggests that CMS administrative race/ethnicity performs 
reasonably well in classifying non-Hispanic White and Black bene-
ficiaries, but it misclassifies many Asian/Pacific Islanders (API) and 
Hispanic beneficiaries as “White” or “Other.”2-4 People who are in-
correctly classified by the administrative variable differ systemati-
cally from others with the same race/ethnicity, which leads to biased 
disparity estimates.5

One way of addressing imperfect racial/ethnic information is 
“indirect estimation” methods that supplement or replace imper-
fect racial/ethnic measures with estimates based on characteristics 
strongly associated with race/ethnicity. The Institute of Medicine 
(now the National Academy of Medicine) recommended indirect es-
timation to monitor health disparities and to target quality-improve-
ment efforts in the absence of direct and accurate race and ethnicity 
information.6,7

Accordingly, researchers modified an existing method for indi-
rectly estimating race/ethnicity from residential address and sur-
name information, known as the Bayesian Improved Surname and 
Geocoding (BISG),8 to improve the accuracy of CMS’ administra-
tive race/ethnicity variable. BISG uses Bayes’ rule to combine US 
Census information on race/ethnicity by both surname and Census 
Block Group of residence to produce a set of racial/ethnic proba-
bilities for each person.8 In this method, each person receives a set 
of initial probabilities of falling into each of six racial/ethnic groups 
(White, Black, Hispanic, API, American Indian/Alaska Native [AI/
AN], and multiracial) based on the racial/ethnic distributions for their 
surname, as published by the Census. Addresses are geocoded to 
Census Block Groups, and the probability of residing in each Census 
Block Group is calculated for each racial/ethnic group, also using 
Census data. These two sets of probabilities are combined using 
Bayes’ rule. This method requires an assumption of conditional in-
dependence, in this case that the probability of residing in a Block 
Group given a person’s race/ethnicity does not vary by surname. The 
BISG method has been validated as a tool to impute or to improve 
imputation of race/ethnicity in a variety of populations.8-12

The Medicare-specific adaptation known as Medicare BISG 1.0 
(MBISG 1.0)13,14 combined the BISG racial/ethnic probabilities with 
CMS race/ethnicity administrative data to produce more accurate 
indirect estimates of race/ethnicity. The Bayesian method used to 
aggregate data can only accommodate inputs in the form of a set 
of six racial/ethnic probabilities. Therefore, in MBISG 1.0, the prob-
ability of belonging to each of these six racial/ethnic groups for 
someone with a given value on the CMS administrative racial/ethnic 
measure is calculated by linking the administrative field to weighted 
self-reported race/ethnicity from a large, nationally representative 
survey of Medicare beneficiaries. This initial set of six administrative 

probabilities of beneficiary race/ethnicity is based only on CMS’ 
administrative data. Then, each beneficiary’s probabilities are cal-
culated independently from surname and address information using 
BISG. Finally, these two sources of information are combined using a 
Bayesian method similar to what is used within BISG to produce the 
set of six MBISG 1.0 probabilities for each person.

MBISG 1.0 underlay the initial reporting of Medicare Advantage 
(MA) Healthcare Effectiveness Data and Information Set (HEDIS) 
measures by race/ethnicity within Medicare contracts, by the CMS 
Office of Minority Health (OMH).13,15 Compared to the CMS admin-
istrative race/ethnicity variable, improvements were very large for 
Hispanic beneficiaries, moderate for API and White beneficiaries, 
and small for Black beneficiaries (for whom the CMS administrative 
variable was already excellent). Correlations between the MBISG 1.0 
probabilities and self-reported race/ethnicity are high for these four 
groups: 0.86 for White, 0.94 for Black, 0.79 for Hispanic, and 0.89 for 
API. MBISG 1.0 is not recommended for inferences regarding AI/AN 
or multiracial groups, for which the algorithm’s performance is poorer.

While MBISG 1.0 performance was strong, opportunities for 
improvement remained, especially for Hispanic beneficiaries. The 
MBISG 2.0 method described here sought to improve the MBISG 
1.0 algorithm and underlies current OMH stratified reporting of the 
HEDIS measures by race/ethnicity.

We organize the description of changes to the race/ethnicity 
prediction algorithm presented in this article into two sequential 
phases. The first phase concerns improvements made to the three 
components of the MBISG 1.0 algorithm (address, surname, and 
CMS administrative racial/ethnic information). The second phase 
uses a more flexible framework, multinomial logistic regression, 
which allows for both additional types of predictors of race/ethnicity 
and relaxation of the conditional independence assumption used in 
the application of Bayesian updating used in MBISG 1.0.

2  | METHODS

Validation data came from the 2014 MA and fee-for-service (FFS) 
Medicare Consumer Assessment of Healthcare Providers and 
Systems (CAHPS) surveys (41.1 percent response rate), which are an-
nual cross-sectional surveys of Medicare beneficiaries’ health care 
experiences; patterns of survey nonresponse were typical for such 
surveys.16 Analytic weights poststratified respondents to match the 
Medicare population within state (FFS) or contract (MA) on an ex-
tensive list of variables, including CMS race/ethnicity, gender, dual 
eligibility, and zip code-level distributions of income, education, and 
race/ethnicity using iterative proportional fitting.17 Race and eth-
nicity are self-reported using standard items and recoded as non-
Hispanic White, Black, Hispanic, API, AI/AN, and multiracial. The 4.1 
percent of survey respondents who did not report race/ethnicity 
were omitted, leaving an analytic sample of 284 627.

We linked survey-reported (CAHPS) race/ethnicity to data from 
CMS, the US Census, and other sources (as described below) to 
calculate racial/ethnic probabilities. We evaluated the accuracy of 
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racial/ethnic probabilities using unweighted Pearson correlations 
with self-reported race/ethnicity. We focus on the four largest ra-
cial/ethnic groups (White, Black, Hispanic, and API). Below and in 
Table 1, we describe the changes made to the MBISG 1.0 algorithm 
that resulted in MBISG 2.0. In Phase One, we improve MBISG 1.0 
within the original Bayesian framework by making better use of the 
original three data elements—surnames, administrative race/eth-
nicity data, and residential address. Phase Two uses the improved 
MBISG 1.0 probabilities from Phase One as inputs, along with ad-
ditional predictors (first names, Spanish preference, demographics, 
and health insurance), in a more flexible regression framework.

2.1 | Phase One

Below we describe improvements to the three existing data 
sources: surname, CMS administrative race/ethnicity, and address 
information.

2.1.1 | Improving use of surname information

Surnames are linked to 2000 Census distributions of self-reported 
race/ethnicity by surname for surnames appearing 100 or more 
times in the Census.18 Approximately 10 percent of the surnames in 
our dataset do not appear on this surname list, similar to the propor-
tion in the US population. MBISG 1.0 assigned default probabilities 
to all unlisted surnames, whereas MBISG 2.0 improves the handling 
of a subset of unlisted surnames.

Compound surnames are formed as a combination of surnames. 
While compound names may be listed if 100+ people in the 2000 
Census had the exact same compound surname, the majority (95.9 
percent) are not listed. In our sample, 18.4 percent of unlisted names 
were compound names.

We developed a strategy for improving predictions for unlisted com-
pound names. Almost all unlisted compound surnames (99.9 percent) 
had exactly two component names. We attempted to match each com-
ponent name to the Census list and kept the set of six probabilities asso-
ciated with each matching name. For 1.2 percent of compound names, 
no components matched the Census list; exactly one name matched for 
12.0 percent; and exactly two names matched for 86.8 percent.

The listed component names had a high probability of being 
Hispanic, and beneficiaries with listed component names had a high 
probability of self-reporting Hispanic ethnicity. The mean Hispanic 
probabilities were 53.0 percent for those with one listed compo-
nent names; 60.4 percent of the corresponding beneficiaries self-
reported Hispanic ethnicity.

We considered several methods of combining the sets of proba-
bilities into a single set of surname probabilities in cases where more 
than one component name matched to the Census list. We speculated 
that even respondents with only one typically Hispanic component 
of their compound surname would be likely to self-report Hispanic 
ethnicity. We found a close match to the distribution of self-reported 
race/ethnicity when we combined the sets of probabilities associated 
with each matching component name by taking the highest Hispanic 
probability among listed component names and rescaling the means 

TABLE  1 Summary of changes from MBISG 1.0 to MBISG 2.0

Issue Solution

Phase 1

Improve the three components of the MBISG 1.0 algorithm

a. Approximately 10% of surnames do not match to Census list and 
receive a default set of probabilities. Of these unlisted surnames, 
about 20% are compound surnames.

Split unlisted compound names into component names and combine 
sets of probabilities from listed component names. If only one 
component name matches, its set of probabilities is used for surname 
probabilities. If two or more component names are listed, the highest 
Hispanic probability is used for the Hispanic surname probability and 
the means of the race probabilities are rescaled so that the set of 
surname probabilities sums to 1.

b. Association between CMS administrative race/ethnicity variable 
and self-reported race/ethnicity may vary by age.

Incorporate age into cross-tabulation.

c. Address probabilities for Puerto Rico are not available; current 
approach underestimates probability of Hispanic ethnicity.

Develop a set of racial/ethnic probabilities based on self-report for 
residents of Puerto Rico.

Calibration to population

d. Means of probabilities underestimate proportion of sample who 
are Hispanic and multiracial and overestimate proportion White.

Calibration to Medicare population using additive approach for 
multiracial and multinomial logistic model for other race/ethnicities.

Phase 2

e. Bayesian framework used to combine data from address, surname, 
and CMS administrative variable may ignore possible interactive 
predictive power between elements; conditional independence may 
not be fully met.

Use multinomial logistic model to allow interactions between existing 
data elements and between existing and new data elements.

f. Additional data elements may improve racial/ethnic probabilities. Add such elements, including indicators of first names indicative of 
API or Hispanic race/ethnicity, gender, low income indicators.
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of the other probabilities so that the final set of surname racial/eth-
nic probabilities sums to 100 percent. Of cases with two component 
names that matched the Census, 70.7 percent self-reported Hispanic 
ethnicity. Taking the means of the two sets of surname probabilities 
gave an estimate of 60.5 percent Hispanic, whereas using the highest 
Hispanic probability gave an estimate of 66.9 percent Hispanic.

2.1.2 | Improving use of CMS administrative racial/
ethnic data

Our Bayesian updating requires inputs in the form of a set of six 
racial/ethnic probabilities. CMS’ SSA-based administrative racial/
ethnic variable has one value for each beneficiary (White, Black, 
Hispanic, Asian/PI, AI/AN, Other, or Missing). To use this data 
source, we first convert it to a set of racial/ethnic probabilities corre-
sponding to the distribution of self-reported race/ethnicity in repre-
sentative, weighted data, here using 2014 MA and FFS CAHPS data.

For MBISG 1.0, these probabilities do not vary by age. MBISG 
2.0 sought improvement by allowing these probabilities to vary by 
beneficiary age, with two motivations. First, a higher proportion 
of younger beneficiaries are Black or Hispanic due to demographic 
shifts (see Appendix S1A). Second, age is likely to be related to the 
inaccuracy of the SSA-based race/ethnicity measure, as it should 
be correlated with the (unavailable) indicator of a beneficiary’s SSA 
form having been updated or obtained after 1979.

To develop stratified MBISG 2.0 estimates by age, we created 
six age categories guided by the available sample size: 18-34/35-54
/55-64/65-74/75-84/85+ years. For each CMS administrative race/
ethnicity category and each age group, we calculated the distribu-
tion of self-reported race/ethnicity. To avoid imprecise estimates, 
we collapsed adjacent age groups to have at least 450 observations.

The resulting proportions are reported separately for each of the 
CMS administrative racial/ethnic categories in Appendix S1B. In each 
table, the rows represent the specified age categories, the columns 
are the self-reported racial/ethnic categories, and the cell values are 
proportions. For example, someone 18-54 years old and “White” by 
CMS administrative race/ethnicity would be assigned 87.4 percent 
White, 0.3 percent Black, 7.2 percent Hispanic, 0.2 percent API, 0.8 
percent AI/AN, and 4.1 percent multiracial values. Due to small sam-
ple sizes, no age stratification was possible for those listed as AI/AN 
or unknown in the CMS administrative data. As seen in Appendix 
S1B, younger beneficiaries listed as “Other” and “White” are more 
likely to be Hispanic than older beneficiaries in these categories.

2.1.3 | Improving use of residential address

Addresses are geocoded to 12-digit Block Groups and linked to 
2010 Census race/ethnicity data. Puerto Rico is not included in 
this data, so we cannot estimate address-based racial/ethnic prob-
abilities for Puerto Rico using this file. MBISG 1.0 probabilities for 
Puerto Rico consider only surname and SSA race/ethnicity, under-
estimating the prevalence of Hispanic ethnicity in Puerto Rico. 
Therefore, we coded racial/ethnic probabilities for residents of 

Puerto Rico to probabilities based on self-report of all beneficiar-
ies in Puerto Rico, after Bayesian updating (see Appendix S1C).

2.1.4 | Aggregation of data elements using Bayesian 
updating and calibration

For both MBISG 1.0 and MBISG 2.0, probabilities based on surname, 
address, and CMS administrative race/ethnicity are combined in two 
Bayesian updating steps, as described in the Introduction. MBISG 
1.0 probabilities are complete at this point.

The means of MBISG 1.0 predictions slightly undercount Hispanics 
and multiracial beneficiaries and slightly overcount Whites. For MBISG 
2.0, we calibrate probabilities such that mean probabilities are equal to 
the distribution of self-reported race/ethnicity in the sample.

Because the multiracial group is both underestimated and poorly 
predicted, we used an additive approach to calibrate this group. We 
added the difference between percent self-reporting multiracial and 
mean probability multiracial to each case and rescaled other proba-
bilities to sum to 1. This sets the mean multiracial probability to the 
mean self-reporting multiracial.

We then calibrate probabilities using multinomial logistic regres-
sion, a common means of calibrating three or more probabilities to a 
national total8 that applies constant odds ratios rather than a constant 
arithmetic difference, allowing well-predicted probabilities to increase 
more than proportionately. We predicted self-reported race/ethnicity 
using the set of race/ethnicity probabilities; these predictions by defi-
nition have a mean equal to the sample distribution of race/ethnicity.

Table 1 summarizes Phase One steps. The rest of this Section 2 de-
scribes additional steps taken to calculate MBISG 2.0 probabilities from 
the improved Phase One MBISG 1.0 probabilities plus additional inputs.

2.2 | Phase Two

The purpose of Phase Two was to evaluate the contributions of ad-
ditional data elements and the application of a more flexible modeling 
framework—multinomial logistic regression—in improving the accuracy 
of MBISG probabilities. The inputs considered for the model are the im-
proved MBISG 1.0 probabilities from Phase One, the individual Phase 
One subcomponents, and other data elements described below.

We begin with a summary of the Phase One subcomponents and 
new data elements. Next, we describe the modeling approach that 
combines these elements into a new set of probabilities

2.3 | Additional data elements considered for 
Phase Two

2.3.1 | Phase One subcomponents

In addition to the end-of-phase-one probabilities, we considered 
component racial/ethnic probabilities from each of three data 
sources used in Phase One (the CMS administrative variable, sur-
name, and address) and the probabilities from the combination of 
surname and address. We additionally explored poor/missing data 
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indicators for the Phase One subcomponents, since data quality 
might be correlated with race/ethnicity (see Appendix S1C).

2.3.2 | First names

We explored the use of beneficiary first name. Morrison et al19 
noted that there is generally less information in first names than last 
names; first name data are less standardized than last name data as 
one person’s first name may appear in different forms. There are 
some distinctive first names that have a high specificity for one race/
ethnicity, but the most popular first names are prevalent for all ra-
cial/ethnic groups.

We evaluated first name lists that have been found to predict 
membership in certain racial/ethnic groups. We matched these 
group-specific lists to our sample using beneficiary first name. Each 
first name list corresponded to a single racial/ethnic group; for each 
such group, we calculated the sensitivity and specificity of the cor-
responding list. Among beneficiaries whose first name was listed, we 
calculated the distribution of self-reported race/ethnicity and mean 
end-of-phase-one probabilities; the discrepancy between the two 
indicated how much first name information could increase accuracy. 
Promising first name lists were evaluated in modeling.

2.3.3 | Asian/Pacific Islander first name lists

Lauderdale and Kestenbaum20 developed first name lists for each of 
the six largest American API national origin groups (Chinese, Indian, 
Japanese, Korean, Filipino, and Vietnamese) using SSA administra-
tive data. The number of distinct first names on these lists ranges 
from 670 for Vietnamese to 3688 for Chinese (see also Wong et al21).

A total of 1.3 percent of all respondents and 34.5 percent of 
API respondents had a first name that matches one list. Specificity 
for these names is high (99.8 percent). Appendix S1D shows self-
reported race/ethnicity and mean of end-of-phase-one probabilities 
for beneficiaries matching each of the six lists, plus a summary for all 
beneficiaries matching any list. Having a first name on the Japanese, 
Korean, or Vietnamese list was associated with a high probability of 
self-reporting API (about 95 percent), while matching to the Indian, 
Filipino, or Chinese list was associated with a somewhat lower prob-
ability of being API (88 percent, 72 percent, 70 percent, respec-
tively). Matching to the Filipino list was associated with a 23 percent 
chance first of self-reporting as Hispanic.

The mean end-of-phase-one API probability for those whose 
first name appears on any of the six API first name lists is lower 
than the percentage of these people who self-report being API by 
13.3 percentage points overall (72.0 percent versus 85.3 percent). 
The differences vary by national origin group, with the differences 
especially large for the Japanese (41.3 percentage points) and 
Korean and Filipino (17.9 percentage points each) lists. This sug-
gests that additional information on race/ethnicity can be gained 
from these first names. We explored the potential for improving 
the probabilities by including indicators for these six-first name 
lists in modeling.

2.3.4 | Hispanic first name list

Morrison et al19 produced a list of 49 first names strongly identi-
fied with Hispanic ethnicity; 1.1 percent of all beneficiaries in our 
sample and 12.1 percent of Hispanic beneficiaries had a first name 
on this list. Specificity is high (99.9 percent). Appendix S1D reports 
the distribution of self-reported race/ethnicity and mean end-of-
phase-one probabilities for beneficiaries whose first name matches 
this list. Ninety-one percent of these beneficiaries reported being 
Hispanic. The mean end-of-phase-one Hispanic probability is 78.9 
percent, 12.2 percentage points lower than the percentage report-
ing Hispanic ethnicity. This indicates potential gain from adding this 
information, so we included this indicator in modeling.

2.3.5 | Spanish preference outside of Puerto Rico

Although the CMS administrative files include a Spanish-preference 
indicator, it is missing for many cases: many beneficiaries have not 
indicated or been asked their language preference. Because we ac-
count for Puerto Rico residence in Phase One, we used a version of 
Spanish preference that excluded Puerto Rico (1 = Spanish prefer-
ence and outside of Puerto Rico, 0 = in Puerto Rico, language prefer-
ence other than Spanish, or missing language preference).

Only 0.4 percent of all beneficiaries and 4.5 percent of Hispanic 
beneficiaries have an indicator of preferring Spanish outside of 
Puerto Rico. However, almost everyone (98.6 percent) with this in-
dicator self-reports as Hispanic (see Appendix S1D), and the end-of-
phase-one probabilities underestimate this probability by almost 10 
percentage points. Therefore, we tested the potential of this vari-
able to improve probabilities in models.

2.3.6 | CMS administrative demographic and 
coverage variables

There are persistent differences in demographics22-25 and MA enroll-
ment22,24 by race/ethnicity. We therefore also evaluated the effect 
of including several CMS administrative demographic and coverage 
variables in the model: age (categorized as 18-44, 45-54, 55-64, 65-
69, 70-74, 75-79, 80-84, 85-89, ≥90 years), gender, disability (sepa-
rately for those less than 65 and 65 or older), dually eligible, low 
income subsidy (LIS) but not dually eligible, and coverage type (FFS 
only, FFS with Part D coverage [FFS/PDP], MA-only, MA with Part 
D coverage [MA-PD], and indicators for being in a dual special needs 
plan [SNP] or chronic condition SNP).

2.4 | Modeling approach

We used multinomial logistic regression in MBISG 2.0 so that we 
could incorporate both new and prior data elements outside of the 
Bayesian framework. In this case, we have six outcome categories: 
the self-reported racial/ethnic groups. The individual-level pre-
dictors that we considered (surname, address, etc.) are described 
above, under “Data elements considered for inclusion in Phase Two.” 
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Multinomial logistic regression automatically calibrates; it guaran-
tees that the mean probabilities of the predictions match the distri-
bution of self-reported race/ethnicity in the sample.

Generalized linear models with categorical outcomes are best 
summarized via the contributions of variables or groups of variables 
to improving the log likelihood of the model fit. We therefore eval-
uated the relative explanatory contributions of blocks of predictors 
in the final multivariate model by comparing the log likelihoods for 
models including and excluding those variables in an analysis of 
deviance.26

Our evaluation of models in Phase Two uses 10-fold cross-
validation27 to avoid overfitting, in which incidental associations in 
the modeling dataset lead to overstating gains in predictive accuracy 
for new cases. We calculated percent shrinkage as (uncross-validated 
correlations—cross-validated correlations)/(uncross-validated cor-
relations) to estimate how much we would have overstated correla-
tions without cross-validation.

3  | RESULTS

Table 2 describes the validation sample and tests for differences 
between Whites and each other group. Compared with Whites, 
higher proportions of Blacks, Hispanics, and AI/AN beneficiaries are 
younger than 65 (which generally indicates Medicare eligibility due 
to disability), have lower educational attainment, and report worse 
general and mental health. A higher proportion of API beneficiaries 
are in the middle age categories, and a higher proportion report hav-
ing either less than a high school education or having a bachelor or 
graduate degree compared with Whites. Dual eligibility for Medicaid 
(an indicator of low income) is less frequent for Whites than for other 
groups. Census divisions of residence (nine categories plus a tenth 
category for US Territories) vary markedly by race/ethnicity. The 
proportion of Black beneficiaries is highest in the South Atlantic di-
vision, the Hispanic proportion is highest in the West South Central 
and Pacific, the API proportion is highest in the Pacific, and the AI/
AN proportion is highest in the West South Central and Mountain 
regions. Almost all residents of Puerto Rico and the U.S. Virgin 
Islands are Hispanic.

3.1 | Summary of multinomial logistic model

Based on the investigations of the elements described above, the 
final MBISG 2.0 multinomial logistic model includes as predictors:

•	 Main effects for the end-of-phase-one probabilities and two-way 
interactions between each pair, including quadratic forms

•	 Subcomponents of the end-of-phase-one probabilities: main ef-
fects for five CMS administrative probabilities, main effects for 
five name-address component probabilities, and five non-White 
same-group interaction terms between these probabilities

•	 Additional data elements:

○	 Indicators for match to six API first name lists, and interac-
tions between each API group and the API end-of-phase-one 
probability

○	 Indicator for match to Hispanic first name list, and interaction 
with Hispanic end-of-phase-one probability

○	 Indicator for Spanish preferring but not in Puerto Rico, and 
interaction with the Hispanic end-of-phase-one probability

○	 Demographic/coverage variables: gender, disability and 
younger than 65, dually eligible, and indicators of enrollment 
in a dual SNP or chronic condition SNP.

Appendix S1E presents coefficients from this final model.

We found that the elements that most contributed to improve-
ment over the end-of-phase-one probabilities were Phase One 
probability subcomponents (CMS administrative race/ethnicity and 
name-address probabilities) and their interactions with the Phase 
One probabilities (Table 3). Each block of predictors significantly im-
proves the model predictions (P < 0.001). Adding information on API 
first names, Hispanic first names, and Spanish preference increased 
correlations with self-reported race/ethnicity, especially for the API, 
Hispanic, and White probabilities (results not shown), but marginal 
gains were small. Further addition of demographic, language pref-
erence, and coverage information had only a small marginal impact. 
Appendix S1F compares the correlation of self-reported race/eth-
nicity with uncross-validated and cross-validated probabilities from 
the final multinomial model.

Table 4 shows correlations between self-reported race/ethnic-
ity and different versions of the racial/ethnic probabilities. The first 
column shows correlations with MBISG 1.0 probabilities. Correlation 
between self-report and the original racial/ethnic probabilities for 
the four largest racial/ethnic groups is highest for Blacks (0.94) and 
lowest for Hispanics (0.79). Phase One changes increased correla-
tion with self-report most for Hispanic (by 0.068) and White (by 
0.032) probabilities (comparing columns 1 and 2). Increases for API 
and Black probabilities were small (0.002 for API and 0.003 Black).

The Phase Two multinomial logistic model, which results in 
MBISG 2.0, adds 0.014 for White, 0.023 for Hispanic, and 0.029 for 
API over Phase One (comparing columns 2 and 3; see also column 4). 
Performance is higher and more uniform in MBISG 2.0 among the 
four largest groups compared with the MBISG 1.0. Compared with 
MBISG 1.0 probabilities, MBISG 2.0 adds 0.006 for Black (r = 0.95), 
0.030 for API (r = 0.92), 0.046 for White (r = 0.90), and 0.091 for 
Hispanic (r = 0.88). Compared with the MBISG 1.0 probabilities, the 
updated algorithm through Phase Two also adds 0.072 for AI/AN, 
though correlations with self-report are still low (0.54). It also adds 
0.075 points for multiracial, though predictions are only correlated 
at 0.12 with self-report.

Table 4 also shows the percentage of error reduced by phase 1 
and phase 2. MBISG 2.0 removes about 40 percent of MBISG 1.0 
error for Hispanic, 30 percent for White, 25 percent for API, and 9 
percent for Black probabilities. For Hispanic, White, and Black prob-
abilities, 55-65 percent of error reduction occurred in Phase One. 
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TABLE  2 Composition of validation samplea

Overall White Black Hispanic API AI/AN Multiracial

Sample size 284 627 214 519 25 684 27 122 10 257 1334 5711

Age (%)

18-64 14 11 27*** 20*** 7*** 29*** 27***

65-69 24 24 23* 24 25 22 24

70-74 22 23 20*** 21*** 25** 21 20**

75-79 16 16 13*** 14*** 19*** 15 13***

80-84 12 12 9*** 11*** 12 8** 8***

85+ 13 14 9*** 10*** 12** 5*** 8***

Female 55 55 58*** 55 57* 52 54

Education

8th grade or 
less

6 3 9*** 28*** 12*** 13*** 8***

Some high 
school

9 7 17*** 14*** 7 11*** 12***

High school 
graduate

32 33 32 25*** 20*** 32 28***

Some 
college/2-
y degree

27 28 26*** 19*** 19*** 31 34***

Bachelor 
degree

11 12 7*** 7*** 21*** 7* 8***

More than 
4 y college

15 17 9*** 7*** 21*** 6*** 11***

General health status

Excellent 8 9 5*** 8 8 7 8

Very good 27 30 19*** 18*** 23*** 18*** 21***

Good 36 36 37 32*** 40*** 34 31***

Fair 22 20 31*** 32*** 23*** 28*** 27***

Poor 6 6 8*** 10*** 6 14*** 13***

Mental health status

Excellent 24 26 19*** 19*** 21*** 16*** 20***

Very good 32 34 27*** 23*** 31*** 28** 27***

Good 28 27 32*** 31*** 32*** 28 29*

Fair 12 10 18*** 22*** 13*** 21*** 18***

Poor 3 3 4*** 5*** 3 7*** 5***

Dually eligible 
(Medicare/
Medicaid)

15 10 32*** 32*** 34*** 33*** 26***

Low income 
subsidy 
deemed

3 2 6*** 5*** 3 5*** 5***

Disabled 16 14 31*** 23*** 8*** 34*** 32***

Coverage type

FFS 71 73 68*** 54*** 68*** 83*** 74

MA 29 27 32*** 46*** 32*** 17*** 26

Census divisionb and Puerto Rico/Virgin Islands

New 
England

5 6 2*** 2*** 2*** 2*** 4**

(Continues)
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For the API probability, almost all error reduction occurred in Phase 
Two.

4  | CONCLUSION

Policy makers and researchers have become increasingly interested 
in understanding and addressing racial/ethnic disparities in health 
care quality and access. Improvements to Medicare racial/ethnic 
data facilitate this goal in a large and high-need US population.

The findings described herein support the use of indirect meth-
ods to report on race/ethnicity for Medicare beneficiaries. We rec-
ognize that self-reported race/ethnicity is the preferred method for 
collecting race/ethnicity data.28 However, for administrative data 
such as Medicare claims data, this information is often unavailable 
or improperly reported. Indirect methods provide a less burden-
some strategy for collecting race/ethnicity data. As described in the 
Improving Medicare Post-Acute Care Transformation (IMPACT) Act 
of 2014 Strategic Plan for Accessing Race and Ethnicity Data,29 CMS 
could explore the possibility of collecting data from Medicare bene-
ficiaries upon enrollment. While this option would also permit CMS 
to collect additional demographic data needed to determine quality, 
resource use, or payment, as well as for measuring and addressing 
disparities, it would require CMS to modify current enrollment forms 
or conduct a supplemental mail or electronic survey. There is prec-
edent for this type of supplemental data collection;4 however, this 
activity may pose considerable financial constraints on CMS and 
reporting burden on Medicare beneficiaries. By leveraging existing 

data systems, we can use indirect methods to report on the race/
ethnicity of Medicare beneficiaries.

As the quality of CMS administrative race/ethnicity data 
changes, it may be necessary to revisit the MBISG 2.0 algorithm. 
For instance, in 1989 the SSA began “enumeration at birth,” which 
allows parents to apply for Social Security Numbers for their new-
borns by sending birth certificate information to the SSA. No ra-
cial/ethnic information is collected by the SSA in these applications, 
potentially removing one current source of racial/ethnic data for 
Medicare applications. Though relationships between self-reported 
race/ethnicity and predictors have been fairly stable over time, we 
recommend that CMS periodically re-estimate coefficients using 
more recent data.

Here, we find that the MBISG 2.0 substantially improves prior 
methods by using additional data elements and a more flexible mod-
eling framework, removing about a third of the MBISG 1.0’s remain-
ing error. Since the largest improvements were in the group with the 
lowest previous performance (Hispanics), MBISG 2.0 performance 
is higher and more uniform than its predecessor. The MBISG 2.0 
improvements are particularly important for assessing and reducing 
disparities affecting Hispanic Medicare beneficiaries, a large and 
growing group. Performance for the Black group remained the high-
est of any group and improved only modestly.

As with BISG and MBISG 1.0, MBISG 2.0 produces a set of six 
probabilities for each beneficiary. Although one can convert these 
probabilities to a categorical variable, for instance by assigning each 
beneficiary to the group with the highest probability in their set, this 
approach generally results in less accurate disparity estimates than 

Overall White Black Hispanic API AI/AN Multiracial

Middle 
Atlantic

13 14 14 12*** 14 5*** 10***

East North 
Central

15 17 15*** 4*** 7*** 8*** 13***

West North 
Central

7 8 3*** 1*** 2*** 9 6***

South 
Atlantic

20 19 33*** 15*** 11*** 15* 20

East South 
Central

7 7 10*** 1*** 1*** 4** 9***

West South 
Central

10 9 13*** 17*** 6*** 20*** 13***

Mountain 6 7 2*** 8*** 5*** 20*** 6*

Pacific 14 12 7*** 23*** 53*** 17** 17***

Puerto Rico 
or Virgins 
Islands

1 <1 <1*** 17*** <1 <1 <1*

Note: Weighted. N = 284 627.
*P < 0.05, **P < 0.01, and ***P < 0.001 for test of differences between White and each other group.
a4.1% of respondents did not report their race/ethnicity and are omitted from this table and all analyses.
bCensus divisions are created from state of beneficiary residence as follows: New England: CT, MA, ME, NH, RI, VT; Middle Atlantic: NJ, NY, PA; East 
North Central: IL, IN, MI, OH, WI; West North Central: IA, KS, MN, MO, ND, NE, SD; South Atlantic: DC, DE, FL, GA, MD, NC, SC, VA, WV; East South 
Central: AL, KY, MS, TN; West South Central: AR, LA, OK, TX; Mountain: AZ, CO, ID, MT, NM, NV, UT, WY; Pacific: AK, CA, HI, OR, WA.

TABLE  2  (Continued)
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the recommended direct use of probabilities as regressors or the use 
of probabilities within multiple imputation.30

Our study has several limitations. Estimates are based on a sam-
ple of voluntary respondents; however, the detailed poststratification 
weighting of survey respondents to represent the Medicare population 
on many demographic and geographic variables helps the MBISG 2.0 
model accurately estimate population-level associations with race/
ethnicity. The MBISG 2.0 model is less parsimonious than MBISG 1.0, 
requiring many more predictors that may not be available to those with-
out access to CMS administrative data. These additional predictors may 
limit applications to other datasets, so future research could develop 
intermediate approaches that would retain some of the important pre-
dictors unique to version 2.0 while trying to minimize data needs.

We recommend MBISG 2.0 probabilities for general use with 
CMS data, including estimating racial/ethnic disparities among Black, 

Hispanic, API, and White groups. Although MBISG 2.0 significantly 
improves estimates for AI/AN and multiracial beneficiaries, the re-
sulting probabilities for these groups are still not recommended 
for general use. MBISG 2.0 probabilities have been calculated for 
all 56 million Medicare beneficiaries as a tool to aid research about 
Medicare beneficiaries. While survey-based quality measures such 
as CAHPS surveys and the Health Outcome Survey generally col-
lect self-reported race/ethnicity, the MBISG 2.0 probabilities can 
be linked to CMS quality measures based on administrative data, 
such as encounter data, claims, voluntary disenrollment from plans, 
and mortality data, to estimate and monitor racial/ethnic disparities 
in health care, identify targets to reduce disparities, and evaluate  
quality-improvement efforts. The size of many Medicare administra-
tive datasets allows for differences in care by race/ethnicity to be 
accurately measured in subgroups such as regions and health plans, 

TABLE  3 Marginal contribution of predictors in phase 2 multinomial model

Predictors dropped from full model dF full model—dF modela
Deviance (−2 log L model)—(−2 log L 
full model)

Joint test of significance, 
P-value

Phase 1 probabilities and all 
interactions, main effects of CMS 
administrative race/ethnicity 
probabilities and name-address 
probabilities, and interactions

220 52 469 413 <0.001

First names, all interactions 70 458 479 <0.001

Demographics 15 85 494 <0.001

Spanish preference outside of PR 10 35 702 <0.001

SNP coverage 10 20 390 <0.001

Notes: Each row represents a model that drops the variables in that row from the full model. Interactions using main effects from different blocks are 
included in both blocks. These variables are indicated in italics.
aFull model has 285 df (excluding five intercepts) and −2 log likelihood = 22 018 912; null model has 0 dF and −2 log likelihood = 85 381 137. 
N = 284 627.

Phase 1 probabilities and all interactions, main effects of SSA and name-address and interactions
•	 Main effects for the five end-of-phase-one probabilities (reference group: White) and fifteen two-way interactions between each pair of probabili-

ties, including quadratic forms
•	 Main effects for five CMS administrative probabilities, main effects for five name-address component probabilities, and five non-White same-group 

interaction terms between these probabilities
•	 Indicator for missing address information
•	 Interactions between API Phase One probability and each of six API first name indicators
•	 Interaction between Hispanic Phase One probability and Hispanic first name indicator
•	 Interaction between Hispanic Phase One probability and Spanish-preferring indicator

First names, all interactions
•	 Indicators for first name match each of six API first name lists, and interactions between each API group and the API end-of-phase-one probability
•	 Indicator for first name match to Hispanic first name list, and interaction with Hispanic end-of-phase-one probability

Demographics
•	 Gender
•	 An indicator for disability and age younger than 65
•	 An indicator for dually eligible

Spanish preference outside of PR

•	 Indicator for Spanish preferring but not in Puerto Rico, and interaction with the Hispanic end-of-phase-one probability

SNP coverage
•	 Indicators of enrollment in a dual SNP and chronic SNP
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which in turn allows for precise evaluation of interventions and 
quality-improvement efforts. For example, the MBISG 2.0 probabili-
ties underlie current CMS reporting of HEDIS data by race/ethnicity 
within MA contracts. The MBISG estimates can be used as predic-
tors in multivariate modeling, which allows for estimation of racial/
ethnic disparities after adjusting for other factors, and for estimation 
of mediation and moderation effects involving race/ethnicity.
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