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Variation in Hispanic Self-Identification, Spanish Surname, and Geocoding:
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Abstract: This study examines the variation in surname analysis and geocoding, and their association with self-identified
Hispanics in an HMO. We collected ethnicity data from three studies, and employed Spanish surname software and cen-
sus tract level geocoding to create proxies for Hispanic ethnicity. We computed sensitivity, specificity, and estimated mul-
tivariate logistic regression models to examine the variation in the likelihood of a match between self-identified Hispanics
and surname. Sensitivity and specificity with respect to surname varied across the three studies, ranging from 57%-91%
and 89%-96%, respectively. Relative to self-report, the sensitivity of the census tract measure of density of Hispanics, var-
ied from 5%-15%. Multivariate models suggest that the likelihood of a match between self-identified Hispanics and sur-
name was not associated with age or gender. Self-identified Hispanics living in neighborhoods with the highest density of
Hispanics were less likely than those in more mixed neighborhoods to have a Spanish surname. Employing the Spanish
surname software on only densely populated Hispanic census tracts may not always improve the likelihood of correctly

identifying Hispanic subjects.

INTRODUCTION

In order to address racial and ethnic disparities in both
health care and in the delivery and receipt of behavioral
health interventions, researchers and policy makers need
information regarding the racial and ethnic mix of their tar-
get populations. Several studies have raised concerns regard-
ing the gaps in the collection of accurate racial and ethnic
data at the population level [1-4]. Self-reported ethnic and
racial classification is considered the “gold standard” com-
pared to administrative methods [5]. In the absence of self-
report data, research suggests that combined surname analy-
sis and geocoding may provide an accurate and efficient
means of inferring race/ethnicity across health plan member-
ship or other populations [6].

Beginning in 1950, the United States Census Bureau pro-
duced and released a decadal Spanish Surname list. The ba-
sis for including a specific surname on that list was the simi-
larity of that name’s geographic distribution of the Hispanic
origin population within the United States [7]. The 1970 cen-
sus was the first that allowed the opportunity for people to
self-identify as a “person of Spanish origin,” which was later
changed to “Hispanic.”

The Generally Useful Ethnic Search System, or GUESS,
is a previously validated surname program for identifying
Hispanic subpopulations in the southwest [8-12]. The
GUESS program was revised and validated using state tumor
registry records by the Lovelace Clinic Foundation in Albu-
querque, New Mexico [6]. Published sensitivities associated
with the GUESS program and the US Census Spanish
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surname list range from 82-95% for males, and 67-82% for
females [8, 10-12].

The methodology of geocoding residential addresses by
linking them to U.S Census Bureau data and then using area-
based socioeconomic measures in the study of health related
outcomes has been extensively employed as a relatively inex-
pensive solution to the absence of population based, self-
reported data socioeconomic status (SES) data including
race/ethnicity, income and education [13, 14]. Residential ad-
dresses may be linked at different geographic levels that by
size, and include zip code, census tract, and census block. Zip
codes have an average of population of 30,000 and are consid-
ered administrative units established by the United States
Postal Service. Census tracts on average contain 4,000 indi-
viduals and tend to be more homogeneous than zip codes. The
smallest geographic unit for which census socioeconomic data
are tabulated are block groups, which average approximately
1,000 individuals. Research results suggest that census tract
may perform equally or better in detecting SES gradients in
health than census block [15, 16]. The optimal “cut-point” (e.g.,
percent of residence by race or ethnicity) used to classify indi-
viduals has been suggested to be at least at 50 percent [6, 17].

In this study we use the “gold standard” of self-report to
examine the variation in surname analysis and geocoding and
examine the likelihood that geocoded measures will enhance
the efficiency of surname identification of Hispanic or Latino
members of a health maintenance organization (HMO), who
were recruited for three behavioral health interventions.

MATERIALS AND METHODS
Setting and Study Populations

We collected self-identified race/ethnicity data from sur-
veys administered during three behavioral interventions con-
ducted at Kaiser Permanente Colorado (KPCO), during 2005
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and 2006: a tailored smoking reduction project — Smoking
Less, Living More, a lifestyle behavior intervention which
targeted Latina women with type 2 diabetes at risk for CHD
— ;Viva Bien!, and an Internet-mediated program to enhance
consumption of fruits and vegetables —Making Effective Nu-
tritional Choices or MENU. This study was approved by the
KPCO Institutional Review Board.

KPCO is a closed panel, group model, non-profit HMO
providing integrated health care services to 465,000 mem-
bers (approximately 16% of the insured population) in the
Denver-Boulder metropolitan area. At the time these studies
were conducted, race and ethnicity data were not collected
from all members. A variety of member surveys combined
with census data suggest that the demographic characteristics
of KPCO members highly correspond to the characteristics
of the Denver metropolitan population. In comparison to the
Denver metropolitan area, the KPCO population has a slight
overrepresentation of females and an overrepresentation of
individuals over age 50 years. During the study period,
KPCO was one of the few Medicare managed care providers
in the Denver-metropolitan area, therefore the membership is
over represented by members over the age of 65. In addition,
given that the majority (>65%) of KPCO population is com-
prised of a predominately employer based commercially
insured members, the KPCO membership is underrepre-
sented by individuals in the lowest income strata.

Smoking Less, Living More is a randomized controlled
trial targeting smokers scheduled for an outpatient surgery or
diagnostic procedure who are unwilling or unable to quit, but
are willing to make an attempt at decreasing the number of
cigarettes they smoke [18, 19]. Data from KPCO’s electronic
medical record were used to identify potential participants
for the project. These data included administrative data from
day surgery and diagnostic procedures scheduled (type of
procedure and procedure date), smoking status, name, ad-
dress, and age. A description of the project and an “opt-out”
postcard were sent to subjects meeting the inclusion criteria
three weeks before the procedure date. One to two weeks
after the letter was sent, a trained interviewer called partici-
pants who did not decline to explain the study and determine
if the person met eligibility requirements. In order to assess
the representativeness of participants, baseline demographic,
race/ethnicity, and smoking history were collected on all
those contacted. These data included the question: “Do you
consider yourself to be Hispanic or Latino?”

The ;Viva Bien! program is an adaptation for Latinas of
previously successful research [20] targeting diet, physical
activity, stress management, social support, and smoking
cessation in women 40 years of age and older with type 2
diabetes. KPCO’s EMR was used to identify potential sub-
jects who had been diagnosed with type 2 diabetes for at
least six months. The sample included in this analysis was
limited to the west area of KPCO’s Denver service area. The
initial recruitment package included a cover letter briefly
explaining the project and inviting potential subjects to par-
ticipate, a brochure describing the study, and a stamped, self-
addressed postcard to return to KPCO asking ethnicity and
whether the person wished to receive further contact about
the study. To determine ethnicity eligibility, the postcard
asked, “Do you consider yourself Hispanic, Latina, or Mexi-
can?”
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The third sample included in this analysis is based on
data collected as part of MENU, a project of the Cancer Re-
search Network (http://crn.cancer.gov) [21]. KPCO is one of
five CRN sites participating in MENU, an Internet-mediated
program to enhance consumption of fruits and vegetables.
Each site randomly selected 6,000 eligible patients, age 21-
65 years, stratified by gender. In order to enhance minority
participation at KPCO, the sample was further stratified by
Hispanic indicator derived from surname analysis. Identified
members received an introductory letter, a $2 enrollment
incentive, a study description, and information on the MENU
website. On the study website, participants could confirm
their eligibility and complete registration with a baseline
survey that asked, “Are you of Hispanic or Latino origin or
descent?”

Surname Analysis

The surname of subjects from all three studies who were
contacted and who provided consent for data collection, were
mapped to the Lovelace modified GUESS program de-
scribed above. Surname was captured through KPCO admin-
istrative databases. The data set containing the participant’s
last name was coded to prepare the file for comparison: a)
embedded titles such as “Jr.,” “Sr.,” “III,” etc. were re-
moved, b) embedded blanks were removed so that De La
Cruz became DELACRUZ, c) all names were placed in
separate last name fields. Each last name field was compared
with the GUESS program and a probable Hispanic indicator
flag was created.

Geocoding

In order to capture socioeconomic proxy measures, we
geocoded all three samples using MapMarker® Plus and
2000 Census data. Due to missing or incorrect details within
each subject’s recorded address, mapping each subject’s ad-
dress to the census block level resulted in a large number of
missing observations; therefore, we used census tract to cap-
ture median household income and the proportion of the cen-
sus tract self-identifying as Hispanic. We created six catego-
ries based on the proportion of Hispanic households in the
census tract: > 75 percent, 50-74 percent, 25-49 percent, 5-
24 percent, and <5 percent. In addition, we created two di-
chotomous census tract indicators that we constructed to be
consistent with prior literature that suggests one should em-
ploy a measure consistent with the majority population [6,
17]. We created a dichotomous variables denoting that >
50% of the census tract self-identified as Hispanic and a di-
chotomous variable denoting whether the median household
income for the subject’s census tract was at or above the
2000 U.S Census reported median income of $41,994.

Analyses

Descriptive statistics were estimated for the characteris-
tics associated with each study population. We calculated
mean age, and the distribution of gender and all census-
derived variables. Using self-reported ethnicity as the gold
standard, we computed sensitivity and specificity to assess
the accuracy of the GUESS program. Sensitivity was defined
as the percentage of self-identified Hispanics who were also
classified as Hispanic by the GUESS algorithm, and speci-
ficity as the percentage of self-identified non-Hispanics who
also were classified as non-Hispanic by the GUESS algo-
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rithm. We also examined the distribution of self-identified
Hispanics by categories of census tract Hispanic population
density and estimated the sensitivity and specificity of His-
panic self-identification and the dichotomous census tract
measure of >50 percent self-identified Hispanic.

To enhance sample size and variability in the demo-
graphic factors, we pooled data from all three studies and
employed logistic regression to examine the potential asso-
ciation of the demographic factors with the likelihood of a
match between self-identified Hispanic and the GUESS pro-
gram. The sample used in this model was limited to subjects
self-identifying as Hispanic whose address could be mapped
to a valid census tract. Exclusions to latter category include
participants reporting only a post office box or those report-
ing an incomplete or invalid address. Covariates in the model
included a dichotomous variable noting the project the sub-
ject was enrolled in (Smoking Less, Living More; [Viva

Table 1.
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Bien!; or MENU), age, gender, and whether or not the sub-
ject lived in a census tract with reported median income at or
above the national average. To test the hypotheses that a
higher density of self-identified Hispanics within an individ-
ual’s census tract will improve the likelihood of a match be-
tween self-report and the GUESS system, we included five
dichotomous variables that denote the proportion of Hispan-
ics in the individuals census track: < 5 percent (reference
case), 5- 24 percent, 25-49, 50-74 percent, and >75 percent.
All analyses were performed using SAS Software 9.1 (SAS
Institute, Cary, NC).

RESULTS

Table 1 describes the variation across the three samples
for measures of age, gender, proportion of self-identified
Hispanics, proportion mapping to the revised GUESS pro-
gram, census tract proxies of median household income, the

Demographics, the Proportion of Self-Identified Hispanics, the Proportion Mapping to GUESS, and the Proportion Map-

ping to Census Tract Measures, for Subjects Enrolled in Three Behavioral Intervention Studies Conducted at Kaiser

Permanente Colorado, 2005-2006

Study Name
Smoking Less, Living More | ;Viva Bien! MENU
Number of Observations 593 1,185 513
Mean Age (SD) 55.33(11.23) 61.05 (8.97) 4422 (11.19)
Percent Male (n) 29.17% (173) 0 39.97 (205)
Percent Hispanic from self-report (n) 7.42% (46) 14.93% (177) 28.46% (146)
Percent Hispanic self-report- male (n) 5.2%(9) - 28.29% (58)

Percent Hispanic self-report — female (n)

8.33% (35)

28.57% (88)

Percent mapping to GUESS software (n)

7.76% (46)

15.86% (188)

34.89 % (179)

Percent mapping to GUESS software — male (n) 4.05% (7) - 31.22% (64)
Percent mapping to GUESS software — female (n) 9.29% (39) - 37.34% (115)
Census Tract - % Population > Median Income 63.41% (345) 55.57% (554) 77.03% (359)

Census Tract: > 50% Hispanic Population for all subjects (n)

4.73% (28)

10.30% (122)

2.53% (13)

Census Tract - % Hispanic Population for all subjects (n)

Less than 5% 33.56% (199) 33.92% (402) | 36.26% (186)
5-24% 39.80% (236) 30.80% (365) | 41.33%(212)
25 -49% 13.66% (81) 10.04% (119) 10.72% (55)
50 - 74% 3.88% (23) 5.74% (68) 1.36% (7)
Greater than 75% 0.85% (5) 4.56% (54) 1.17% (6)
Missing 8.26% (49) 14.94 (177) 9.16% (47)
Census Tract: > 50% Hispanic Population for all subjects self-identifying Hispanic (n) 15.91%(7) 40.11 (71) 4.79% (7)
Census Tract - % Hispanic Population for all subjects self-identifying Hispanic (n)
Less than 5% 11.36% (5) 13.56 % (24) 27.40% (40)
5-24% 34.09% (15) 20.34% (36) 42.47% (62)
25 -49% 29.55% (13) 16.38% (29) 17.81% (26)
50 - 74% 11.36% (5) 19.21% (34) 1.37% (2)
Greater than 75% 4.55% (2) 20.90% (37) 3.42% (5)
Missing 9.09% (4) 9.60% (17) 7.5% (11)
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distribution of all subjects census tract measure of Hispanic
population density, and the distribution of self-identified
Hispanics census tract measure of Hispanic population den-
sity. Table 2 describes the measures of sensitivity and speci-
ficity across the three studies.

Table 2.  Sensitivity and Specificity of Hispanic Self Report to
GUESS Surname, and Hispanic Self Report to Geo-
coded Census Tract Measure Tract of Greater than
a 50 Percent Hispanic Population

Study
Smoking Less, . .
Living More ;Viva Bien! MENU

N (from Self-report) 593 1,185 513
Hispanic Self-Identification vs GUESS

Sensitivity 56.82% 78.53% 91.10%

Specificity 96.17% 95.14% 87.47%
Sensitivity by Gender

male 66.67% 94.83%

female 54.29% 78.53% 88.64%
Specificity by Gender

male 99.39% 93.88%

female 94.81% 95.14% 83.18%
Hispanic Self-Identification vs Geocode

Sensitivity 15.91% 40.11% 4.79%

Specificity 96.17% 94.94% 100%
Sensitivity by Gender

male 0 3.45%

female 20.00% 40.11% 5.68%
Specificity by Gender

male 93.90% 97.28%

female 97.14% 94.94% 99.09

The average age of the three samples varied from the
eldest, ;Viva Bien!, with a mean age of 61 years, to MENU,
the youngest, at 44 years old. As described above, the entire
jViva Bien! sample was female, while MENU 40% male and
Smoking Less, Living More was approximate 29% male.

Of the 593 subjects contacted regarding the Smoking
Less, Living More study who responded to the Hispanic self-
identification question, 44 (7.42%) self-identified as Hispan-
ics. The surnames of 46 subjects (7.76%) mapped to the
GUESS software. However, only 25 self-identified Hispanic
mapped to the surname software, for a sensitivity of 57%
and a specificity of 96%. Less than 5 % of the overall sample
lived in census tract reporting > 50% Hispanic and only 15%
of those self-identified as Hispanics lived in a census tract
reporting a Hispanic population > 50%.

Of the 1,185 females who were contacted for the ;Viva
Bien! study and who provided their race/ethnicity, 177
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(14.93%) self-identified as Hispanic. The surnames of 188
subjects (15.86%) mapped to the GUESS software, while
139 of the 177 self-identified Hispanic or females mapped to
the GUESS software, for a sensitivity of 79% and a specific-
ity of 95%. Almost 10% of the ;Viva Bien! sample lived in
census tracts reporting >50% Hispanic, and 40% of self-
identified Hispanics lived in a census tract with a Hispanic
population >50%.

Of the 513 MENU subjects who were contacted and re-
sponded to the Hispanic identification question, 146
(28.46%) self-identified as Hispanic. The surnames of 179
subjects (34.89%) mapped to the GUESS software, while
122 of the 179 self-identified Hispanics mapped to the
GUESS software for a sensitivity of 91% and a specificity of
89%. Less than 3% of the full sample lived in a census tract
with a Hispanic population >50%, and <5% of self-identified
Hispanics lived in a census tract with a Hispanic population
>50%.

Table 2 also describes the variation by gender for the two
measures of sensitivity and specificity (self-report vs
GUESS, and self-report vs geocoding) across the three stud-
ies. For females, the sensitivity of the GUESS system varied
from 54 percent in Smoking Less, Living More to almost 89
percent for MENU; sensitivity for females was lower than
for males in both studies (;Viva Bien! was limited to fe-
males). The GUESS sensitivity gender differential between
the two studies was 12.38 percent Smoking Less, Living
More and 6.19 percent for MENU. The GUESS specificity
was the lowest for MENU, overall, and for both males and
females. The gender variation associated with the sensitivity
of self-report and the geocoded census tract measure of
greater than 50 percent Hispanic varied from 0 for males to
20 percent in females in Smoking Less, Living More. In
MENU, the sensitivity was 5.68 percent, about 2 percent
higher than for males.

Results from the logistic regression model are described
in Table 3. Consistent with descriptive statistics in Tables 1
and 2, the surname of self-identified subjects in the MENU
and the ;Viva Bien! projects were significantly (p < 0.03)
more likely to map to the revised GUESS program than
those subjects enrolled in Smoking Less, Living More. How-
ever, when other characteristics were adjusted for, the mean
percentages of matches for each study did not significantly
change from those described in Table 1.

Controlling for age, gender, and census tract median in-
come flag, three of the census categories denoting the pro-
portion of Hispanic population were significantly associated
with the likelihood of a match (p < 0.03). Subjects living in
census tracts with 25% - 49% Hispanic representation were
seven times more likely (p < 0.001) to have a match than
those living in tracts with less than 5% Hispanic representa-
tion. However, as the concentration of Hispanic representa-
tion increased, the likelihood of a match decreased, but re-
mained significant (to the reference case of < 5%). Specifi-
cally, the size of the coefficient and the associated odds-
ratios decreased relative to the 25-49% category.

DISCUSSION

Using convenience samples derived from three very dif-
ferent behavioral interventions that were conducted in an
HMO located in a large metropolitan area, we found that the
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Table3. Multivariate Logistic Regression Model: Likelihood of Self-Identified Hispanics Mapping to Surname Program. N= 335
Variable Estimate Std. Error Odds Ratio 95% Confidence Limits p-Value

Intercept 1.63 243 0.50
Smoking Less, Living More Ref.

MENU 2.44 0.51 11.51 4.23,31.39 <.0001
Viva Bien 1.00 0.44 2.72 1.14,6.48 0.02
Age -0.10 0.09 091 0.76, 1.08 0.28
Age’ 0.001 0.001 1.00 0.99, 1.00 0.20
Gender (male = 1) -0.59 0.54 0.55 0.19, 1.59 0.27
Census Tract < 5% Hispanic Ref.

Census Tract 5-24% Hispanic 0.52 0.40 1.68 0.77, 3.65 0.19
Census Tract 25-49%Hispanic 1.96 0.59 7.08 2.21,22.63 0.001
Census Tract 50-75% Hispanic 1.63 0.63 5.08 1.50,17.23 0.009
Census Tract >75% Hispanic 1.36 0.60 3.90 1.20, 12.65 0.024
Income >= U.S. Median 0.14 0.39 1.15 0.54,2.46 0.713

-2 Log Likelihood for intercept at covariates = 320.49, Likelihood Ratio under the Chi-Square =37.17, with 7 degrees of freedom (p =< 0.0001).

sensitivity of the GUESS program varied from 57-91 percent
overall, 54-88 percent for females and 67 and 95 percent for
males (two of three studies). The sensitivity of the geocoded
census tract measures were low, and varied from approxi-
mately 5-40 percent. In this insured/employed and/or Medi-
care aged population, we found that subjects residing in
heavily Hispanic neighborhoods were less likely than those
in a neighborhood of <49% Hispanics, to be associated with
of a match between self-identified Hispanics and the GUESS
program.

With the exception of the estimated sensitivity of 54 per-
cent derived from our small sample of self-identified His-
panic female subjects in Smoking Less, Living More (n=35),
our findings are consistent with other published estimates of
the sensitivity and specificity of Spanish surnames for
women compared to self-reported ethnicity of 67 percent and
88 percent [8-10, 12]. A recent study by Sweeny and col-
leagues [11], estimated the sensitivity of GUESS or Spanish
Surname lists at 71.6 percent for cases, representing women
with breast cancer living in New Mexico or Utah, and 59.8
percent for the controls.

A study of a Kaiser Permanente population in the San
Francisco area [9] reported that compared with self-
identified ethnicity, a Spanish surname was 88.4 percent
sensitive in identifying Latino men and 70.4 percent sensi-
tive in identifying Latina women. In our study, the gender
differential in sensitivity only reached 12 percent in the
Smoking Less, Living More study where only 9 of 173
males self-identified as Hispanic. Spanish surname analyses
both falsely identifies a large number of non-Hispanic per-
sons as Hispanic and failed to identify a small proportion of
Hispanics. In the San Francisco study [10], a large propor-
tion of those falsely identified as Hispanic were non-
Hispanic Filipinos with Spanish surnames. This points to the
geographic variability in the accuracy of surname analysis
[10, 22]. Surname identification performs best in areas with
established and high density Hispanic populations [7].

We do not have information from our subjects regarding
the source of the mis-identification in this analysis. How-
ever, prior research has demonstrated that English-speaking
married and previously married women and those with
higher socioeconomic status showed the highest discordance
between self-reported ethnicity and surname coding [23].
The ;Viva Bien! was limited to females, and all three sam-
ples were derived from an insured population. Those in the
MENU project had to have access to the Internet, and more
than half of respondents from all three studies lived in a cen-
sus tract where the reported median household income was
above the 2000 national median household income of
$41,994. Therefore, it is probable that these insured subjects
in this study may represent a more acculturated and privi-
leged cohort than the overall Hispanic population.

The MENU project had the highest concordance between
self-reported Hispanic ethnicity and Spanish surname overall
and for females, but the lowest number of self-identified
Hispanics living in a census tract with a concentration of
Hispanics greater than 75% (3.42%). This is consistent with
other published studies that note that Hispanics live in far
less segregated neighborhoods than African Americans [22,
23]. We also found a non-linear relationship between the
likelihood of a match between a Spanish surname and in-
creasing density of a Hispanic census tract. This finding is
consistent with Logan ef al. (2001) [24, 25], who estimates
that the typical Hispanic lives in a neighborhood that is
45.5% Hispanic. Consistent with Chen et al. (2004), the geo-
coded measures that we used for identifying Hispanic mem-
bers may be less accurate in more acculturated, homogene-
ous, and higher socioeconomic population like the cohort
used in this study [26].

This study has several limitations. The study cohort was
derived from three behavioral interventions that do not rep-
resent a random sample of the KPCO population. Identifica-
tion and recruitment of subjects varied significantly across
the three projects. Two of the interventions actively at-
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tempted to recruit a high proportion of Hispanics. Initial re-
cruitment for ;Viva Bien! targeted the western suburbs of
Denver, which are known to be more heavily Hispanic. Ap-
proximately one-half of the MENU project’s initial mailing
was sent to members identified as having a Spanish surname.
In addition, the sample of self-identified Hispanics from
Smoking Less, Living More was very small, which limits
our ability to generalize across the range of sensitivities that
we found. We do not have information from the subjects to
determine the sources of discordance.

During the recruitment period of these studies, no
race/ethnic data were available. However, in order to pro-
mote the delivery of culturally and linguistic appropriate
services at KPCO, a significant effort is currently underway
to collect self-reported measures of race, ethnicity and lan-
guage preferences. However, these efforts are not without
barriers. A recent study by Baker ef al. (2005) found that
80% of patients agreed that health care providers should col-
lect information regarding race and ethnicity, but many felt
uncomfortable giving this information [27]. Additionally, in
the fall of 2006, two weeks prior to a KPCO mailing that
included a survey asking for self-report of race and ethnicity,
there was significant media coverage of Immigration and
Customs Enforcement raids of two large Denver construc-
tion sites that took place where more that 100 undocumented
workers were detained [28]. Until complete data is available,
health plans and other public health entities may need to rely
on ethnicity estimates derived from surname analysis and
geocoding to meet HEDIS requirements, applications for
federal grants, and other reporting needs.

CONCLUSION

We found significant variation in the sensitivity or con-
cordance between self-identified Hispanics and Spanish sur-
name and geocoded proxies. Fincella and Fremont (2006)
note that the advantages and limitation of geocoding and
surname analysis may complement each other and provide
an attractive means of inferring race/ethnicity among health
plan members [6]. Perhaps, as suggested by Fincella and
Fremont, geocoded data could be used to generate a priori
probabilities before assigning ethnicity based on surnames.
Until such hypothesis are confirmed and these newer meth-
ods are employed, our findings suggest that significant care
must be taken if these surname or geocoded proxies are used
to assess quality of care, to assess disparities in care, or to
assign biologic, behavioral or demographic characteristics to
populations [29].

However, surname analysis can be useful in a variety of
situations such as recruitment of minority patients for studies
and for planning services aimed at specific populations.
While the GUESS software is generally useful in identifying
Hispanics vs non-Hispanics whites, it would not be useful in
identifying the racial or ethnic identity where surname is not
reflective of race/ethnicity (e.g., African-Americans). Thus,
one must use it with care in any population with significant
percentage of African-Americans, since it would classify
African-Americans with non-Hispanic whites.
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