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Objectives. To aid state and local policymakers, program planners, and com-
munity advocates, we created estimates of the percentage of the population lack-
ing health insurance in small geographic areas of California.

Methods. We modeled probabilities of uninsurance using state-level, multiyear
data from the US Census Bureau’s Current Population Survey. The models were
applied to population projection data from a commercial vender (Claritas). We
updated the population data using the most recently available census and sur-
vey data to reflect intercensual population changes. Legislative district boundary
files were merged into the updated population projections. Finally, calibration en-
sured the consistency and stability of the estimates when they were aggregated.

Results. Health insurance coverage among nonelderly persons varied widely
across assembly districts, from 10% to 44%. The utility of local-level estimates was
most apparent when the variations in subcounty uninsured rates in Los Angeles
County (19%–44%) were examined.

Conclusions. Stable and useful estimates of health insurance rates for small
areas such as legislative districts can be created through use of multiple sources
of publicly available data. (Am J Public Health. 2007;97:731–737. doi:10.2105/
AJPH.2005.077743)
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In response to the demand for local-level
data on health insurance, we developed a
small-area estimation procedure to calculate
the numbers and percentages of the popula-
tion without health insurance in California’s
legislative districts in 2000, including all 80
assembly districts. Rao15 has reviewed the
methodology and application of small-area
estimation in health-related research. Small-
area estimation has been used to produce es-
timates for the prevalence of overweight
adults,16 substance abuse,17,18 and physician
visits.19 The US Census Bureau’s Small Area
Income and Poverty Estimates program pro-
vides intercensual data of selected income
and poverty statistics for states, counties, and
school districts.20,21 However, small-area
methodology has only recently been applied
to health insurance coverage. The US Cen-
sus Bureau’s Small-Area Health Insurance
Estimates project developed model-based es-
timates for the numbers of the uninsured
population for states and counties.22 How-
ever, the Small-Area Health Insurance Esti-
mates project is limited in its ability to derive
estimates for areas smaller than the county
level.

Using regression models and data from
multiple sources, we developed a small-area
methodology to derive synthetic estimates of
uninsured rates at subcounty levels. Our
method, which is similar to another approach
independently developed by Twigg et al.,23 is
flexible and can be replicated to develop simi-
lar estimates at any geographic level of inter-
est that is compatible with public data sources.

METHODS

The estimates we produced are “synthetic
estimates” because we begin with a survey
designed for estimating rates for a larger area
and use the pattern of associations for that
area to derive estimates for a smaller area.24

The CPS was a rolling sample design in
which a portion of sampled subjects are in-
cluded in the sample of the following year
and questioned again. The survey we used
was the CPS, which was designed to make
unbiased estimates of states and larger metro-
politan areas. To apply the findings from this
survey to create estimates of legislative dis-
tricts, we also used 1990 decennial census
data, legislative district boundary files, and

Lack of health insurance is a chronic public
health problem for over 45 million children
and nonelderly adults in the United States.1

California, the most populous state,2,3 has the
third highest uninsured rate nationally.4–6 An
estimated 19% of California’s population, 
6.3 million adults and children, went without
health insurance coverage in 2001.7 Al-
though California is a large and diverse state,
its uninsured population is unevenly distrib-
uted. Having no health insurance has been
associated with socioeconomic status, race/
ethnicity, age, and area of residence.8–12

Expanding health insurance coverage has
been a priority in many state legislatures.
Federal funds for the State Children’s Health
Insurance Program have been used to create
many new state initiatives. In the past decade,
there have been other state health policy ini-
tiatives to further expand health insurance to
children, as well as to reduce the number of
uninsured adults.13

Legislators want to know how their dis-
tricts will be affected by these initiatives;
however, current sources of data on health
insurance do not provide information at the
legislative district level. Nationally, the pri-
mary source of health insurance information
is the March Current Population Survey
(CPS) of the US Census Bureau, which pro-
vides annual estimates of the uninsured pop-
ulation. Its ability to generate substate esti-
mates is limited, however, especially for
metropolitan areas with populations under
500000.14 In addition, California legislative
districts do not follow administrative bound-
aries, such as counties or metropolitan statis-
tical areas (MSAs), that public data sources
identify. Estimates are therefore needed for
California Assembly districts, which have ap-
proximately 400000 residents each, and ge-
ographic areas with meandering census tract
boundaries. (In 2000, legislative districts
were redrawn with census blocks used as
boundaries.)
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TABLE 1—Distribution of Age, Race/Ethnicity, and Income-to-Poverty Ratios in Selected
Metropolitan Statistical Areas: California, 2000

Los Anaheim– Riverside–San San San San 
Angeles Oakland Santa Ana Bernardino Sacramento Diego Francisco Jose

Age, y, %

0–4 8.47 6.96 8.18 8.50 7.11 6.90 4.36 9.12

5–17 20.62 16.32 17.59 24.69 19.23 19.92 12.69 17.78

18–24 10.30 8.54 8.50 8.98 10.28 11.77 10.18 7.22

25–44 32.64 34.15 33.91 31.09 27.71 30.94 39.44 35.93

45–64 18.78 22.74 20.72 17.15 21.68 19.09 23.92 20.63

≥65 9.19 11.30 11.11 9.59 14.00 11.38 9.41 9.32

100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Race/ethnicity, %

Latino 44.51 10.38 24.30 31.49 11.37 22.54 15.90 22.89

Non-Latino White 34.83 62.23 59.40 50.33 67.07 56.18 57.40 46.47

African American 8.20 12.32 1.76 10.44 5.98 5.19 3.51 4.04

Asian 11.66 14.78 13.80 6.27 15.21 15.80 21.39 24.95

Native American 0.80 0.29 0.74 1.47 0.37 0.29 1.79 1.65

100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Income-to-poverty ratio,a %

< 100 19.60 7.45 8.63 16.30 17.35 14.48 6.84 8.00

100–133 8.08 2.91 6.43 6.79 7.74 6.18 4.92 5.22

134–200 14.74 7.40 12.53 14.20 7.69 13.22 9.14 8.00

201–250 9.11 6.55 7.20 11.21 8.42 7.08 6.05 6.09

251–300 7.14 6.82 6.91 8.44 5.57 10.55 5.63 5.91

≥ 301 41.33 68.87 58.30 43.06 53.24 48.50 67.42 66.78

100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Source. Current Population Survey, 1998–2000.
aIncome as a percentage of the federal poverty line.

updated small-area population projections
available from Claritas (San Diego, Calif), a
private marketing research firm that produces
annual demographic updates. The methodol-
ogy we developed involved 3 major steps:
modeling, merging, and calibrating.

Modeling
In the first step, we modeled the probabili-

ties of being uninsured using the March CPS.
The CPS conducts interviews with approxi-
mately 60000 households nationwide annu-
ally and obtains information on more than
150000 individuals, including more than
14000 in California. The March supplemen-
tal survey includes comprehensive questions
on health insurance coverage and other de-
mographic characteristics. Questions about 
insurance coverage at any time during the
preceding calendar year provide approximate

rates of uninsurance for that entire year. We
linked data from 1998–2000 California sam-
ples from the March CPS to ensure sufficient
sample sizes for this study. Previous studies
have found strong associations between insur-
ance status and demographic and socioeco-
nomic characteristics.12 We therefore included
age, gender, race/ethnicity, and income-to-
poverty ratio as predictors in logistic regres-
sion models. These variables are available in
both the CPS and the 1990 census, allowing
us to apply the results from the CPS-based
models to the census-based population data
at the census tract level. We used cross-
classifications of age, gender, race/ethnicity, and
poverty (see Table 1 for detailed categories).

In creating the outcome variable for the lo-
gistic regression models, we classified individu-
als as insured in the previous calendar year if
they had employment-based coverage, privately

purchased coverage, or public assistance cover-
age; individuals who did not have any identifi-
able coverage were classified as uninsured.

We expected that racial/ethnic populations,
especially immigrants, would cluster in defined
geographic areas. We therefore divided Califor-
nia into 12 smaller regions based on individual
MSAs or groups of adjacent MSAs: San Jose,
Sacramento, Oakland, Riverside–San
Bernardino, San Francisco, San Diego,
Anaheim–Santa Ana, Los Angeles, the remain-
der of Southern California, the Greater Bay
Area, the remainder of Northern and Central
California, and all other areas. The last group
included all areas not identifiable in the CPS
(Table 1 shows data for the 8 largest regions).
We then fit separate logistic regressions for
each region (stratified models). This approach
is a departure from that by Twigg et al.,23

which used multilevel models. By fitting sepa-
rate regressions, we simplified models that pre-
served geographic variation of the effects of
predictors on uninsured rates across California.

Merging
Next we merged the predicted probabilities

derived from the CPS models into population
data at the census tract level within the geo-
graphic regions noted in the previous para-
graph. By 2000, the 1990 census data at the
tract level were outdated, and the 2000 cen-
sus data were not yet available. We therefore
had to update the 1990 census data.

For updated data at the census tract level,
we purchased population estimates from
Claritas. Their total population and household
estimates at national, state, county, and place
levels start with estimates produced by the
Census Bureau and, in some cases, by state
agencies. The intercensual populations at the
census tract and block group levels incorpo-
rate counts of addresses to which the US
Postal Service delivers mail and household
counts from the Total Source consumer data-
base of Equifax (Atlanta, Ga), a major credit
report agency. When Claritas recently com-
pared their 2000 population household esti-
mates with the 2000 census population and
household counts, it found an average of
11.6% census tract–level errors and 15.3%
block group–level errors in the Claritas esti-
mates. However, the error rate drops substan-
tially after a small aggregation of 6 block
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groups (Claritas, unpublished data, 2004).
We therefore anticipated that potential errors
in the Claritas population projections would
not have a significant effect on our results be-
cause we were aggregating our estimates to
larger assembly and senate districts.

The Claritas population projections were
based on noninstitutionalized populations, con-
sistent with the CPS sampling universe. The
population projections thus included the total
US resident population regardless of citizen-
ship status, minus persons living in group quar-
ters, such as nursing homes, college dormito-
ries, and prisons. Although the Claritas 2000
population projections contained basic demo-
graphic variables—such as age, gender, and
race/ethnicity—at the census tract level, they
did not include information on poverty.
Adding poverty estimates to the Claritas data
required additional steps. The base informa-
tion was the 1990 census tract–level poverty
ratios. Because the 1990 census did not con-
tain sufficient details on incomes above 100%
of the federal poverty line, the income data
was insufficient for application of model of in-
surance coverage (developed in CPS). There-
fore, we modeled the distributions of 6
income-to-poverty ratios in concatenated
3-year CPS data (1989–1991). The estimated
income distributions were then merged into
and adjusted by the same income categories in
the 1990 census Summary File 4 (SF4) data.
This step created estimates that aggregated to
the published rates for the less detailed pov-
erty ranges at the tract level by age and race/
ethnicity. The derived poverty ratio distribu-
tions were then adjusted by the data from con-
catenated 3-year CPS data (1998–2000) to
account for changes in income distributions
during the decade. This step provided the data
on poverty ratios, which the Claritas data pre-
viously lacked. (Detailed procedures are avail-
able upon request from the first author.)

Goodness-of-fit is important when the pre-
dicted probabilities from a logistic regression
model are applied to new data.25 A commonly
used measure is the Hosmer–Lemeshow
goodness-of-fit test, which compares observed
to predicted outcomes across several strata. In
our modeling, most of the models in both
steps (imputing poverty and predicting un-
insurance) fit well (χ2 test with P >.05),
although some models had P values less than

.05, which happened mainly in large metro-
politan areas with diverse populations. Given
the limited predictors available, we tried to
improve the fit by including interactions in the
models. For the logistic model predicting unin-
surance in Los Angeles County, which used
only the main factors of age, gender, poverty,
and race/ethnicity, the P value for χ2 was less
than .0001, indicating inadequate fit. To im-
prove this, we included second-order inter-
actions. A stepwise procedure was then used
to select interaction terms in the model while
forcing the main factors to stay in the model.
The P value of the resulting model was .323,
indicating a satisfactory fit.

The final step in the merging process was to
calculate the numbers of uninsured in each
legislative district. We first applied the param-
eter estimates from the CPS uninsurance mod-
els to the created 2000 population projections
to derive the predicted probabilities of being
uninsured; this procedure was conducted for
each of the 12 regions. We then multiplied the
predicted probabilities by the population pro-
jections to estimate the numbers of uninsured.
Finally, we calculated the numbers of unin-
sured for each legislative district by aggregat-
ing the numbers of uninsured for all the cen-
sus tracts within each legislative district.

Calibrating
Because the CPS is widely used for esti-

mates of the uninsured population and our
predictive model was created with the CPS,
our estimates needed to be consistent with di-
rect estimates from the CPS. We therefore
“calibrated” our synthetic estimates with direct
estimates from the 2000 March CPS, using 3
steps. First, we obtained direct estimates of the
uninsured rate (E1) from the CPS for a given
geographic area A, such as Los Angeles. Sec-
ond, we derived the uninsured rates (E2) from
the merged Claritas data in area A by aggre-
gating the numbers of uninsured in each cen-
sus tract in the area calculated in the merging
step and then dividing it by the total popula-
tion in that area. An adjustment factor r was
derived as r =E1/E2. The third step was to
apply this r to all the census tracts in the de-
fined area to calculate the adjusted numbers
of uninsured. The uninsured rates in legisla-
tive districts were calculated by aggregating
the final adjusted number of uninsured in the

census tracts in each district and dividing it by
the total population in that district.

This calibration step also reduced potential
errors in the estimates that would have re-
sulted from the models lacking an ideal fit.
Calibration kept our estimates at local levels
consistent with the latest CPS estimates and,
in essence, reduced the function of the mod-
els to distributing the number of the “known”
uninsured among the census tracts within
each region. That is to say, our final goal was
not to estimate the number of uninsured per-
sons but rather to estimate the distribution of
a fixed number of uninsured persons into ge-
ographic subareas (legislative districts) that
had specific population characteristics.

Our final step in the calibration process
was to calculate the variances of the unin-
sured estimates for legislative districts and
their corresponding coefficients of variation.
We designated 30% as the cutoff for accept-
able coefficients of variation, consistent with
the standard practice of the National Center
for Health Statistics.26 When coefficients of
variation were larger than 30%, we enlarged
the area A and repeated the calibration until
the coefficient of the estimate became less
than 30%.

In these calculations, we assumed that the
population data were fixed and that all the
variances came from the components related
to the CPS survey. The calculation of vari-
ances consisted of 2 steps. First, we applied
the formula by Taylor expansion in which the
variance–covariance matrix for estimated re-
gression coefficients in the model was “sand-
wiched” by the partial derivatives of the prob-
ability estimator with respect to the regression
coefficients in the model. The matrix was de-
rived from the CPS model. Second, another
Taylor approximation was applied to take into
account the ratio adjustment of the calibra-
tion. (Further details can be found in the
methodological appendix, available upon re-
quest from the first author.)

RESULTS

Table 1 shows demographic characteristics
of California’s population for 8 of the 12 re-
gions. These 8 regions are the largest in the
state and illustrate the variations in popula-
tion characteristics. Overall, Riverside–San
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Note. California assembly districts are numbered north to south, from Assembly District 1 (AD1) along the Oregon border to AD80 along the Mexican border.

FIGURE 1—Uninsured rates, with corresponding 95% confidence intervals, among population aged 0 to 64 years by assembly district:
California, 2000.

TABLE 2—Estimated Uninsured Rates of Selected California Assembly Districts (ADs) in the
Greater Los Angeles Area: California, 2000

Population by 
Population by Race/ Income-to-Poverty 
Ethnicity (All Ages), % Ratioa (All Ages), %

Rate of Uninsured African Native 100– 201– ≥
Assembly District (Ages 0–64 y), % White Latino API American American < 100 200 300 301

AD38 (San Fernando Valley) 19 64 22 12 2 0 7 16 18 59

AD47 (Culver City and Crenshaw) 28 24 31 9 36 0 20 23 15 42

AD51 (Inglewood) 31 15 44 9 32 0 22 25 16 37

AD46 (Downtown Los Angeles) 44 3 75 15 7 0 37 35 10 18

Note. API = Asian/Pacific Islander. Tables of the uninsured rates and corresponding demographic data for all assembly and
senate districts in California can be found in Brown et al.27

aIncome as a percentage of the federal poverty line.

Bernardino had the youngest population and
San Francisco the oldest. The highest propor-
tions of Latinos were located in Los Angeles
and Riverside–San Bernardino. The highest
proportions of non-Latino Whites, Asians,
and Native Americans were found in North-
ern California, whereas the largest propor-
tions of African Americans were found in
both Northern (Oakland) and Southern Cali-
fornia (Riverside–San Bernardino). Los Ange-
les and Riverside–San Bernardino also had
the highest proportions of poor and near-
poor residents, whereas the greater San Fran-
cisco area had the highest proportions of resi-
dents with income-to-poverty ratios of 300%
and higher. This regional variation supports
the importance of modeling insurance cover-
age through use of samples stratified by
region.

Figure 1 shows the point estimates and
corresponding confidence intervals for the
uninsurance rate in California’s 80 assembly

districts, which are the smallest geographic
areas in our study. The estimates show that
health insurance coverage among nonelderly
persons varied widely across assembly dis-
tricts, from 10% to 44%.

The utility of local-level estimates was most
apparent when the variations in subcounty
uninsured rates in Los Angeles County were
examined (Table 2). The CPS direct estimate
of the uninsured rate for Los Angeles County
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was 32%. This rate, though alarmingly high,
provided insufficient specificity for a diverse
and populous area like Los Angeles County.
The county comprised 25 assembly districts
with varying incomes and racial/ethnic distri-
butions. On the basis of known correlates of
insurance status, we expected that districts
with higher average incomes and lower pro-
portions of Latino residents were likely to
have lower uninsured rates than were districts
with lower average incomes and higher pro-
portions of Latino residents. For example, 
Assembly District 38 in northwestern Los
Angeles County had a population that was
predominantly non-Latino White with in-
comes above 300% of the federal poverty
level in 2000. In contrast, Assembly District
46, located in and around downtown Los
Angeles, had the most ethnically diverse pop-
ulation and the highest concentrations of low-
income residents of all California assembly
districts. As expected, the uninsured rate in
Assembly District 38 (19%) was the lowest in
Los Angeles County, and the rate in Assem-
bly District 46 (44%) was the highest.

Figure 2 is a map of estimated uninsured
rates across Los Angeles County, as well as all
of California. Such maps are popular with pol-
icymakers and advocates because the maps
allow policymakers to determine quickly and
intuitively how their districts are faring com-
pared with others.

DISCUSSION

Small-area estimation methods have 2 as-
pects, generality and specificity. The former
reflects the fact that to derive relatively stable
estimates for small areas, a method has to
“borrow strength.” This occurs by making use
of the shared characteristics in a larger area
that contains the smaller area of interest.
Specificity reflects the fact that a desirable
estimate should preserve some “locality” that
makes the area distinct from others. There-
fore, most methods for small-area estimation
have fixed effects for characteristics that are
shared by the large domain and also random
effects that accommodate the variations
among the small areas of interest.

Twigg and Moon28 compared their syn-
thetic estimations with direct estimates from
3 local surveys on smoking and unsafe

drinking. They found a clear disparity be-
tween the 2 sets of estimates, a finding that
could be attributed to differences in the de-
sign of the surveys and how they were con-
ducted but also to the very nature of small-
area estimation. In their study, the estimates
for small areas that used global models based
on national (United Kingdom) data tended to
be closer to the mean for the entire data set
than the direct estimates for the same areas.
The extent of this phenomenon is called
“shrinkage.” “Borrowing strength” therefore
has the effect of forcing the estimates into a
narrower range than that provided by the
direct measurements.

Our method departs in several aspects from
that of Twigg et al.23 Most notably, we fit sepa-
rate models for individual MSAs or groups
of MSAs so that we could retain regional vari-
ations in the state, thereby reducing the prob-
lem of shrinkage to the global mean (i.e., state-
wide average). The second major difference
was that we also calibrated our small-area esti-
mates to “reliable” direct estimates. The CPS
data is widely used to estimate uninsured
rates; therefore, we used the data as a gold
standard and made our estimates consistent
with other published estimates. However, be-
cause the calibration process was applied uni-
formly across the MSA level, it may have
overadjusted or underadjusted the uninsured
rates in some subareas within an MSA.

Limitations
There are several limitations to our study.

First, our small-area estimations are not the
actual rates of the uninsured, even though
studies have indicated that income, race/
ethnicity, age, and gender are good predictors
of having no health insurance.29 In particular,
we were not able to account for the effects of
local initiatives on the true uninsured rate. For
instance, if a community had a successful out-
reach effort to enroll those who were unin-
sured but eligible for public programs, the suc-
cess of that effort might not be reflected in the
estimates that were derived from the patterns
of a much larger area. Small-area estimations
are therefore not appropriate for evaluating
the success of local coverage initiatives. Sec-
ond, the accuracy of our results heavily relied
on the quality of the CPS and Claritas data.
The CPS data underestimates the participation

rate in public insurance, such as Medicaid,
which may result in an overestimation of unin-
sured rates.30 Consequently, our uninsured
rates may have been overestimated for some
areas, especially areas with high concentra-
tions of Medicaid enrollees.

Finally, the CPS’s “rolling sample” design
means that some of the same respondents are
surveyed in consecutive years, making the
samples not fully independent across years.
However, we lacked the precise information
to measure, and therefore to account for, its
effect in the models and variance calculations.
In addition, by assuming that the population
data from Claritas were fixed, we omitted a
potential measurement error associated with
the projection process. These factors would
potentially make the true confidence intervals
wider than those presented in Figure 1.

Conclusions
These findings show that small-area esti-

mation is a powerful tool for revealing varia-
tions in uninsured rates in local areas. Our
statewide estimates of uninsured rates by
legislative districts, which were the first of
their kind, were well received by policymak-
ers. The data became an essential reference
for state politicians and advocates to gauge
their constituencies’ needs. Even in districts
with comparatively low rates of uninsured
persons, advocates made influential argu-
ments that the numbers of uninsured per-
sons were unacceptably high.

Using a small-area estimate methodology
provides 1 route to producing stable esti-
mates of the uninsured population at local
levels. By applying models derived from re-
gional data to more localized population pro-
jection data, this method allows the creation
of small-area estimates for many different ge-
ographic units, including legislative districts,
cities, and small counties, that can be created
from census and other data. The resulting
data are informative for decisionmaking and
planning efforts to expand health insurance
coverage across the country.
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FIGURE 2—Map showing uninsured rates among population aged 0 through 64 years by assembly district: California, 2000.
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