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Research and Practice Methods
omparison of Small-Area Analysis Techniques for
stimating County-Level Outcomes

aomiao Jia, PhD, Peter Muennig, MD, MPH, Elaine Borawski, PhD

ackground: Since many health data are unavailable at the county level, policymakers sometimes rely on
state-level datasets to understand the health needs of their communities. This can be
accomplished using small-area estimation techniques. However, it is unknown which small-
area technique produces the most valid and precise results.

ethods: The reliability and accuracy of three methods used in small-area analyses were examined,
including the synthetic method, spatial smoothing, and regression. To do this, severe work
disability measures were first validated by comparing the 2000 Behavioral Risk Factor
Surveillance System (BRFSS) and Census 2000 measures (used as the gold standard). The
three small-area analysis methods were then applied to 2000 BRFSS data to examine how
well each technique predicted county-level disability prevalence.

esults: The regression method produces the most valid and precise estimates of county-level
disability prevalence over a large number of counties when a single year of data is used.

onclusions: Local health departments and policymakers who need to track trends in behavioral risk
factors and health status within their counties should utilize the regression method unless
their county is large enough for direct estimation of the outcome of interest.
(Am J Prev Med 2004;26(5):453–460) © 2004 American Journal of Preventive Medicine
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tate and local health departments, community-
based organizations, and policymakers need valid
and precise local data for program planning,

rogram evaluation, and resource allocation.1,2 How-
ver, while there are rich and varied sources of national
ealth data, few local health data are available for most
ounties, and local health departments and communi-
y-based organizations often lack the resources to col-
ect data on their own. The Behavioral Risk Factor
urveillance System (BRFSS), which was designed to
elp improve local decision making by providing state-

evel data, provides an array of annual health behavior
nd health status information.3,4 However, in the
RFSS, the sample size at the county level is often too

mall to estimate local outcomes.4–6

Local health agencies commonly rely on temporal
i.e., combine several years of data for one county) or
patial (i.e., combine several counties together) data
ggregation to increase sample size and therefore in-
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rease precision. However, estimates based on tempo-
ally aggregated data cannot show time-trend differ-
nces for smaller counties, and area differences require
patial delineation. Many statistical procedures, which
all under the rubric of “small-area analyses,” have been
eveloped to help fill this void.7,8 These include the
ynthetic method, spatial data smoothing, and regres-
ion analysis. The synthetic method applies statistics for
he nation as a whole to local areas based on each area’s
emographic characteristics.9 Spatial data smoothing
ses data from neighboring communities and the area
f interest to calculate a weighted moving average value
f neighboring areas.10 Finally, the local area outcomes
an be estimated through multivariate regression with
rea-specific data as predicators.8,11 To our knowledge,
he validity and precision of the BRFSS for county-level
nalyses have not been examined across these methods.

One useful statistic for local planners is the preva-
ence of severe work disability. Severe work disability is
efined as inability to work due to physical or mental
onditions.12,13 Since 1993, the BRFSS has included a
umber of questions that measure respondents’ per-
eived health status and activity limitation.14 A measure
f severe work disability based on these survey instru-
ents has been developed and has shown good to

xcellent validity.15 The Centers for Disease Control
nd Prevention (CDC) subsequently promoted the
RFSS as a potential source of annual disability data.16
ikewise, the decennial census contains a measure of

4530749-3797/04/$–see front matter
lsevier Inc. doi:10.1016/j.amepre.2004.02.004
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evere work disability.17 While slightly different from
he measure contained in the BRFSS, the census mea-
ure can be used to validate county-level BRFSS disabil-
ty data, since it was designed with a sampling frame
arge enough to provide precise and reliable estimates
or geographic regions much smaller than a county.15,17

The main objective of this study was to investigate
arious methods for estimating the annual prevalence
f county-level severe work disability using the BRFSS
referred to henceforth as “county-level disability prev-
lence”). Disability is used as a proxy measure to examine
he validity and precision of three small-area analysis
echniques for other measures or variables as well. The
hallenge has been to obtain stable estimates of pat-
erns of disease or risk factors for disease, and to allow
or relative comparisons with the county of interest.

aterials and Methods

ounty-level disability prevalence was examined using
000 BRFSS data and Census 2000 disability data vali-
ated the estimates. The performance of three small-
rea estimation methods—the synthetic method, spa-
ial data smoothing, and regression analysis—was then
ompared. A working regression procedure was pro-
ided that may help local health officials and other
lanners understand the needs of the communities
hey serve, track their progress from year to year, and

ake comparisons between their counties and neigh-
oring counties.

ata Sources

he 2000 BRFSS data were used for individual-level
lassification of severe work disability.15 The BRFSS is
n annual telephone interview survey coordinated by the
DC, with data collected by individual state health depart-
ents.3,4 The BRFSS uses random digit dialing with a
ultistage cluster design to generate probability-based

amples of the adult civilian noninstitutional population
f each of the 50 states and the District of Columbia.
he BRFSS data contain weighting factors to adjust for
oststratification as well as selection probabilities.
Severe work disability was defined as self-reported

nability to work, or not working and self-rated poor
ealth, or reported 14 or more days of activity limita-

ion in the past month among adults aged 18 to 64
ears.15 In addition, the following BRFSS variables were
sed in this analyses: respondent’s age, race, gender,
nd county of residence.

County-specific data were collected from different
ources and merged into the BRFSS survey data by
atching the county of the survey respondents’ resi-

ence across datasets. The following county-specific
ata were used: (1) sociodemographic descriptors, socio-

conomic statistics, and work disability data from Cen- b

54 American Journal of Preventive Medicine, Volume 26, Num
us 200017; (2) the Area Resource File18; and (3) 1996–
998 age-adjusted mortality from the CDC.19

ata Analysis

he SAS software package (SAS Institute Inc., Cary NC,
999) was used for data analysis. Standard error was
alculated using SUDAAN (Research Triangle Institute,
esearch Triangle Park NC, 1997) to adjust for com-
lex sampling design in the BRFSS. County-level dis-
bility prevalence was estimated by applying the same
ata to each small-area analysis method under study.

he Synthetic Method

onsidering the notation y for the dichotomous pres-
nce or absence of severe work disability, suppose that
ij is a Bernoulli variable with probability pij for obser-
ations in the demographic category j and county i. Let

ˆ.j be the estimated three-way age-race-gender tabulated
ates at the state level for demographic category j.
uppose that the population in demographic group j
nd county i is nij, and that the total population in
ounty i, ni. �

j
¥nij, are known (from the Census 2000).

hen the synthetic estimate of the rate for county i is
he summary of p̂.j over all demographic groups,
eighted by the proportion of the county population in
ach demographic category:

p̂i � �
j

nij

ni.
p̂ �j.

patial Data Smoothing

ecause of the small sample size of county-level data in
he BRFSS, direct calculation of county-level disability
revalence produces a scattered pattern of data points.
he prevalence rates were smoothed using a spatial
ata smoothing algorithm, called “weighted head-bang-

ng.” This stabilizes estimates and better reveals the
nderlying pattern of prevalence.10,20

Let p̂i be the estimated prevalence based on the
irect calculation of severe work disability prevalence
ates for county i. Each county had up to 27 neighbor-
ng counties. The median estimated disability rate was
alculated for neighboring counties (ui). These neigh-
oring counties were then grouped according to
hether their estimated disability rates fell above or
elow ui. The following two quantities were defined as:

high screen for county i � weighted median

prevalence of neighboring counties �ui

low screen for county i � weighted median

prevalence of neighboring counties �ui

ith weights based on the county population. If p̂i was

etween the high and low screens, its value was not

ber 5
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hanged. If p̂i was greater than its high screen, then its
alue was changed to the high screen and vice versa.
he smoothing method was applied to all counties, and

hen the above process was repeated ten times in order
o generate a moving average.10

egression Analysis

onsidering a vector of t covariates, xij � (xij1, . . . , xijt)�
or each respondent, and corresponding fixed effects
� (�1, . . . , �t)�, a multilevel logistic regression model
as used with a county-level random effect �i:

logit(pij) � x�ij � � �i .

he random effect �i is assumed to be normally distrib-
ted with a mean of zero and a variance equal to �2.
he covariates xij include data measured at two levels:

he BRFSS survey respondents’ demographics and the
ounty socioeconomic and health-related variables.
nce the regression parameters were estimated, we

alculated p̂i, the prevalence rate for demographic
roup j in county i, and then the county-level preva-
ence rate:

p̂i � �
j

nij

ni
p̂ij .

n most applications, the random effect term �i is too
mall to have an impact on the accuracy of p̂i

�0.001%). To simplify the analysis, values of random
ffects were not estimated and �i was assumed to be 0.
owever, the random effect term was included in the
odel in order to improve estimation for fixed effect �

o ensure the correct selection of variables for the
odel.21,22

Demographic variables (i.e., age, gender, race/eth-
icity) were first added into the model, and county-

evel variables that were statistically significant were iden-
ified using variables known to be associated with work
isability. Because some of these variables were moder-
tely to highly correlated, a factor analysis technique
as applied to include as many county characteristics as
ossible.23 Four factors were identified from these
ounty-level variables: (1) socioeconomic characteristics
unemployment rate, poverty rate, per capita income,
edian household income, and the proportion of adults
ith �12 years of education); (2) mortality (age-adjusted
ortality by gender and race); (3) demographic char-

cteristics (proportion of persons who live in rural
reas and proportion of adults married); and (4) health
are service resources and utilization (hospitals, hospital
eds, and hospital admissions per 100,000 population).
These four county-level factors, as well as individual

emographics, were fitted into the logistic models to
btain regression-based estimates of county-level dis-
bility prevalence. The regression analysis was con-
ucted separately for the nine census divisions: New

ngland, Middle Atlantic, East North Central, West r
orth Central, South Atlantic, East South Central, West
outh Central, Mountain, and Pacific.

alidations

ounty estimates were validated by comparing them to
ounty-level disability prevalence data from Census
000. The census was chosen to serve as the “gold
tandard” for severe work disability because the census
ata were designed to provide a precise estimation of
evere work disability rates at the county level.

Discrepancies between the census (ri) and the BRFSS
pi) rates were examined by:

. Scatter plots of the BRFSS estimates versus the
census rates

. Pearson (�) and Spearman (s) correlation coeffi-
cients

. Mean square error (MSE):

1
N

�
i�1

N

(pi � ri)
2;

. Mean absolute difference (MAD):

1
N

�
i�1

N

�pi � ri�;

. Mean relative absolute difference (MRAD):

1
N

�
i�1

N �pi � ri�
ri

; and

. Rank statistics24:

�12
N

�
i�1

N � rank(pi � ri)
N � 1

�
1
2�(pi � ri),

here N is the number of counties.

esults
ationwide and State-Level Estimates of
isability

n 2000, the BRFSS sampled a total of 146,018 adults
ged 18 to 64 years. The overall self-reported severe
ork disability prevalence was 4.57% (95% confidence

nterval [CI]�4.35%–4.79%), which was very close to
he estimated prevalence of disability obtained from
ensus data (4.43%). Individuals aged 55 to 64 years
ere approximately six times more likely to report
eing disabled than those aged 18 to 24 (12.37% vs
.07%, p �0.001). The increase in risk with age only
ccurred for persons aged �35 years. This positive
elationship between age and disability was present in
ll race/ethnicity–gender subgroups.

Women were approximately 74% more likely to

eport severe work disability than men (5.92% vs

Am J Prev Med 2004;26(5) 455
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.41%), and these gender differences were also signif-
cant in all age–gender subgroups. Nonwhites had a
igher severe work disability rate than whites (5.82% vs
.26%), but white and nonwhite women aged 18 to 24
ad a similar risk (2.85% vs 2.87%).
State-level prevalence data were calculated directly

rom the BRFSS. Figure 1 presents plots of state-level,
evere work disability prevalence rates estimated from
he BRFSS data versus rates calculated from the census.
he correlation coefficient between BRFSS and census
ata was 0.89 and 43 of the 51 (84%) of the BRFSS
stimates were within 1% of the census data.

omparison of Small Area Techniques

ost counties did not have enough data to directly
alculate the prevalence of disability. Nearly 84% of the
ounties (2615 of 3117) had �50 observations, the
inimum number of subjects that the CDC accepts for

eporting prevalence.6 Furthermore, estimations were
btained with acceptable accuracy, that is, coefficient of
ariation �30%, for only 66 counties (2.1%).

To validate each small-area analysis method, esti-

igure 1. Plots of state-level severe work disability rates estima
ersus rates calculated from the 2000 Census. (X and Y value
ode abbreviations.
ates obtained from each technique were compared to s

56 American Journal of Preventive Medicine, Volume 26, Num
evere work disability rates obtained from the census
Figure 2). In this figure, estimates obtained from each
f the three small-area estimation methods and direct
stimates obtained from the BRFSS are plotted against
stimates from the census. As expected, the direct
stimates were unstable. The map of direct estimates
not shown here) was scattered, with nearly half (46%)
f estimates either equal to 0% or 100%.
The synthetic method improved county-level esti-
ates greatly over direct estimation. All discrepancy

tatistics showed an acceptable match between synthetic
stimates and census prevalence. For example, the
orrelation coefficient with the census rate was 0.55
elative to 0.26 for direct estimation (see Table 1). The
ynthetic method greatly improved MSE, MAD, MRAD,
nd ranked statistics values over direct estimation (Ta-
le 1; small values are better). However, as suggested by
ther investigators,25 the synthetic method aggregated
stimates to state means (Figure 2), limiting the ability
f this method to show geographic patterns at the
ubstate level.

The data smoothing method better defined within-

om Behavioral Risk Factor Surveillance System (BRFSS) data
resent percent prevalence.) States are represented by postal
ted fr
s rep
tate variation and appeared to stabilize the county-

ber 5
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evel estimates (see Figure 2). In general, the data
moothing method performed better than the synthetic
ethod in county level estimation. For instance, its

orrelation with the census data increased from a
oefficient of 0.55 to 0.63. However, estimates based on
his method were still unstable for counties from re-
ions with sparse BRFSS data. Because some of these
nstable estimates had large errors, the smoothing
ethod had larger MSE and MAD values than the

ynthetic method (Table 1).
The regression method demonstrated a significant

mprovement over the synthetic method and data
moothing by further defining the within-state variation
nd providing more stable estimates than those based
n other methods. Regression estimates were much
loser to census rates with less bias (Figure 2). The
earson and Spearman rank correlation coefficients
oth improved to 0.80, and all discrepancy statistics
howed much lower values of the MAD, MSE, MRAD,
nd ranked statistics.

There are some counties in the BRFSS with over 400
bservations, a sample size regarded by some to be

arge enough to produce precise direct survey esti-
13

igure 2. Comparison of estimates obtained from each techn
nd Y values represent percent prevalence.)
ates. Therefore, final estimates were further im- h
roved by using a composite method,8 which involved
btaining a weighted average of regression estimates
nd direct estimates.

The results of the composite estimate of county-level
isability prevalence for all 3117 counties are presented
s a map in Figure 3. The regions with the highest rates
ere found in the Appalachian region and the Missis-

ippi Delta. Other regions with high prevalence rates
ere Northern Maine, the Southeast Coast, Upper
ichigan and Northern Wisconsin, Northern Califor-

ia and Oregon, and some areas in the Southwest. The
idwest had the lowest severe work disability rates in

he nation.

iscussion

he regression method was found to be superior to the
ynthetic method and data smoothing with respect to
orrelation with census data and other discrepancy
tatistics. We also demonstrated that it can be easily
eployed.
To date, the synthetic method has been the most

requently employed technique in the field of public
9,25

to severe work disability rates obtained from the census. (X
ique
ealth, perhaps due to its ease of use. However, this

Am J Prev Med 2004;26(5) 457
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ethod is biased and lacks specificity for tracking
hanges over time or examining local patterns of
iseases because it applies statistics from larger areas to

ocal areas based on demographic characteristics.
The spatial data smoothing method removes some of

he background noise10,20 and appears to produce
ore useful local area estimates, particularly for coun-

ies within regions with large sample sizes. Estimates
ased on smoothing have more accuracy and validity
han synthetic estimates. However, when a single year of
RFSS data is used, it may not stabilize all county-level
stimates for regions with a small sample size.10 While
ggregating data over many years improves the predic-
ive power of such estimates for most counties, it does
ot permit policymakers to follow health trends or
valuate the effects of public health interventions such
s public communications campaigns. Another weak-
ess of the smoothing method is that estimates at U.S.
order regions do not perform well since there are
ewer neighboring counties.

In this analysis, a multilevel model was used with one
ounty-level random effect similar to the generalized
inear mixed model by Jiang et al.,26 modifying previous
pproaches.8,22,27 Although a test of variance compo-
ent rejected the null hypothesis of �2�0, estimates for
andom effects �i were all approximately zero and had
ery little impact on their corresponding estimates of
ounty prevalence pi. Therefore, the model inference
as simplified by not estimating random effect terms
nd assuming them to all be equal to zero. The random
ffect was included in this model to obtain a more

21,22,26

able 1. Discrepancy statistics between 2000 BRFSS estimate

iscrepancy statistics

earson correlation coefficient
pearman correlation coefficient

ean Square Error (MSE):
1
N �

i�1

N

(pi � ri)
2

ean absolute different (MAD):
1
N �

i�1

N

�pi � ri�

ean relative absolute different (MRAD):
1
N �

i�1

N �pi � ri�
ri

anked statistics:
�12
N �

i�1

N

(
rank(pi � ri)

N � 1
�

1
2

)(pi � ri)

RFSS, Behavioral Risk Factor Surveillance System
ccurate estimation of variance for fixed effects. s

58 American Journal of Preventive Medicine, Volume 26, Num
The main limitation of the regression model is that it
equires area-level demographic data, which might be
ot available in all circumstances; in some areas, this
equires additional demographic work during nonde-
ennial years. The accuracy of regression estimates may
lso be compromised in some counties by poor predic-
ion. Some have suggested including a spatial smooth-
ng procedure for regression estimates given that simi-
ar measures are not typically available in larger datasets
or cross validation.10

Previous analyses have shown that the prevalence of
evere work disability has been relatively stable for
ecades in the United States.28 The current results were
imilar to those recorded in health and demographic
atasets over the past 3 decades. However, rates in local
reas are much more variable. Therefore, state and
ocal health officials need valid and relatively precise
ata in order to plan accordingly for rehabilitation, job
raining, and other programs for the disabled, to
valuate progress in meeting the needs of disabled
eople, for identification and prevention of causes of
isability, and to allocate federal and state funds.
Model building takes time and effort. It would there-

ore be logical for the BRFSS group to either coordi-
ate outside efforts examining other variables, or to
onduct such analyses internally. This would ensure
hat efforts are not duplicated and are maximally
ost-effective.

In summary, this regression-based small-area estima-
ion procedure is relatively computationally simple and
rovides a significant improvement over the often used

Census 2000

Direct Synthetic Smoothing Regression

0.26 0.55 0.63 0.80
0.23 0.58 0.54 0.80

99.99 3.75 4.05 2.56

5.63% 1.43% 1.54% 1.27%

118% 33.7% 32.6% 26.5%

7.05 1.78 1.83 1.14
s and
ynthetic method. This study provided evidence that

ber 5
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he BRFSS can be used as a valid source of annual
ounty-level health data. Another significant contribu-
ion of this study was to demonstrate that the estimated
evere work disability prevalence, at national, state, and
ounty levels, based on the 2000 BRFSS data were
imilar to Census 2000 disability data. The regression
ethod simplified using a mixed model can produce

ersatile and valid estimates of local health outcome
easures. We anticipate that this will improve planning

mong local health agencies with limited resources.
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