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The Impact of Data
Suppression on Local
Mortality Rates: The Case
of CDC WONDER
Chetan Tiwari, PhD, Kirsten Beyer, PhD, MPH,
MS, and Gerard Rushton, PhD

CDC WONDER (Centers for Dis-

ease Control and Prevention

Wide-Ranging Online Data for Epide-

miologic Research) is the nation’s

primary data repository for health

statistics. Before WONDER data

are released to the public, data cells

with fewer than 10 case counts are

suppressed. We showed that maps

produced from suppressed data

have predictable geographic biases

that can be removed by applying

population data in the system and

an algorithm that uses regional

rates to estimate missing data. By

using CDC WONDER heart disease

mortality data, we demonstrated

that effects of suppression could

be largely overcome. (Am J Public

Health. 2014;104:1386–1388. doi:

10.2105/AJPH.2014.301900)

CDC WONDER (Centers for Disease Control
and Prevention Wide-Ranging Online Data for
Epidemiologic Research) provides county-level
data on directly age-adjusted mortality rates, and
age- and gender-stratified mortality and popula-
tion counts.1 To protect against the potential
disclosure of personal health information,
WONDER suppresses any statistic (counts or
rates) calculated using fewer than 10 observa-
tions.2 However, such suppression restricts the
utility of WONDER data to compute and map
reliable rates for areas with small populations, for
short time periods, or for rare diseases.3,4 Fur-
thermore, rates that are indirectly adjusted for
age, which are currently not provided by WON-
DER, can only be calculated for those counties
where count data are not suppressed.5,6 Using an
example of heart disease mortality, we showed

TABLE 1—Continued

Utah 1.8 No No No No

Vermont 1.31 No Yes Yes No

Virginia 4.32 Yes Yes Yes No

Washington 2.39 Yes Yes No No

West Virginia 3.62 No No No No

Wisconsin 2.46 No Yes No No

Wyoming 2.15 No Yes Yes No

TABLE 2—Adjusted Effect of the State Regulations on Firearm Homicides: United States,

1995–2010

Outcome/Laws IRR (95% CI) AIC

Homicide rate 34.65

Licensing 0.74* (0.67, 0.81)

Record keeping 1.45* (1.30, 1.61)

Inspections 0.64* (0.59, 0.69)

Theft reporting 1.04 (0.95, 1.14)

Licensing and inspections 0.49* (0.42, 0.58)

Strength 34.65

1 law 1.10 (0.96, 1.26)

2 laws 0.94 (0.85, 1.05)

3 laws 0.76* (0.67, 0.86)

4 laws 0.75* (0.65, 0.86)

Note. AIC = Akaike’s information criterion; CI = confidence interval; IRR = incident rate ratio. Covariates in the model included
race, percent urban, percent living in poverty, percent male, percent younger than 24 years old, percent college educated,
drug arrest rate, burglary rates,12 scores, and firearm ownership proxy.
*P £ .001.
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that rates computed from suppressed mortality
count data provided by WONDER are biased in
predictable ways and that our algorithm can be
used to remove these known biases.

DATA SUPPRESSION AND LOCAL
MORTALITY RATES

Data suppression, if ignored, will always
underestimate mortality rates in counties with
small populations, which most frequently occur
in rural areas. To illustrate this bias, we exam-
ined the spatial patterns of heart disease mor-
tality (2007---2009) using maps constructed
from WONDER’s published age-adjusted
rates (Figure 1a) as compared with our
age-adjusted rates calculated using WONDER’s
age-stratified mortality count data (Figure 1b).6

Both maps were directly age-adjusted using
10-year age groups, and thus, if data suppression
were not an issue, the maps would display
identical spatial patterns.

The map in Figure 1a served as the refer-
ence map for heart disease mortality patterns in
US Counties. By comparison, the map in Figure
1b clearly showed underestimation in mortal-
ity rates, especially in the predominantly rural,
Great Plains region of the United States. The
correlation in county-level rates between the 2
maps for all US counties is 0.885 (n = 2970),
and the correlation in rates for counties in the
Great Plains region is 0.752 (n = 587).

The difference between these maps is attrib-
uted to data suppression. The WONDER data

table (rates) used in the construction of the map
in Figure 1a had minimal suppression (;4%)
compared with the WONDER table (counts)
used in the construction of the map in Figure 1b
(;30%). These differences in both levels of
suppression and mortality rates indicate that
some information that was used to create the
map in Figure 1a was not available when
calculating rates depicted in the map in Figure
1b. We inferred from WONDER’s published
suppression guidelines that the information
“missing” from our rate calculations was likely
age-specific mortality count data and associated
crude rates for age groups that have fewer than
10 observations each. In the case of the map in
Figure 1a, WONDER is able to release rates
calculated using age groups that individually
have fewer than 10 observations but that, when
used in concert with information for other age
groups in the county, result in a final rate
calculation that is based on at least 10 cases.

METHODS

WONDER data release policies state that the
term “Suppressed” replaces subnational death
counts and rates, as well as corresponding
population figures, when the figure represents
0 to 9 persons.2 However, population figures
corresponding to suppressed data cells are only
suppressed when the population counts them-
selves are between 0 and 9 persons. Because
population counts in any cell are rarely fewer
than 10 persons, it is possible to compute an

expected mortality count for most suppressed
cells by multiplying their corresponding popu-
lation by the applicable regional mortality rate.
Our age-adjustment algorithm reduced the im-
pact of data suppression by substituting such an
expected value for a suppressed value. State-
wide rates or other small-area estimates of
mortality may be used as the regional mortality
rate in the algorithm.7,8 Regional risk estimates,
computed using substate estimates, such as
those derived from agglomerations of neigh-
boring counties, may improve the accuracy of
the expected counts by accounting for local
variations in rates that may not be captured
when using a statewide risk estimate. The map
produced by our algorithm using statewide
mortality rates (Figure 2a) indicated a high de-
gree of similarity to our reference map in Figure
1b. Algorithm details and software are available
from http://www.webdmap.com/suppression.

RESULTS

The correlation in county-level rates
between these 2 maps (Figure 2a and
Figure 1b) improved from 0.885 to 0.976
(n = 2970), and the correlation for counties
in the Great Plains region improved from
0.752 to 0.922 (n = 587). Thus, the algorithm
removed 69% of the original variation in
rates across all counties and 72.8% of the
variation in rates in the Great Plains region. The
spatial patterns of this improvement can be
seen in the maps in Figure 2b and 2c.

Note. For a full-color version, see Figure A, available as a supplement to the online version of this article at http://www.ajph.org.

FIGURE 1—Maps of heart disease mortality produced using (a) directly age-adjusted rates from CDC WONDER and (b) directly age-adjusted rates

computed from age-stratified counts from CDC WONDER: United States, 2007–2009.
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DISCUSSION

Our results suggest 2 ways to address the
problem of rate underestimation caused by sup-
pressed WONDER data. First, data distributors
could provide information about the degree to
which a user’s data request was suppressed to help
them understand the impact of data suppression
on their analysis and avoidmisinterpretation. Such
information could include the number of sup-
pressed cells, as well as the proportion of the
population that was subject to suppression. Sec-
ond, CDC WONDER data users who seek to use
mortality count data may consider utilizing an
adjustment algorithm, as described above, to
overcome biases caused by data suppression. j
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Note. For a full-color version, see Figure B, available as a supplement to the online version of this article at http://www.ajph.org.

FIGURE 2—Maps of (a) directly age-adjusted rates computed using our adjustment algorithm and count data from CDC WONDER, (b) magnitude

and spatial patterns of underestimation when suppressed count data are used from CDC WONDER, and (c) magnitude and spatial patterns of

underestimation and overestimation when adjusted count data are used.
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