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Abstract

Demographic estimates of population at risk often underpin epidemiologic research and public health surveillance
efforts. In spite of their central importance to epidemiology and public-health practice, little previous attention has
been paid to evaluating the magnitude of errors associated with such estimates or the sensitivity of epidemiologic
statistics to these effects. In spite of the well-known observation that accuracy in demographic estimates declines
as the size of the population to be estimated decreases, demographers continue to face pressure to produce
estimates for increasingly fine-grained population characteristics at ever-smaller geographic scales. Unfortunately,
little guidance on the magnitude of errors that can be expected in such estimates is currently available in the
literature and available for consideration in small-area epidemiology. This paper attempts to fill this current gap by
producing a Vintage 2010 set of single-year-of-age estimates for census tracts, then evaluating their accuracy and
precision in light of the results of the 2010 Census. These estimates are produced and evaluated for 499 census
tracts in New Mexico for single-years of age from 0 to 21 and for each sex individually. The error distributions
associated with these estimates are characterized statistically using non-parametric statistics including the median
and 2.5th and 97.5th percentiles. The impact of these errors are considered through simulations in which observed
and estimated 2010 population counts are used as alternative denominators and simulated event counts are used
to compute a realistic range fo prevalence values. The implications of the results of this study for small-area
epidemiologic research in cancer and environmental health are considered.
Introduction
In recent years, a growing demand for small-area
demographic estimates has been observed. Much of this
demand comes from epidemiologists, who utilize these
estimates for small-area surveillance efforts in the areas
of cancer and environmental epidemiology in particular
[1-5]. The potential of small-area epidemiology has gener-
ated considerable excitement [1-5]; however, it has also
created important challenges for the demographers who
produce small-area estimates of population at risk as well
as the epidemiologists who use them. At a fundamental
level, it is well known that as the size of the population to
be estimated decreases, errors in demographic estimates
increase [6-11]. These errors can be surprisingly large
[6-11], but at present their impact on small-area epidemi-
ologic measures has been incompletely described, and the
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reproduction in any medium, provided the or
implication of these errors for small- area health tracking
and analytic epidemiology has not received an adequate
amount of attention [12-17]. This paper attempts to fill
this gap by characterizing the errors associated with a set
of single-year- of-age estimates made at the level of United
States census tracts and analyzing the potential sensitivity
of small-area crude prevalence measures to these errors.
This example is extreme in both its spatial scale (census

tracts represent very small areas, often a single neighbor-
hood) [18] as well as in the fine-grained age intervals to be
estimated. Errors in census tract-level estimates in five-
year age groupings reported in previous studies have
ranged between as small as 10% [19] and as high as 80%
or more [9]. It is known that single-year-of-age estimates
can be relatively more volatile than those constructed in
five-year age intervals [11,20]. A number of methods exist
for making single-year-of-age estimates. Assuming mono-
tonicity within five-year age intervals [21,22] and the
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stability of demographic processes over these short time
intervals [18], demographers have historically made use of
methods that break out five-year interval estimates into
single years of age through pro-rating, osculatory
interpolation, or the closely related procedure known as
“spline-fitting” [11,20-30]. Pro-rating involves the allo-
cation of the five-year data based on either historical or
assumed proportions; for example, one might divide
five-year estimates into single years based on the known
distribution of the last census or based on an assump-
tion of rectangularity (equal proportions of one-fifth)
[11]. Osculatory interpolation, in contrast, relies upon a
theory in mathematics that revolves around the unique
solution of simultaneous equations using linear systems
designed to minimize discrepancies between observed
five-year data and the re-aggregation of single- year-of-age
estimates into corresponding intervals [11,20,22-30].
Spline-fitting, similar to osculatory interpolation, involves
the overlapping of multiple polynomials to arrive at esti-
mates of distributions through an optimization compo-
nent based on the least-squares criteria [31]. The first two
procedures have been the most widely applied within ap-
plied demography; a rather long historical discussion of
spline-fitting has not resulted in its general implementa-
tion by demographers working in non-academic settings
(such as state government) where functionally utilized
population estimates are typically made.
The purpose of this paper is not to contrast the accuracy

of these methods; rather, we seek to implement commonly
utilized methods to characterize the magnitude of errors
associated with a typical set of estimates of population at
risk likely to be utilized by small-area epidemiologists in
practice. The focus, therefore, will be upon describing the
range of errors that one might expect to see in such a set
and analyzing how these errors might impact a set of
crude-prevalence estimates made at a correspondingly
fine-grained spatial scale (census tracts). To accomplish
this purpose, data from the 2010 US Census are extracted
(Summary file 1) for all census tracts (n = 499) within
the state of New Mexico extracted from the American
Factfinder website—[32]. The data extracted include a
gold-standard set of single-year-of-age counts and the
corresponding five-year grouped data for each census
tract. Our evaluation is straightforward: we compare
single-year-of-age estimates made using methods of pro-
rating and osculatory interpolation of five-year grouped
data to observed single-year-of-age 2010 Census counts
and characterize the moments of the resulting ex-post
facto error distributions using established methods within
demography [6,8,10]. Next, we simulate a range of plaus-
ible event prevalences using published estimates of child-
hood obesity rates and use them to analyze the effects of
observed errors in demographic estimates on estimates
of prevalence per 1,000 person-years. The results are
considered in light of practice in small-area epidemiologic
surveillance and suggestions for further research and
evaluation are made.

Materials and methods
Input data and study area
New Mexico represents a diverse study area where tract-
level variation in population characteristics can vary dra-
matically in concordance with larger geographic trends at
the county level. The state is characterized by highly ur-
banized and rapidly growing metropolitan areas such as
the cities of Las Cruces, Rio Rancho, and Albuquerque,
dynamic and steady-growing small towns such as Roswell,
Alamogordo, Clovis, and Farmington (just to mention
four), vast sections of rural areas and the presence of 22
tribal groups with long-standing historical presence in the
state, numerous Colonias [3], and by an overlapping
mosaic of historical Land Grant Communities linked to
the Spanish Colonial Era and the period of Mexican
Independence prior to New Mexico becoming a US
territory in 1850 at the conclusion of the Mexican-
American War. To review, New Mexico represents a
microcosm of the demography of many communities
throughout the United States as well as important and dis-
tinctive populations. Each of these dynamics will be repre-
sented at the Census tract level, providing substantial
heterogeneity and material for analysis in the current con-
text. Counts of age/sex-specific population in five-year in-
tervals (0 to 4, 5 to 9, 10 to 14, 15 to 19, 20 to 24) and in
single years (0 to 21) were extracted from the SF1 file from
the 2010 Census. Data were extracted at the census tract
level (n = 499) for the entire state of New Mexico. Data
were not considered for specific race/ethnicity group, with
the data focused only on “all race” counts.

Pro-rating and interpolation in demography
In demography, the term “pro-rating” refers to the alloca-
tion of grouped data into more fine- grained categories,
such as decomposing five-year age-grouped data into sin-
gle years as in the current analysis [11,20]. In this study,
pro-rating serves as a baseline activity–simpler than the
methods of polynomial interpolation described below
but also dependent upon specific assumptions with little
appealing mathematical theory underlying them [23,24].
Here, rectangular pro-rating is utilized in which the as-
sumption is made that single-year age groups within
any five-year age interval are equivalent: each single-
year comprises one-fifth of the five-year age-grouped
data [11]. As pointed out by Brass [23] and others [11,20]
this method assumes that population processes—such as
birth, death, and migration functions—are similar from
year to year within the five-year age interval in question
[21,22], i.e., that the single year data are monotonic in rela-
tion to the five-year grouped data they produce [21,22].



Baker et al. Population Health Metrics 2013, 11:24 Page 3 of 11
http://www.pophealthmetrics.com/content/11/1/24
This simplifying assumption is unlikely to be true, and
rectangular pro-rating is generally considered as a strategy
to be implemented when no ancillary information on
population dynamics is available at an appropriate
geographic level [11,20].
The use of polynomial functions to describe relation-

ships between time-ordered inputs and function-generated
outputs has a long history within mathematics [33,34].
Their use in generating intermediate and unknown values
within a dataset by interpolating between known values
has an equally long history in applied fields such as clima-
tology, economics, and demography [11,20-30]. Though
polynomial interpolation approaches have been criticized
in demography as being blind to population theory
[20,23,24], in practice interpolation is easy to implement
as many standardized formulas have been presented that
involve only “plugging-in” of demographic data grouped
in five-year intervals into predefined formulae to ar-
rive at single-year-of-age estimates [11]. Figure 1 il-
lustrates the relationship between single-year age
structure and a polynomial function used to decompose
five-year grouped data.
As in Figure 1, an nth degree polynomial of the form:

y ¼ Aþ Bxþ Cx2 þ Dx3 þ…þNxn

may be fit to any curve for which some data points are
known with certainty to arrive at estimates of intermedi-
ate values. We may think of the interpolating polynomial
as a system of equations, represented in terms of the
well-known Vandermonde matrix (representing known
values of demographic data), premultiplied against a
Figure 1 Polynomial approximation of the distribution of single years
vector of coefficients A to An, to yield interpolated
values Yi as in the linear equation. Once solved, the
function defined to estimate the yi is known as the inter-
polant [18,19,21]. It is known that higher-degree inter-
polating polynomials may often provide poorer fit of
intermediate points, suggesting that simpler polynomial
interpolants utilized by demographers may, in fact,
provide more accurate estimates of single years of age
[11,34,35].
Exact solutions to such approximating polynomials are

difficult to implement using demographic data in five-
year age groups [18,19,21]; however, their approximation
through differencing formulas–those that minimize dif-
ferences between five-year grouped counts and esti-
mated values thereof using a polynomial function are
well known and highly accurate in implementation [3].
An example is the Lagrange formula (from reference
[11], page 683):

f �ð Þ ¼ f að Þ �−bð Þ �−cð Þ �−dð Þ= a−bð Þ a−cð Þ a−dð Þð Þ½ �þ
f bð Þ �−bð Þ �−cð Þ �−dð Þ= a−bð Þ a−cð Þ a−dð Þð Þ½ �

which fits a polynomial of the form presented and passing
through the two points a and b (which in this case are
five-year grouped age counts) by minimizing differences
between estimated values from the polynomial functions
and these observed counts by shifting the values of the
constants A, B, C, D, etc. [11,34]. In practice, the fitting of
points f (x) are accomplished by inputting values of f (a)
and f (b) into established formulas. This example of a La-
grangian polynomial passing through two points may be
generalized to as many points as desired, and various
of age.
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methods of interpolation in demography rely upon
differing numbers of points to achieve the desired fit.
Osculatory interpolation is similar to the method of
spline-fitting, also utilized in demography [21,22]; here
we choose to focus on several methods of osculatory
interpolation as better representing methods that are
more typically used in practice among applied demog-
raphers. This choice does not reflect methodological
preference, but better suits the purpose of this paper,
which is to characterize the magnitude of errors that
practicing epidemiologists and demographers might
expect to see in small-area, fine-grained (with respect
to age) estimates of population at risk and their impacts
on measures of epidemiologic risk.
In this paper, we utilize several commonly imple-

mented osculatory interpolation procedures including:
the Karup-King [25,30], Beers 1 [11], Beers 2 [26], and
Sprague methods [29]. These methods differ in the num-
ber of points taken in the interpolation, with the Karup-
King taking two differences, the Beers 1 and 2 focusing
on four and six differences, and the Sprague method
relying upon five. In general, previous studies in other
fields [34,35] have suggested that the use of fewer points
might enhance local accuracy in the interpolation
[11,23-30], leading to a general hypothesis that the
Karup-King may tend to out-perform alternatives.

Statistical comparisons of error and model evaluation
criteria
Percentage discrepancies between the single-year-of-age
estimates and corresponding 2010 Census counts form
the basis of the evaluation reported in this paper, in
accordance with the ex-post- facto evaluation method
typically utilized by demographers [6-11]. Because
demographic error distributions are calculated across
geographic levels with widely differing population
sizes, the use of percentage error is often encouraged
[8,36] and is therefore employed here. Demographic
estimate error distributions are characterized by non-
normality and a frequent lack of symmetry [8,35], making
it difficult to make statements about the range of variation
in estimation accuracy or to determine what is or is not an
extreme error value [8,10]. In this study, all statistical error
distributions were found to deviate from normality using
the Kolmogorov-Smirnov test at the alpha = 0.05 level.
A simple non- parametric solution is to make use of the
median as a summary measure of error and to utilize
the percentile distribution between the 2.5th percentile
and 97.5th percentile [37,38] to characterize precision;
this is the strategy employed in this paper. These sum-
mary measures are computed for each age/sex group, as
well as across the entire range of ages within each sex.
While this approach makes sense in light of the nature
of the statistical error distributions employed in
demography, there is a lack of consensus in the litera-
ture about what constitutes a “better” estimate among
available alternatives [8,10]. The perspective taken in
this paper is to evaluate how much better one might do
by employing a polynomial interpolation method than
they would do by using a naive model based on simple
rectangular pro-rating (assuming that one-fifth of the five-
year age/sex count is within each single-year-of-age inter-
val). This is the approach taken by Harper, Coleman, and
Devine [39] as well as by Swanson and Tayman [40] in
their “proportionate reduction in error” statistic. Because
this paper relies upon summary statistics based on per-
centages, models are evaluated in terms of: (1) the im-
provement in percentage point error observed in each
age/sex interval and (2) by the percentage point range
between the 2.5th and 97.5th percentiles of the error
distributions. The “best” fitting model, then, is determined
to be the model that results in the greatest improvement
in percentage accuracy over rectangular pro-rating and
the lowest range of values between the 2.5th and 97.5th
percentiles of the error distribution.
Previous studies [9,19] of errors associated with

demographic methods at the census tract level have in-
dicated that over 10-year periods starting at the previ-
ous census, a substantial amount of error may
accumulate [8,41]. Errors in these studies have ranged
between as low as 10% and as high as 80% within any
age/sex five-year age grouping. For single-year-of-age
estimates, it could be anticipated that errors could be
larger than this, but isolating how much of this error
would be due to the practices of pro-rating or polyno-
mial interpolation would be difficult since errors in the
five-year age/sex-grouped estimates would also affect
the single-year-of-age estimates. To avoid this chal-
lenge, in this study we utilize polynomial interpolation
and pro-rating methods on known 2010 Census five-
year counts. This practice isolates the error associated
with the method by eliminating the conflation associ-
ated with using uncertain five-year age/sex-specific esti-
mates. The errors and error distributions reported in
this study are due solely to those associated with the
methods of pro-rating and polynomial interpolation
that are the focus of the paper.

The effect of errors in small-area demographic estimates
on epidemiologic statistics
Small-area epidemiology faces significant challenges in
the geographic positioning of event data, through the
process of geocoding [42-47], necessary for calculating
epidemiologic statistics such as incidence, prevalence, etc.
These issues should also be anticipated to be important in
making inferences associated with analytic epidemiology
[1-5,12-18,48-50], but they are beyond the scope of the
current paper, which will examine only the effects of



Baker et al. Population Health Metrics 2013, 11:24 Page 5 of 11
http://www.pophealthmetrics.com/content/11/1/24
small-area demographic estimation error on surveillance
statistics. To assess the impacts of errors in demographic
estimates, the paper used a simple simulation-based ap-
proach to analyze the sensitivity of small-area crude preva-
lence estimates within each single-year-of-age grouping.
The “best-performing” set of demographic estimates for
each sex is utilized as a denominator in calculating risk
measures. Event counts were simulated using childhood
obesity (a common event whose prevalence has been
estimated to be as high as 1/5 or 200/1000 persons) as an
example. The distribution of prevalences was estimated
using a Monte-Carlo simulation [51,52] in the R statistical
package that assumed: (1) normality and symmetry of
the prevalence distribution, (2) an average prevalence of
17.5%, and (3) a standard deviation of 2.5%. This distribu-
tion was resampled 10,000 times, with a burn-in period of
500 iterations and thinning to include only every 100th
observation to avoid commonly known challenges related
to autocorrelation of randomly generated number algo-
rithms [51,52]. The resulting distribution of prevalence
was used to estimate the 2.5th and 97.5th percentiles
for use in the simulation. These points were then used
to simulate case events for each census tract/sex/age
grouping. Median differences between crude prevalence
estimates of risk per 1,000 person-years calculated using
2010 Census counts and the demographic estimates of
population at risk as alternatives were computed. Variabil-
ity in terms of the errors associated with risk per 1,000
person-years were then assessed using the 2.5th and
97.5th percentiles in light of observed non-normality and
asymmetry in the distributions of these differences.

Results
Errors in single-year-of-age small area estimates of
population at risk
For males, the simplest interpolation method–the Karup-
King procedure–produced the smallest errors for the most
age groups. For nine out of 21 age intervals, this method
was found to be the most accurate available method
(Table 1). Use of this method would reduce error in com-
parison to the rectangular pro-rating method by as much
as 46.30 percentage points (age 16) or as little as only 0.18
percentage points (age 6). On average, use of the Karup-
King method would improve estimation accuracy by 7.82
percentage points over the rectangular pro-rating method.
It is worth noting that the performance of the Karup-King
method is similar to that of either the Beers 1 or Beers 2
methods, meaning that the sensitivity of epidemiologic
statistics to a typical set of demographic estimates may
be similar even when different methods are utilized—
especially when we consider that each of these methods
differs widely in the number of data points used in the
interpolation. In contrast, the Sprague method provided
much less reduction in error on average when compared
to rectangular pro-rating (4.49 percentage points) and in a
number of cases (ages 0, 4, 6, 9, 11, 14, and 21) actually
provided a less accurate estimate than that observed when
using simple rectangular pro-rating. Some of the increases
in error are substantial when using the Sprague method,
suggesting that the increased degree of this polynomial
may be associated with poorer fitting of intermediate
values as noted in studies in other fields [34,35]. These re-
sults appear to hold for males in terms of the precision of
the methods. While all methods showed a wider range of
error percentile distributions than is desirable (frequently
difference between the 2.5th and 97.5th percentiles
exceeded100 percent), the Karup-King likewise was
consistently the smallest (median = 131.59 percentage
points, lowest = 77.74, highest = 164.44). In 18 out of 21
cases, the Karup-King estimates were more accurate
than using simple rectangular pro-rating.
Among females (Table 2), much less clear differences

were observed in estimation accuracy across the available
methods. All of the interpolation-based methods out-
performed rectangular pro-rating in most cases: 16/22
with Karup-King, Beers 1 and Beers 2, and 13/22 for the
Sprague method. The average reduction in error across
the ages was greatest for the Beers 2 procedure, which
reduced errors by over 4% on average; however, the reduc-
tions in error were within 1 to 1.5 percentage points
across all of the alternatives. It is noteworthy, however that
the specific ages in which each method performed best
and the magnitude of reductions at each age across the
methods varied. The only estimates that appeared to sig-
nificantly increase bias were those made with the Sprague
interpolants (as was observed in males), which increased
errors by 65 percentage points among 9-year-old females
and by 39 points among 14-year-olds. Overall, the range
of errors associated with each procedure were extremely
similar, though the Beers 2 procedure again out-
performed very marginally. For the Beers 2 procedure,
the difference between the 2.5th and 97.5th percentiles
ranged from a low of 99.84 percentage points (13-year-
olds) to a high of 239.22 percentage points (16-year-olds).
A striking feature of the results is that demographic

estimates of single-year-of-age population at risk at the
Census tract level appear to be similar across the differ-
ent methods utilized and to contain a surprising level of
inaccuracy and a very large range of values across the
set. We defined the “best” set as the alternative with the
greatest reduction in error over simple rectangular pro-
rating and the least observed spread between the 2.5th
and 97.5th percentiles of the error distribution. The
best-fitting set of estimates were utilized in analyzing the
sensitivity of small-area crude prevalence measures to
errors in these estimates. The best-fitting set for males
was the Karup-King (two differences), while the Beers 2
(six differences) was utilized for females.



Table 1 Summary characteristcis of percentage errors in estimates of single-years of age based on pro-rating or interpolation (males)

Age
Rectangular Karup-King Beers1 Beers2 Sprague

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

0 9.28 -31.38 77.71 4.53 -32.72 82.29 5.86 -40.23 98.03 3.66 -43.73 79.96 20.77 -27.93 124.67

1 16.28 -33.83 111.44 7.02 -27.46 115.63 6.96 -35.88 117.87 7.17 -40.02 117.20 11.12 -33.48 127.63

2 7.00 -29.53 95.54 1.58 -25.32 93.97 0.91 -31.11 89.80 1.91 -28.97 93.95 -2.06 -33.00 84.93

3 12.28 -34.06 93.80 5.03 -27.9 104.69 4.22 -33.06 108.01 5.44 -32.28 104.07 -3.20 -43.05 86.88

4 3.45 -29.75 67.73 -1.42 -30.28 66.95 -3.30 -35.90 82.57 -1.50 -34.78 71.10 -10.72 -45.24 66.42

5 12.19 -40.89 136.25 3.87 -32.14 116.27 3.01 -41.60 118.33 4.02 -39.06 118.00 -4.80 -46.09 109.71

6 3.46 -40.96 81.71 -3.29 -34.00 81.02 -2.94 -39.86 81.19 -2.92 -39.03 77.86 -7.20 -42.97 74.27

7 9.89 -37.06 110.20 0.65 -33.26 114.93 1.57 -38.71 114.34 1.94 -39.92 113.03 1.20 -38.37 111.66

8 7.53 -39.27 90.23 -0.83 -38.28 98.04 -0.43 -43.11 100.97 -1.52 -41.61 90.33 3.49 -39.89 104.65

9 8.64 -37.54 103.83 1.77 -33.23 109.85 1.27 -42.80 109.62 1.67 -42.38 106.80 -73.16 -120.31 7.68

10 8.43 -43.84 102.00 0.19 -29.76 84.63 -0.52 -39.90 86.21 -0.82 -37.24 86.36 10.97 -31.20 111.89

11 11.17 -44.08 110.96 4.52 -35.41 114.06 3.48 -46.28 106.07 4.58 -42.90 111.96 23.82 -33.19 148.32

12 9.48 -38.93 105.83 0.13 -31.86 103.10 1.76 -43.29 105.89 1.84 -37.65 109.64 15.68 -31.99 137.70

13 9.82 -42.08 106.20 4.27 -36.57 114.20 5.35 -44.17 110.10 5.06 -41.11 111.60 -1.72 -48.92 98.58

14 9.93 -40.39 94.73 2.55 -43.37 121.07 6.62 -44.42 111.45 6.36 -42.92 111.21 -33.65 -64.20 26.61

15 23.60 -39.50 155.65 8.46 -46.60 114.63 9.94 -38.53 119.25 9.53 -37.66 120.46 26.75 -40.84 168.68

16 47.30 -40.61 162.86 -1.00 -26.93 65.02 8.42 -35.54 158.79 3.68 -36.85 136.91 3.78 -28.41 83.00

17 30.17 -34.66 164.14 3.26 -31.41 87.35 7.58 -35.68 164.13 8.71 -33.85 162.80 -1.56 -43.28 82.18

18 45.32 -36.48 114.29 -1.15 -29.55 54.49 5.43 -40.79 135.05 3.99 -38.22 138.66 -10.71 -45.76 47.68

19 34.83 -35.66 177.50 1.88 -30.52 100.87 6.84 -44.56 248.20 6.96 -43.93 239.47 -8.38 -60.73 87.21

20 21.96 -62.84 317.68 -3.40 -25.60 52.14 2.17 -48.13 238.03 1.74 -48.45 243.14 -10.26 -46.19 36.94

21 0.26 -60.00 340.75 -0.25 -36.62 78.02 -1.54 -52.60 280.56 -1.32 -53.54 286.11 -5.02 -48.93 73.72
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Table 2 Summary characteristics of percentage errors in estimates of single-years of age based on pro-rating or interpolation (females)

Age
Rectangular Karup-King Beers1 Beers2 Sprague

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

Median 2.5
percentile

97.5
percentile

0 5.24 -55.00 120.00 -4.80 -54.89 143.03 -2.98 -64.60 140.04 -5.54 -68.17 140.19 10.64 -52.52 171.40

1 6.43 -51.63 107.14 -1.39 -50.11 115.24 -1.50 -54.54 117.31 -1.64 -54.12 117.51 2.39 -50.51 121.98

2 5.74 -53.90 110.43 -2.28 -47.15 109.13 -3.27 -54.22 109.51 -2.13 -53.87 110.32 -6.12 -57.83 107.11

3 11.99 -46.80 142.78 3.52 -40.53 133.83 2.54 -49.59 126.65 3.80 -48.24 147.04 -4.86 -57.06 126.31

4 11.21 -52.30 156.83 -0.03 -40.49 135.02 -0.37 -48.10 13534 1.10 -45.65 137.51 -7.37 -56.81 124.70

5 8.07 -41.94 91.98 1.93 -39.26 98.74 1.94 -50.73 104.67 2.38 -47.82 104.86 -5.23 -58.29 93.99

6 4.77 -44.66 98.36 -3.02 -41.16 106.23 -3.16 -47.49 107.20 -3.00 -45.52 103.03 -7.04 -51.00 99.87

7 9.79 -43.72 111.58 0.58 -40.20 112.41 0.45 -45.26 125.21 0.95 -43.39 105.69 0.49 -44.60 111.41

8 -0.72 -47.39 78.57 -5.21 -40.72 70.79 -5.18 -44.64 71.45 -6.67 -46.44 67.19 -1.86 -41.48 74.83

9 7.05 -45.33 113.07 -0.15 -35.08 106.77 -0.62 -42.11 102.69 -0.47 -43.56 105.33 -72.83 -133.58 -32.05

10 -0.90 -41.00 76.98 -6.05 -39.12 94.82 -7.26 -44.71 83.96 -6.39 -43.77 84.55 4.11 -35.42 109.72

11 4.43 -37.85 92.87 -3.94 -34.85 90.57 -5.34 -42.50 89.47 -4.34 -37.71 91.71 12.24 -26.93 128.00

12 -4.83 -53.24 71.06 -10.60 -44.51 68.97 -10.50 -55.49 75.22 -9.98 -49.91 67.56 1.60 -47.79 96.63

13 -1.95 -40.00 70.45 -6.70 -38.40 68.52 -5.50 40.32 66.96 -4.43 -36.26 63.58 -12.50 -45.61 56.92

14 0.27 -56.50 87.48 -5.21 -52.31 90.57 -5.12 -52.52 85.92 -4.75 -51.65 85.33 -39.66 -73.16 20.13

15 5.56 -32.03 80.00 -2.82 -54.05 85.89 -0.48 -39.19 88.39 -0.46 -39.16 88.66 15.01 -48.14 113.38

16 14.99 -58.23 157.67 4.00 -58.21 139.07 10.42 -62.22 178.90 6.09 -67.18 172.05 8.49 -71.40 143.48

17 19.23 -55.82 148.02 8.91 -56.51 150.10 9.35 -58.16 151.78 9.40 -55.82 153.00 4.78 -74.34 143.84

18 19.70 -62.80 179.03 2.92 -68.88 186.40 5.93 -60.54 162.52 3.87 -59.42 168.77 -4.80 -86.64 180.27

19 21.00 -57.88 163.57 8.91 -58.52 149..85 8.49 -46.05 132.31 7.75 -46.20 129.38 -2.63 -85.99 145.00

20 9.05 -50.10 108.67 10.31 -65.92 237.83 8.07 -52.24 172.49 8.02 -52.36 161.94 1.42 -88.64 244.10

21 9.39 -29.52 106.67 12.76 -63.30 277.40 8.25 -30.33 124.11 7.48 -28.39 119.77 6.83 -80.50 266.51
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Impact of errors on crude prevalence estimates
The effect of demographic estimation errors (Table 3)
are relatively small at the lower end of the prevalence
spectrum (2.5th percentile), on average never account-
ing for more than a difference of a few people in a crude
prevalence estimate indexed at 1,000 person-years.
Though the differences vary between the sexes in terms
of the specific ages in which the larger errors are observed,
similar differences in general were observed for male and
female estimates. For males, median differences ranged
from a high of −10 persons per 1,000 person-years to a
low of effectively 0. Similarly, among females the highest
observed median error was 14 persons and the lowest also
effectively 0. The observed error distributions in both sets
were asymmetrical, with a very large amount of variability
observed in terms of the range of effects of observed. This
is due both to high variability and the presence of notable
outliers in both sets. Among male single-year-of-age
estimates, the difference between the 2.5th and 97.5th
percentiles ranged from a low of 99 persons per 1,000
person-years to a high of 210 persons per 1,000 person-
years. Among females, even greater large-scale variability
was observed with differences between the 2.5th and
97.5th percentiles ranging from a low of 145 to a high
of 334.
Table 3 Percent-point impact of estimation errors, 2.5th perc

Male Age Difference/
1,000 Median

Difference/1,000
2.5th percentile

Difference/1,000
97.5th percentile

F

0 -6 -58 92

1 -8 -67 75

2 -2 -60 53

3 -6 -64 61

4 2 -50 61

5 -5 -67 73

6 4 -56 82

7 -1 -67 85

8 1 -62 98

9 -2 -65 86

10 0 -57 68

11 -5 -66 91

12 0 -63 74

13 -5 -66 108

14 -3 -68 142

15 -10 -67 135

16 1 -49 55

17 -5 -59 71

18 1 -48 64

19 -2 -63 69

20 4 -44 54

21 0 -56 89
At higher levels of simulated prevalence (97.5th percent-
ile), both the median differences and the range of values
between the 2.5th and 97.5th percentiles were both ob-
servably larger (Table 4). While this may be accounted for
by the differences in the frequency of events (the 2.5th
percentile of the simulated prevalence distribution is
12.57% and the 97.5th is 22.47%–amounting to nearly a 10
person difference per 1,000 person-years), the observa-
tions are striking. Errors range among males from a low of
effectively zero to a high of −18 persons per 1,000 person
years. Similarly, among females errors range from between
a low of effectively 0 to a high of 25 persons per 1,000
person-years. In both cases, the range of differences per
1,000 person-years is nearly double that observed among
the lower prevalence-based estimates. Among males, the
errors range between a low of 178 persons per 1,000 per-
son years to a high of 378 persons per 1,000 person years.
Among females the differences between the 2.5th and
97.5th percentiles are even larger, ranging between a
low of 215 persons per 1,000 person years to a high of
601 persons per 1,000 person-years.

Discussion
To our knowledge, this paper represents the first pub-
lished documentation of the magnitude or distribution of
entile of stimulated prevalence

emale Age Difference/
1,000 median

Difference/1,000
2.5th percentile

Difference/1,000
97.5th percentile

0 0 -56 89

1 6 -76 219

2 2 -67 147

3 3 -65 146

4 -5 -74 116

5 -1 -72 105

6 -3 -64 114

7 4 -63 104

8 -1 -66 91

9 9 -50 108

10 0 -64 91

11 8 -60 96

12 6 -60 75

13 14 -50 124

14 6 -48 71

15 6 -57 134

16 1 -59 80

17 -7 -79 255

18 -11 -75 158

19 -5 -78 183

20 -9 -40 107

21 -9 -77 137



Table 4 Percent-point impact of estimation errors, 97.5th percentile of stimulated prevalence

Male Age Difference/
1,000 median

Difference/1,000
2.5th percentile

Difference/1,000
97.5th percentile

Female Age Difference/
1,000 median

Difference/1,000
2.5th percentile

Difference/1,000
97.5th percentile

0 -11 -104 165 0 0 -101 161

1 -15 -118 135 1 12 -137 395

2 -3 -109 96 2 4 -121 265

3 -11 -115 110 3 5 -118 262

4 3 -90 110 4 -8 -134 209

5 -8 -121 131 5 -2 -130 189

6 7 -101 148 6 -5 -115 206

7 -1 -120 153 7 7 -114 188

8 2 -111 176 8 -2 -118 163

9 -4 -118 155 9 16 -90 195

10 0 -103 122 10 1 -116 164

11 -10 -120 163 11 15 -107 173

12 0 -114 134 12 10 -107 136

13 -9 -120 194 13 25 -91 224

14 -6 -123 255 14 10 -87 128

15 -18 -120 243 15 11 -103 240

16 2 -88 99 16 1 -106 144

17 -9 -107 129 17 -13 -142 459

18 3 -86 116 18 -19 -136 284

19 -4 -113 125 19 -8 -141 329

20 8 -80 98 20 -16 -127 193

21 0 -101 161 21 -17 -139 247
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anticipated errors in small-area demographic estimates by
single years of age or their effects upon epidemiologic
statistics. The observed magnitude of errors is large; in
fact, in most cases the differences are large enough that
it would be difficult to rule out average differences in risk
between groups since their distributions are so likely to
overlap. The range of observed errors are clearly problem-
atic for making public health decisions. While it is obvious
that scaling risk to 1,000 person years would garner sub-
stantial attention, even rescaling these statistics to 100 per-
son years (arguably more appropriate for small-area work)
does not solve this issue. For example, even if rescaled to
100 person-years a difference as large as 92/1,000 person-
years would suggest a difference in risk of 9.2 persons/100
person-years. This is almost certain to trigger action by
public health officials. In this respect, these results are un-
settling because they suggest that errors in demographic
estimates are likely to frequently have important impacts
on how we utilize epidemiologic statistics for small areas.
In this study, we simulated prevalence for a common con-
dition (childhood obesity), but even after capturing a rea-
sonable range of variation in event occurrence, the impact
of demographic estimation errors was large enough to be
of considerable concern.
It may be of some comfort to imagine that in the case

of rarer events (such as childhood cancer, estimated to
impact perhaps 1/10,000 children), the accuracy of demo-
graphic estimates should have little impact on public
health decision-making. In this circumstance, even a single
case of cancer should be noteworthy and a clustering of
events should be identifiable indifferent of estimates of
population at risk. The results presented here, however,
should caution epidemiologists and public health officials
of the potential uncertainties introduced by the use of
demographic estimates for population at risk, though it is
worth noting that using the previous decennial census
counts has been shown to introduce even greater error
than using postcensal estimates [8-12].
This study has assumed that epidemiologic events are

captured completely. In reality, estimates of census
tract-level events depend upon the process of geocod-
ing, by which events are placed on electronic maps and
then re-aggregated to summarize them at the tract level
[41,53-55]. Previous studies have suggested that geocoding
rates can vary from lows of 40% or less to highs ap-
proaching 90 to 95% [56-58]. These results vary across
rural/urban strata and it is known that incomplete geo-
coding is systematic, spatially-dependent, and can bias es-
timates of important demographic characteristics such as
race and ethnicity [42-44,58]. Haining [45] has pointed
out that such incomplete geocoding is unignorable in the
statistical sense [46] and a large number of studies have
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attempted to fill in spatially-dependent gaps in coverage
through a variety of methods [6,47]. At least one study [7]
has attempted to quantify the magnitude of errors intro-
duced into small-area population estimates by incom-
plete geocoding. These authors suggested average errors
attributable to geocoding to be approximately 9.0%, but
also observed that approximately 10% of errors in total
population estimates exceeded 20% and a surprising
amount (nearly 4%) actually exceeded 50% error. To
date, no study has estimated the impact of incomplete
geocoding on estimates of age/sex structure or those
with single-years-of-age, but we can expect that when
postcensal estimates are used during periods between
censuses rather important errors can be anticipated in
both numerator (geocoding of events) and denominator
(based on geocoded demographic indicators).
Temporal drift in demographic estimation accuracy

should also be considered. It is largely unknown how the
accuracy of demographic estimates may drift over time be-
tween censuses [8], but it is clear that it does decay over
time as the time period estimating gets further away from
the previous census [8]. In this study, single-year-of-age
estimates were made by breaking out actual 2010 census
counts in five-year age/sex-specific intervals. While it is
debatable that census counts represent any sort of “gold
standard” [36,39,40] it also highly plausible that they are
closer to reality than any demographic or survey-based
estimate can ever be at the point in time in which the
enumeration takes place. In practice, demographic esti-
mates of population at risk for five-year age/sex intervals
will display their own errors, which will in turn propagate
into those made for single-years-of-age. It is beyond the
scope of this study to examine this drift and, in fact, any
study aiming to do so is faced with the challenge that no
estimates even approaching a gold standard exist for years
between censuses. Ex- post-facto evaluations [8,9,41] sug-
gest that errors in five-year age categories can be as high
as 80% at the census tract level and it is unknown if these
errors may offset when applied to single-year-of-age cat-
egories. For epidemiologists seeking to use demographic
estimates of population at risk, postcensal drift in accuracy
is a real, if immeasurable, possibility.
In spite of the potential limitations highlighted in this

study, it is worth considering that alternatives may do no
better and may actually be worse than using demographic
estimates to capture population at risk. Previous studies
have indicated that using the previous census values, for
example, can produce errors that are even larger in magni-
tude than those observed in demographic estimates [7,8].
Not updating estimates of population at risk from the pre-
vious census is generally not advisable either and intro-
duces an additional liability associated with not capturing
changes that are important to understanding the popula-
tion dynamics that ultimately produce epidemiologic risk.
In terms of single-year-of-age estimates of population at
risk (such as for a typical census tract of about 1,500
persons), it is likely true the number of persons within a
specific age/sex interval will be small enough that even
the errors observed here will have little effect on esti-
mates of prevalence. On balance, we would argue that
updating is preferred over use of the previous census.
Furthermore, previous studies indicate that simple trend
extrapolations (in which historical trends are carried
forward) are similarly inaccurate to those produced
using other methods [7-9], again recommending the use
of demographic estimates for population at risk in epi-
demiologic statistics.
It is likely that readers of this paper will be surprised

by the magnitude of error and its variability observed in
this research. It is clear that errors in demographic esti-
mates may introduce important limitations in small-area
epidemiologic statistics, and this challenge has not re-
ceived enough consideration in the literature. This paper
should serve to spur interest in further evaluative studies
as well as introducing motivation for applied demogra-
phers to resume exploration of novel methods in small-
area demographic estimation in search of more accurate
alternatives [7-9,59]. Both descriptive and analytic epi-
demiology depend upon not only accurate estimates of
risk but also accounting for potential bias or uncertainty
in these estimates [49,50]. From this perspective, this
paper suggests that a much more detailed consideration
of how error is propagated into small-area epidemiologic
statistics is in order. Such an analysis must include an
assessment of errors, uncertainties, and bias in both geo-
coding (numerator) and demographic estimates (deno-
minator) and this paper suggests some potentially useful
ways to approach this challenge.

Competing interests
The authors have declared that they have no competing interests.

Author’s contributions
JB, AA, and XR conceptualized the analysis. SV and NC provided data and
supporting analysis. JB wrote the paper. All authors read and approved the
final manuscript.

Acknowledgments
This work was supported by the Census Data Dissemination and
Demographic Analysis Project at the University of New Mexico, funded by the
State of New Mexico. This paper was considerably improved by the thoughtful
comments of two anonymous referees as well as interactions with
Dr. Lois Haggard, Dr. Will Athas, Mr. Tom Scharmen, and Mr. Jim Roeber—
all epidemiologists working in the trenches of public health surveillance.
While we wish to acknowledge the value of these contributions, any
shortcomings of this manuscript are the sole responsibility of the authors.

Received: 18 October 2012 Accepted: 21 November 2013
Published: 20 December 2013

References
1. Centers for Disease Control: National Program of Cancer Registries Cancer

Surveillance System Rationale and Approach. Atlanta: CDC; 1999.



Baker et al. Population Health Metrics 2013, 11:24 Page 11 of 11
http://www.pophealthmetrics.com/content/11/1/24
2. Elliot P, Wartenberg D: Spatial epidemiology: Current approaches and
future challenges. Inf Syst 2004, 112:998–1006.

3. Krieger N, Chen J, Waterman P, Soobader M, Subramanian SV, Carson R:
Geocoding and monitoring of US socioeconomic inequalities in
mortality and cancer incidence: Does the choice of area-based measure
and geographic level matter? Am J Epidemiol 2002, 156:471–482.

4. Schottenfield C, Fraumeni J: Cancer Epidemiology and Prevention. New York:
Oxford UP; 2006.

5. Goodman SN, Samet JM: Cause and Cancer Epidemiology. In Cancer
Epidemiology and Prevention. 3rd edition. Edited by Schottenfield Fraumeni
J. New York: Oxford UP; 2006:1341–1353.

6. Smith S, Tayman J, Swanson D: State and Local Population Projections:
Methodology and Analysis. New York: Plenum; 2001.

7. Baker J, Alcantara A, Ruan XM, Watkins K: The impact of incomplete
geocoding on small area population estimates. J Popul Res 2012, 29:91–112.

8. Swanson D, Tayman J: Sub-National Population Estimates. New York:
Springer; 2012.

9. Smith S, Shahidullah M: An evaluation of projection errors for census
tracts. J Am Stat Assoc 1995, 90(429):64–71.

10. Bryan T: Population Estimates. In The Methods and Materials of Demography.
2nd edition. Edited by Siegel J, Swanson D. New York: Elsevier; 2004.

11. Shyrock H, Siegel J: The Methods and Materials of Demography, Volume II.
Washington DC: US Department of Commerce; 1980.

12. Shlyakhter A, Wilson R: Monte Carlo Simulation of Uncertainties in
Epidemiological Studies: An Example of False-Positive Findings due to
Misclassification, Proceedings of the ISUMA- NAFIPS ’95. College Park:
Maryland: IEEE Computer Society Press; 1995:685–689.

13. Bain C, Feskanich D, Speizer F, Thun M, Hertzmark E, Rosner B, Colditz GA:
Lung cancer rates in mean and women with comparable histories of
smoking. J Natl Cancer Inst 2004, 96(11):826–834.

14. Hankey BF, Feuer E, Clegg L, Hayes R, Legler J, Prorok P, Ries L, Merrill M, Kaplan
R: Cancer surveillance series: interpreting trends in prostate cancer–part I:
Evidence of the effects of screening in recent prostate cancer incidence,
mortality, and survival rates. J Natl Cancer Inst 1999, 91:1017–1024.

15. Price B: Analysis of current trends in united states mesothelioma
incidence. Am J Epidemiol 1997, 145:211–218.

16. Gaylor D, Chen J, Sheehan D: Uncertainty in cancer risk estimates. Risk
Anal 1993, 13(2):149–154.

17. Thompson K, Burmaster D, Crouch E: Monte Carlo techniques for
quantiative uncertainty analysis in public health risk assessments.
Risk Anal 1992, 12(1):53–63.

18. Census 2010 Geographic Definitions. http://www.census.gov/geo/www/
geo_defn.html.

19. Lunn D, Simpson S, Diamond I, Middleton L: The accuracy of age-specific
population estimates for small AReas in Britain. Popul Stud 1998, 52:327–344.

20. Popoff C, Judson D: Selected General Methods. In The Methods and
Materials of Demography. 2nd edition. Edited by Siegel JS, Swanson D. New
York: Springer; 2004:644–675.

21. McNeil DR, Trussell JT, Turner JC: Spline interpolation of demographic
data. Demography 1977, 14(2):245–252.

22. Smith L, Hyndman R, Wood S: Spline interpolation for demographic
variables: The monotonicity problem. J Popul Res 2004, 21(1):95–98.

23. Brass W: The graduation of fertility distributions by polynomial functions.
Popul Stud 1960, 14(2):148–162.

24. Keyfitz N: Interpolation and Graduation. Introduction to the Mathematics of
Population. Ch.10. Reading. Boston: Addison-Wesley; 1968.

25. Aitken AC: On interpolation by iteration of proportional parts, without
the use of differences. Proc Edinb Math Soc 1932, 2(3):56–76.

26. Beers HS: Six-term formulas for routine actuarial interpolation. Re Am Inst
Actuaries 1944, 33(68):245–260.

27. Greville T: The general theory of osculatory interpolation. Trans Acoust Soc
Am 1944, 45(112):202–265.

28. Greville T: Recent developments in graduation and interpolation. J Am
Stat Assoc 1948, 43(243):428–441.

29. Sprague TB: Explanation of a new formula for interpolation. J Inst
Actuaries 1881, 22(270):1880–1881.

30. Wolfenden H: Population Statistics and Their Compilation. Chicago:
University of Chicago Press; 1954.

31. Neter J, Kutner M, Wasserman M, Nacthschem C: Applied Linear Statistical
Models. 4th edition. New York: McGraw-Hill; 1999.

32. American Factfinder website. http://americanfactfinder2.gov.
33. Esparza A, Donnelson A: Colonias in Arizona and New Mexico: Border Poverty
and Community Development Solutions. Tucson: University of Arizona Press;
2008.

34. Werner W: Polynomial Interpolation: Lagrange vs Newton. Math Comput
1984, 43(167):205–217.

35. Derbyshire J: Unknown Quantity: A Real and Imaginary History of Algebra.
New York: Plume; 2008.

36. Smith S, Sincich T: Evaluating the forecast accuracy and bias of alternative
population projections for states. Int J Forecasting 1992, 8:495–508.

37. Efron W: Nonparametric estimates of standard error: The jack-knife,
the bootstrap, and other methods. Biometrika 1983, 68(3):589–599.

38. Wachter K: Essential Demographic Methods. Oxford: Oxford University Press;
2012.

39. Harper G, Coleman C, Devine J: Evaluation of 2000 Subcounty Population
Estimates. Working Paper Series No. 70. Washington DC: Population Division,
US Census Bureau; 2003.

40. Swanson D, Tayman J: Between a rock and a hard place: The evaluation
of demographic forecasts. Popul Res Policy Rev 1995, 14(2):233–249.

41. Baker J, Alcantara A, Ruan XM, Vasan S, Watkins K: A Comparative
evaluation of error and bias in census tract level age/sex-specific
popuation estimates: Component I (net-migration) vs Component III
(Hamilton-Perry). Popul Res Policy Rev 2013, 32:919–942.

42. De Bruin S, Bregt A: Assessing fitness for Use: The expected value of
spatial datasets. Int J Geogr Inf Sci 2001, 15(5):457–471.

43. Gilboa SM: Comparison fo residential geocoding methods in a
population-based study of Air quality and birth defects. Environ Res 2006,
101:256–262.

44. Oliver MN: Geographic bias related to geocoding in epidemiologic
studies. Int J Health Geogr 2005, 4(29). Online.

45. Haining R: Spatial data analysis: Theory and practice. Cambridge: New York;
2003.

46. Little R, Schenker N: Missing Data. In Handook for Statistical Modeling in the
Social and Behavioral Sciences. Edited by Arminger G, Clogg CC, Soebel ME.
New York: Plenum; 1994:39–75.

47. Le Sage J, Pace KR: Models for spatially-dependent missing data. J Real
Estate Finance Econ 2004, 29(2):233–254.

48. Polissar L: The effect of migration on comparison of disease rates in
geographic studies in the United States. Am J Epidemiol 1980,
111(2):175–182.

49. Gordis L: Epidemiology. Princeton: Princeton; 2000.
50. Aschengrau A, Seage GA: Essentials of Epidemiology in Public Health. Jones

and Bartlett: Sudbury; 2003.
51. Lemieux C: Monte Carlo and Quasi-Monte Carlo Sampling. New York:

Springer; 2009.
52. Kulkarni VG: Introduction to Modeling and Analysis of Stochastic Systems.

2nd edition. New York: Springer; 2011.
53. Drummond WJ: Address matching: GIS technology for mapping human

activity patterns. J Am Plann Assoc 1995, 61(2):240–251.
54. Ratcliffe JH: On the accuracy of tiger-type geocoded address data in relation

to cadastral and census area units. Int J Geogr Inf Sci 2001, 15(5):473–485.
55. Karimi HA, Durcik M: Evaluation of uncertainties associated with

geocoding techniques. Comput Aided Civil Infrastruct Eng 2004, 19:170–185.
56. Goldberg DW, Wilson JP, Knoblock CA: From text to geographic

coordinates: The current state of geocoding. URISA J 2007, 19(1):33–46.
57. Rushton G: Geocoding in cancer research: A review. Am J Prev Med 2006,

30(2S):S16–S24.
58. Zandbergen P: Geocoding quality and implications for spatial analysis.

Geogr Compass 2009, 3. Online.
59. Jarosz B: Using Assessor Parcel Data to Maintain Housing Unit Counts for

Small-Area Population Estimates. In Applied Demography in the 21st
Century. Edited by Murdock S, Swanson D. New York: Springer; 2008:89–101.

doi:10.1186/1478-7954-11-24
Cite this article as: Baker et al.: An evaluation of the accuracy of small-
area demographic estimates of population at risk and its effect on
prevalence statistics. Population Health Metrics 2013 11:24.

http://www.census.gov/geo/www/geo_defn.html
http://www.census.gov/geo/www/geo_defn.html
http://americanfactfinder2.gov

	Abstract
	Introduction
	Materials and methods
	Input data and study area
	Pro-rating and interpolation in demography
	Statistical comparisons of error and model evaluation criteria
	The effect of errors in small-area demographic estimates on epidemiologic statistics

	Results
	Errors in single-year-of-age small area estimates of population at risk
	Impact of errors on crude prevalence estimates

	Discussion
	Competing interests
	Author’s contributions
	Acknowledgments
	References

