Estimating Prevalence: A Confidence Game
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ABSTRACT: Prevalence is one of the few eslimates that rarely are reported
with an appropriate measure of error in the parasitological literature. A
minimurn sample size recommendation of 15 samples, based on the
relationship between sample size and standard error, likely has led 10 a false
degree of confidence because of the nonlinear relationship between standard
error and “true” 95% confidence intervals (as determined by Monte Carlo
sitnulation or integration of the Bayesian posterior). Given that 95%
confidence intervals for proportions are influenced by both sample size and
the actual estimate of the proportion, there is no “gold standard™ sample
size beyond which estimates of binomial proportions can be considered
“reliable.” This necessitates Lthe reporting of confidence interval estimates
that have been shown to be conservative, such as the Clopper-Pearson
estimate, or robusi, such as the Wilson score approximation, or the
computationally inlensive integration of the Bayesian posterior.

Bush et al. (1997) characterized prevalence as one of the least misused
ecological descriptors in the field of parasite ecology. While this is almost
certainly true in terms of consistency in how it is calculated, sample
prevalence and other proportional measures are all too frequently reported
with no measure of the error for the estimate. In a review of the first 5 issues
of Volume 97 of the Journal of Parasitofogy (ignoring taxonomic dala,
where ranges are reported by convention) 49 papers reported sample
means, and, in all but 3, standard deviation or standard error was reported
as a measure of dispersion or accuracy. In contrast, data were presented as
binomial proportions (generally as percentages) in 58 papers, 45 of which
failed to report an error term for the estimates. Of the 13 papers that did
account for some measure of error, 5 included the error calculated for the
average prevalence, which measures the precision of the prevalences among
the samples, and not the accuracy of the estimate itself; 5 others reported
the standard error for a binomial propottion. Estimates ol 95%, or 99%,
confidence intervals (Cls) were given for binomial proportions in only 3
instances. The present investigation addresses some of the peculiarities of
prevalence estimation and the means by which such estimates can best be
rendered interpretable. The focus of this investigation is on producing
meaningful ercor estimates but does not address the methods of testing for
differences among such estimates.

Almost without exception, papers that did not include an estimate of
error did report sample sizes, which does allow for calculation of Cls after
publication. It is not clear, however, why a practice that would be
considered unacceptable for other ecological parameters, e.g., abundance,
is so readily accepted for estimates of prevalence. There is no justification
for providing any estimate without some measure of its error {(Krebs,
1998). For binomial proportions {such as prevalence), 95% Cls are the
most interpretable, indicating the range within which one is 5% confident
that the actual value of the parameter can be found. There are also other
error estimates that can be associated with estimates of binomial
proportions, but most do not have a consistent relationship with the
95% CI. The interpretation of a 95% CI does not depend on context, such
as sample size or the proporticn estimated, and so error estimates that do
not covary in a2 linear fashion with 95% Cls are context-dependent
descriptors and, therefore, cannot effectively communicate the error
inherent in the estimate. Determining the mean and associated error from
a sample of prevalences is a commeon practice but is unlikely to produce a
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meaningful measure of the error associated with the resulling prevalence
estimate. While the mean of the sample prevalences from equally sized
samples (or the weighted mean for unequal sample sizes) produces the
same estimate of prevalence that would be obtained by pooling the
samples, the error terms associated with these means do not necessarily
relate to the confidence in the estimate of prevalence. The standard
deviation of such samples describes only the precision among these
samples and, rather than increasing in concert, does not covary with the
95% Cls generated by pooling the samples and calculating a single
estimate (Fig. 1). Thus, the standard deviation of “mean prevalence”™ does
not provide any indication of the accuracy of the prevalence estimate.

Because the prevalence estimates are themselves means, the calculation
for sample standard deviation essentially represents what conventionally is
referred 1o as standard error, i.e., the standard deviation of sample means
around a population mean. When treating the prevalences as observations
rather than means, the standard error of such samples (generated by
dividing the standard deviation by the square root of the number of
samples used to determine mean prevalence) does covary in a nearly linear
fashion with 95% Cls when dealing with more than 10 samples (Fig. 2A)
but becomes less predictable with 10, or fewer, sampies (Fig. 2B). The
standard error can provide an estimate of the accuracy of the prevalence
estimate, bul only if the sample sizes are equal and the number of samples
is sufficient. Even when the aforementioned conditions are met, the
estimate of confidence is indirect. More importantly, it does nol seem
logical Lo partition confidence into subsets, when it is possible to pool the
samples into a single estimate, and generate appropriate and meaningful
95% Cls. Therefore, estimates of the error generated from multiple
prevalence estimates cannot be recommended.

Another alternative to estimating the error associated with prevalence
estimates is the determination of the standard error specific to binomial
estimates. In essence, a proportion represents an average of zeros and
ones, which means that a standard error can be calculated for an estimaied
binomial proportion (), such as prevalence, as

Unfortunately, this error estimale does not have a linear or consistent
{(across proportions) relationship with 95% Cls for binomial proportions
(Fig. 3) and is, therefore, not a useful measure of confidence in relation to
sample size.

Jovani and Tella (2006) provide an excellent critique of some of the
methods that have been employed in dealing with estimates of prevalence
based on low sample sizes. They also used the relationship between
standard error of binomial estimates and sample size 10 suggest that a
minimum sample size of 15 host individuals for estimating prevalence was
justified, Since that time, a number of papers have used that recommen-
dation to justify or contextualize small sample sizes {e.g., Jovani et al.,
2006; Geue and Partecke, 2008; lllera and Emerson, 2008; Klomp et al.,
2008; Carrete et al., 2009; Raharivololna and Ganzhorn, 2009; Alcaise et
al., 2010; Garamszegi, 2010; Lymbery et al., 2010; Rubio-Gedoy et al.,
2011). As noted above, the problem with relating this error to appropriate
sample sizes is that it does not relate directly to accuracy of the estimate.
Although reliance on a minimum sample size would be convenient, 95%
Cls for binomial data vary continuously with sample size and with the
estimate of prevalence. The 95% CI calculated from a sample size of 15
might well be “small enough™ to address certain questions or comparisons,
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FiGure 1. Relationship between the cumulative standard deviation
(mean = SE) of 10 trials of 2 (right side of graph) 1o 50 (left side of graph)
random samples drawn from a population with a prevalence of 0.5 (50%),
and the cumulative 95% Cls calculated from the pooled samples, for
sample sizes of 10, 20, 40, 80, and 160 individuals. Error terms were
calculated from proportions. The relationships shown are consistent with
the relationships observed for other proportions.

but the calculation of 95% Cls is not exceptionally difficult and provides a
direct indication of the types of questions or comparisons that can be
addressed with a given dataset.

Confidence intervals generated using the standard error, such as the
Wald estimator (a Gaussian approximation of the binomial distribution),
fare poorly relative to the aciual confidence limits, as determined by
Monte Carlo simulation or integration of the Bayesian posterior {Agresti
and Coull, 1998). They underestimate the true limits by a factor that can
be several times the value of the type I error rate (Ross, 2003), The Wald
CI is not recommended for sample sizes of less than 600, and even then
only for proportions ranging from 0.2 to 0.8 (Ross, 2003).

Clopper-Pearson “exact” Cls (Clopper and Pearson, 1934) avoid
approximation by relying on the relationship between the F distribution
and the binomial distribution, taking the form

|
n—x+I1 ] v n—x
4 ——m—— <p<|l e
[ xF!'M‘z.I 22 P (.\‘ + I)Fv;.vi.a:Z

for a proporlion () estimated as x/n, where

v = 2.\',
vp=2(n—x+1),
vi=2x+1),

vy =2(n— x).

The values of F can be determined from a table or, more conveniently,

determined in Microsoft Excel using the formulas

=F1Nv(1—(§),v.,v2) and =F1Nv(g,v;,v;).

For example, 10 infected hosts in a sample of 23 produce Cls for 5 =0.43

that are

0.23 < 0.43 < 0.66.

The performance of the Clopper-Pearson interval greatly exceeds that of
Wald intervals (Agresti and Coull, 1998), especially at small sample sizes,
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FIGURE 2. Relationship between the cumulative standard error (mean
* SE) of 10 trials of random samples drawn from a population with a
prevalence of 0.5 (50%), and the cumulative 95% Cls calculated from the
pooled samples, for sample sizes of 10, 20, 40, 80, and 160 individuals.
Error terms were calculated from proportions. The relationships shown
are consistent with the relationships observed for other proportions. (A)
Cumulative mean for 11 (right side of graph) to 50 (left side of graph)
random samples. (B) Cumulative mean for 2 (right side of graph) to10 (left
side of graph) random samples.
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FiGure 3. The relationship between the standard error of estimates of
binomial proportions and the width of the Wilson score 95% Cls for
sample sizes ranging from 3 (right side of graph) to 500 (left side of graph).
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FiGure 4. Width of 95% Cls for binomial proportions as a function

of sample size and estimated proportion. (A) Wilson score intervals. (B}
Clopper-Pearson intervals.

Although the error relative to actual confidence limits can be as high as
60% of the type I error rale, it typically is on the order of 20%, and the
error is always positive, i.e., never smaller than the true CI, making it a
conservative estimator {Ross, 2003).

The Wilson score interval, although based on a Gaussian approxima-
tion, is more robust and less biased than the Clopper-Pearson and Wald
estimates (Agresti and Coull, 1998) and is computationally simple. The
standard error employed for the Wilson score interval is based on the null
hypothesis of the parameter, rather than on its estimate (Wilson, 1927;
Agresti and Coull, 1998), taking the form

2
3l — B “a/2
PO = p)
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where j is the proportion estimated from a sample size of . and z,; is the
normalized value (z-score) for a type [ error rate of o (where the Clis | —
@). The normalized value for the percentile can be determined from a table
or recovered in Microsoft Excel using the function

= NORMSINV|I - (&/2)}-
Thus, the Wilson score interval for 10 infected hosts in a sample of 23 is
0.26 < 0.43 < 0.63,

which is a slightly narrower CI than the Clopper-Pearson estimate.
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FiGure 5. Relationship between the upper CI for a binomial

proportion estimate of zero, and the size of the sample used to produce
the estimate.

Cls based on integration of the Bayesian posterior (IBP} have a
vanishingly smal] degree of error (within 107% of the desired type I error
rate) that is independent of sample size and the estimated proportion but
computationally intensive (Ross, 2003). Although 1BP is the best choice
for estimation of 95% Cls, both the Clopper-Pearson interval and the
Wilson score interval can be recommended for those without access to the
appropriale software, with the former being more conservative {its value is
never less than the true 95% ClIs) and, therefore, producing wider Cls at
low proportions (Ross, 2003).

Figure 4 shows the narrowing of the combined 95% Cl width with
increasing sample size for the Wilson score (Fig. 4A) and Clopper-Pearson
(Fig. 4B) estimates. Il is important to note that these widths are
symmetrical around the estimated proportion only when the estimated
proportion is 0.5, and they become progressively more asymmetrical as
estimates approach the minimum and maximum values of 0 and 1,
respectively. This bounding limits the possible allernative values for a
given estimale, €.g., an estimated proportion of 0.1 cannot have a lower CI
less than O, resulting in uncertainty being at a maximum when the
estimated proportion is 0.5.

As with any parameler estimate, required sample sizes are determined
by both the degree of confidence required and some idea of what the
estimated proportion would be, making it difficult, and possibly
inappropriate, to recommend a minimum sample size within the practical
limits of most parasitological investigations. For a purely descriptive
investigation, an estimated proporiion of 0.5 produces the greatest interval
widths for a given sample size, and a sample size of 40 hosts for the Wilson
score interval (47 for the Clopper-Pearson interval) is necessary in order (o
generate upper and lower 95% Cls smaller than 0.15 around that estimate
of 0.5. Reducing upper and lower 95% CIs to less than 0.1 would require
sample sizes of 94 for the Wilson score interval and 104 for the Clopper-
Pearson interval.

Because prevalence data imply presence or absence of a parasite species
in a host population, it also is instructive to consider what can be inferred
from an observed prevalence of zero at a given sample size. The upper CI
of that estimate is a useful measure of what such an investigation might be
overlooking. Figure 5 depicts the relationship between the upper Clopper-
Pearson and Wilson score intervals for an estimated proportion of zero.
With a sample size of 15 hosts, an observed prevalence of zero could be
expected for species with a true prevalence of 20%. In order to be 93%
confident that species with a true prevalence of 10% will be detecled, ie.,
an upper confidence limit for an estimate of 0 that is less than 0.1, a sample
size of more than 35 would be required. To reliably detect species with a
prevalence of 5%, a sample size of 75 would be appropriate.

Although a discussion of the analyses appropriate for comparing
prevalence data is beyond the scope of this paper, one can make cursory
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FIGURE 6. The minimum estimated proportion that can be distin-
guished with 95% confidence, i.e., Cls do not overlap, from an estimated
proportion as a function of sampie size, assuming the same sample size for
both estimates. (A) Wilson score, (B} Clopper-Pearson.

comparisons among estimates ol prevalence using the overlap between 2
or more sets of Cls. Thus, in terms of evaluating appropriate sample sizes,
a consideration of the overlap between 2 scts of 95% Cls may be
warranted. Figure 6 depicts the minimum estimated proportion that can
be distinguished with 95% confidence, i.e., the confidence limits do not
overlap, from a given estimated proportion as a function of sample size,
The minimum sample size recommended by Jovanni and Tela (2006)
would make a prevalence of 5% (0.01 < 0.05 < 0.28) indistinguishable
from estimates ranging up to 50% (0.27 < 0.5 < 0.73) when the less
conservative Wilson score interval is employed. Considering the maximum
interval width for any sample size, which occurs at a prevalence of 50%,
Wilson score intervals distinguish a prevalence of 50% (0.39 < 0.5 < 0.61)
from a prevalence of 73% (0.62 < 0.73 < 0.82) at a sample size of 75, and
distinguish a prevalence of 50% (0.46 < 0.5 < 0.54) from a prevalence of
59% (0.55 < 0.59 < 0.63) with a sample size of 480.

Although it seems intuitive that the use of presence-absence data would
require smaller sample sizes than estimates generated using abundance data,
careful examination of 95% Cls for proportions as a function of sample size
make it clear that the sampling requirements, especially where comparisons
are to be made, are at least as stringent. Regardless of sample size, which
often is constrained by practical and not theoretical issues, an appropriate
measure of the error in estimates of prevalence must be reported in order to
provide an objective indication of the degree of confidence in that estimate,
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and the level of confidence with which one can make comparisons among
prevalences. None of the commonly applied alternative estimates of error for
binomial proportions has a consistent relationship with the 95% Cls, leaving
the 95% Cls themselves as the best choice for presenting an estimate of the
error associated with estimates of prevalence,

This manuscript was improved substantially by the thoughtful
comments of Al Shostak and 2 anonymous reviewers.
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