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On the Statistical Accuracy of Biomarker
Assays for HIV Incidence
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Objective: To evaluate the statistical accuracy of estimates of
current HIV incidence rates from cross-sectional surveys, and to
identify characteristics of assays that improve accuracy.

Methods: Performed mathematical and statistical analysis of the
cross-sectional estimator of HIV incidence to evaluate bias and
variance. Developed probability models to evaluate impact of long
tails of the window period distribution on accuracy.

Results: The standard cross-sectional estimate of HIV incidence rate
is estimating a time-lagged incidence where the lag time, called the
shadow, depends on the mean and the coefficient of variation of
window periods. Equations show how the shadow increases with the
mean and the coefficient of variation. We find with an assay such as
BED capture enzyme immunoassay, if only 0.5% are elite controllers
who remain in the window until death, then the shadow is over 2.3
years, implying that estimates reflect HIV incidence more than 2 years
in the past rather than current levels. If even 5% of AIDS cases are
unrecognized and not excluded from the numbers in the window, then
the shadow is more than 2.2 years.

Conclusions: Small perturbations to the tail of the window period
distribution can have large effects on the accuracy of current HIV
incidence estimates. The shadow and mean window period are useful
for comparing the accuracy of assays. The results help explain
differences reported between cohort and cross-sectional HIV
incidence estimates. Screening out elite or viremic controllers by
RNA polymerase chain reaction testing, and persons with advanced
HIV disease (with AIDS or on antiretrovirals) may considerably
improve the accuracy of HIV incidence estimates based on BED or
similar assays.
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INTRODUCTION
HIV incidence is the rate at which new infections occur
in populations and tracks the leading edge of the epidemic. In
recent years, considerable progress has been made in the
development of biomarkers for determining current HIV
incidence rates.1 The basic idea is to use biomarkers in crossReceived for publication November 22, 2009; accepted March 5, 2010.
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sectional samples to identify persons who were recently
infected. The approach was first suggested using an assay for
P24 antigenemia.2 However, that biomarker necessitates large
sample sizes because the durations that persons are in that
window (P24 antigen positive and HIV antibody negative) are
relatively short. Subsequently, the Serological Testing Algorithm for Recent HIV Seroconversion) was developed which
consists of a dual antibody testing system in which persons
who are positive on the standard HIV antibody assay are tested
with a second assay to distinguish recent infections from longstanding infection.3
Several classes of assays have been proposed within the
Serological Testing Algorithm for Recent HIV Seroconversion
framework for HIV incidence estimation.4 One class is based
on the quantity of HIV antibodies. The ‘‘detuned assay’’, for
example, is purposefully made less sensitive than the standard
enzyme immunoassay by diluting and altering the incubation
time of each tested specimen. Persons are said to be in the
‘‘window period’’ if they are confirmed positive on the first
assay (standard enzyme immunoassay) and negative on the
second detuned (or less sensitive) assay. A second class of
assays is based on the proportion of HIV antibodies. The BED
capture enzyme immunoassay, for example, is based on the
proportion of HIV-1–specific IgG to total IgG.5 A third class of
assays is based on the avidity of HIV antibodies that relies on
the principle that antibodies produced shortly after incident
HIV infection bind more weakly to the antigen than those
produced later in infection.
Associated with each of these assays is a window period.
Persons are in the ‘‘window period’’ if they are confirmed
positive on the first assay (standard enzyme immunoassay) and
identified as a recent infection by the second assay (eg, negative
on the detuned or BED assays). Assay cutoff values are
specified; for example, the BED and detuned assays specify an
optical density cutoff, below which specimens are considered
negative and thus recently infected. Higher cutoffs lead to larger
mean durations of the window period.
United Nations AIDS has issued a statement that the BED
assay should be used for neither estimating nor monitoring
trends in HIV incidence.6 Their concern about the accuracy of
the approach arises from reports primarily from Africa that the
cross-sectional estimate overestimates HIV incidence.7–8 For
example, a study of new mothers in Zimbabwe, the ZVITAMBO
study, found that the unadjusted BED HIV incidence estimate
was over 2 times greater than that based on the longitudinal
follow-up of the cohort.8 One theory that has been advanced to
explain that discrepancy is that the BED has a high ‘‘false
recent’’ misclassification rate, whereby long-standing infections
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are incorrectly labeled as new incident infections. This concern
has led to several proposals to statistically adjust the crosssectional estimates8–11 and subsequent discussion about if and
when such statistical adjustments are appropriate.12–17
The concerns that some persons remain in the window
period for prolonged periods especially arise with antibodybased assays such as the BED which depend on antibody
quantification. Elite or viremic controllers who have low or
undetectable viral loads may remain in the window period until
AIDS or death. Furthermore, persons with AIDS or on
antiretroviral therapy may experience declines in HIV antibody
levels causing re-entry into the window period. The Centers for
Disease Control and Prevention recommended excluding persons
with AIDS or persons on antiretrovirals from being counted in
the window period regardless of their optical density values.18
The objective of this article is to set forth a framework
for evaluating the statistical accuracy of estimates of current
HIV incidence rates from cross-sectional surveys using assays
for biomarkers and to identify characteristics of assays for
biomarkers that improve accuracy. The framework permits
evaluation of the impact of the window period distribution on
accuracy. We use the framework to investigate the effects on
accuracy of 3 phenomena that can contribute to long right tails
of window period distributions: persons who remain in the
window period for years, perhaps until AIDS onset or
initiation of antiretrovirals (eg, viremic controllers or longterm nonprogressors); persons with persistently undetectable
viral loads who never develop AIDS and and remain in the
window period until death (eg, elite controllers); and persons
who re-enter the window period after onset of advanced HIV
disease (eg, AIDS or beginning antiretrovirals), but they are
not recognized as having advanced HIV disease, and are thus
not excluded from counts in the window period.

METHODS
Statistical Framework
The cross-sectional estimator of HIV incidence is
w
ð1Þ
I^ ¼
nm
where w is the number of persons in the window period, n is
the total number of persons who are uninfected (negative on
the standard enzyme immunoassay) and m is the mean window
period duration. The durations of window periods are variable
and have a probability distribution. The survival function of
window periods, S(t), is the probability that the window period
is greater than t days. Equation (1) is justified by assuming that
the incidence rate of new infections is approximately constant
over the support of S(t). Kaplan and Brookmeyer studied the
behavior of the incidence estimator (1) when the assumption of
constant incidence is violated19 and showed that the estimator Î
converges to a time weighted average of past HIV incidence rates:


I ¼

Z‘

I ðtÞ f ðtÞ dt

ð2Þ

0

where I(t) is the HIV incidence rate t years before
the specimen collection, and the weighting function f(t)
q 2010 Lippincott Williams & Wilkins
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is the backward recurrence density of the window period
given by
fðtÞ ¼

S ðtÞ
m

Kaplan and Brookmeyer19 show that I* (equation 2) is
approximately equal to the HIV incidence at the time point c
years before specimen collection where c is the mean backward recurrence time (Appendix for discussion of assumptions
to justify the approximation such as linearity of HIV incidence
trends). That is,
I  I ðcÞ
We refer to c as the ‘‘shadow’’ because the crosssectional sample is casting a shadow back in time. The shadow
depends on the both the mean and the coefficient of variation
of window periods through the equation:
m ð 1 þ c2 Þ
2
where c, the coefficient of variation of the window periods, is
the ratio of the standard deviation (s) to the mean (m) of
window periods, that is, c ¼ s=m.20 In summary, the estimator
in equation (1) is estimating a time lagged incidence rather
than the ‘‘current’’ HIV incidence, where the lag time is
the ‘‘shadow.’’
shadow ¼ c ¼

Framework for Evaluating the Statistical
Accuracy of Assays
Evaluation of the statistical accuracy of the biomarker
estimator of incidence requires consideration of both the
estimator’s bias and variance. The statistical bias of an estimator
is the difference between what it is actually estimating and
what we hope it is estimating (ie, the current HIV incidence
rate). The absolute statistical bias of the biomarker estimator is
approximately I(c)-I(0), which is the change in HIV incidence
rates over the duration of the shadow. To compare 2 estimators,
we define the relative bias as the ratio of their biases. The
relative bias is approximately equal to the ratio of the shadows
(Appendix). For example, if assay 1 has a shadow that is
twice as large as assay 2, then assay 1 has a relative bias that is
also approximately twice as large as that of assay 2. Although
the (absolute) statistical bias depends on the magnitude of the
change in HIV incidence rates over the duration of the shadow,
the relative bias does not and depends only on the ratio of their
shadows. As such, the shadow is a useful tool for comparing the
statistical biases of assays.
The statistical stability of an estimator can be measured by
its variance. Assuming that the numbers of persons in the
window period (w) follows a Poisson distribution, then the
ðcÞ
.
variance of the estimator in equation (1) is approximately Inm
where I (c) is the HIV incidence rate at the shadow. To compare the statistical stability of estimators with 2 assays, we
consider the relative sample size requirements of the 2 assays,
which we define as the ratio of the sample sizes required by
the 2 assays to achieve the same variances. As discussed
in the Appendix, the relative sample size requirement is
approximately the ratio of mean window periods. For example,
www.jaids.com |
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if assay 2 has a mean window period twice as large as assay 1,
then assay 1 would require a sample size twice as large as
assay 2 to have the same level of statistical stability (ie, the
same variances).
The preceding discussion suggests that 2 quantities, the
shadow and the mean window period, are useful tools for
comparing the statistical accuracy of assays in determining
current HIV incidence from cross-sectional samples. The
shadow measures how ‘‘current’’ is the estimate of incidence
produced by the biomarker from a cross-sectional sample. The
shadow determines the bias of the estimator. The mean
window period measures the ‘‘statistically stability’’ of the
incidence estimator and is a key determinant of the variance of
the estimate. The shadow depends not only on the mean
of the window period distribution but also its coefficient of
variation. The coefficient of variation is sensitive to the tails
of the distribution.

The Effect of the Tails of the Window Period
Distribution on Accuracy
We investigated the effects on accuracy of several
phenomena, which cause the window period distribution to be
skewed with a long right tail. First, some persons may remain
in the window period until the onset of AIDS.21–23 These may
include persons who have been called ‘‘viremic controllers’’,
or long-term nonprogressors, and we assume that once these
persons progress to advanced HIV disease (AIDS onset or
initiation of antiretrovirals) that their advanced disease state is
recognized and they are no longer included in the counts of
persons in the window period. Second, some persons with
persistently undetectable viral loads may never develop AIDS
and they remain in the window period until death (from causes
other than AIDS). We will refer to this group as elite
controllers.22–24 Third, some persons may revisit the window
period a second time after onset of AIDS or after starting
antiretrovirals, and if their advanced HIV disease is not
recognized, then they may be improperly counted in the
window period.18 To evaluate the effects of these 3 phenomena
on statistical accuracy, we developed 2 models. A mixture
model was used to describe the first 2 phenomena. In the
mixture model, a proportion (p) of newly infected persons
have long window periods (eg, until onset of AIDS or death)
with window period distribution S2(t), mean m2, and coefficient
of variation c2; the remaining proportion 1-p have more
‘‘typical’’ window periods characterized by the distribution
S1(t), mean m1, and coefficient of variation c1. The overall
mean window period duration of the mixture population is
m ¼ m1 ð1  pÞ þ m2 p. The shadow c of the mixture
population is (Appendix)
c ¼

m21 ð1 þ c21 Þð1  pÞ þ m22 ð1 þ c22 Þ p
2½m1 ð1  pÞ þ m2 ðpÞ

ð3Þ

We numerically evaluated m and c (from equation 3)
using the mixture models to determine the sensitivity of the
accuracy of the estimator to the right tails of the window period
distribution.
A model for window period re-entry was used to
describe the third phenomena, which concerns persons with
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AIDS (or persons on antiretrovirals) who are improperly
counted in the window. Our model for window period re-entry
(Appendix) allows persons to initially enter the window period
and then re-enter the window period upon the onset of AIDS
(or upon starting antiretrovirals). In this model, a proportion a
are not recognized as AIDS cases and are thus (incorrectly)
included in the window period count, whereas the remaining
proportion (1-a) are correctly recognized as AIDS cases and
properly excluded from the window count tally. We vary the
parameter a to evaluate the quantitative effects of unrecognized AIDS cases on accuracy.

RESULTS
Table 1 tabulates the shadow as a function of the mean
and the coefficient of variation of the window periods. For
example, if an assay had a mean window period of 0.5 years
and a coefficient of variation of 2.0, then the shadow would be
1.25 years, which implies that the assay is estimating HIV
incidence approximately 1.25 years before the time point of
collection of specimens. Table 1 illustrates the fact that if the
coefficient of variation is greater than 1.0, then the shadow is
greater than the mean window period. The shadow takes
a minimum value of one half of the mean window period when
the coefficient of variation is 0.
Table 2 displays the mean and coefficient of variation of
window periods required to guarantee that the shadow is less
than 1 year. For example, to guarantee a shadow less than
1 year, an assay with a mean window period of 1.0 years would
require a coefficient of variation no larger than 1.0, whereas an
assay with a mean window period of 0.25 years could afford
a coefficient of variation as large as 2.6. Assays with smaller
mean window periods can afford larger coefficients of
variation, however, that comes at the price of a larger sample
size requirements. Assays with smaller mean window periods
require larger sample sizes to achieve the same level of
statistical stability (variance). Table 2 also shows the relative
sample size requirements (relative to a mean window of
1 year). For example, an assay with a mean of 0.25 years and
coefficient of variation of 2.6 would require 4 times the sample

TABLE 1. Shadow (years) as a Function of the Mean (Years)
and the Coefficient of Variation of Window Periods*
Mean Window
(yrs)
0.25
0.50
0.75
1.00
1.50
2.00
3.00

Coefficient of Variation
0

0.25

0.50

1.0

1.5

2.0

3.0

0.13
0.25
0.38
0.50
0.75
1.00
1.50

0.13
0.27
0.40
0.53
0.80
1.06
1.60

0.16
0.31
0.47
0.63
0.94
1.25
1.88

0.25
0.50
0.75
1.00
1.50
2.00
3.00

0.41
0.81
1.22
1.63
2.44
3.25
4.88

0.63
1.25
1.88
2.50
3.75
5.00
7.50

1.25
2.50
3.75
5.00
7.50
10.0
15.0

*Based on the equation that the mean
of the backward recurrence distribution is the
2
Þ
shadow which is equal to c ¼ mð1þc
, where m and c are the mean and coefficient of
2
variation of window periods, respectively.
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TABLE 2. Maximum Tolerable Coefficient of Variation* of
Window Periods to Insure the Shadow Is 1 Year or Less, and
Relative Sample Size Requirements†
Mean Window (yrs) Maximum Coeff Var (c)* Relative Sample Size†
0.25
0.50
0.75
1.00
1.50
2.00

2.6
1.7
1.3
1.0
0.6
0.0

4.00
2.00
1.33
1.00
0.67
0.50

*The
maximum coefficient of variation (c) that is tolerable to insure the shadow is
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2Mm
m ; table gives the largest values of the c to guarantee a shadow #1 year (M = 1).
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TABLE 4. Impact on Accuracy of Elite Controllers
p

m (yrs)

Coefficient of Variation (CV)

Shadow c (yrs)

0.000
0.001
0.005
0.010
0.015
0.020

0.50
0.52
0.60
0.70
0.79
0.89

0.36
1.37
2.61
3.15
3.37
3.46

0.28
0.75
2.33
3.81
4.91
5.77

Based on a mixture model where a proportion 1-p have a windows with mean m1 =
0.5 years (coefficient of variation c1 = 0.363) and a proportion p have a window with
mean m2 = 20 years (coefficient of variation c2 = 0.50). The overall mean window m,
coefficient of variation (CV), and shadow c in the mixture population are given.

,M is

†The relative sample sizes refer to the ratio of sample sizes of the cross-sectional
surveys (relative to when the mean window period is 1 year) required to produce equal
variances of the estimates. Here it is assumed that the HIV incidence rates at the shadows
are equal; alternatively, different assumptions about HIV incidence could be used and
incorporated into the variance formula to refine the sample size calculations.

size as an assay with a mean of 1 year and a coefficient of
variation of 1 year, yet both assays have shadows of 1 year.
Tables 3 and 4 evaluate the effects of viremic controllers
and elite controllers on accuracy. Suppose a proportion (1-p)
have window periods with a mean of m1 = 0.5 years and
a proportion p have mean window period of m2 = 10 years
(Table 3) or m2 = 20 years (Table 4). The coefficients of
variation c1 and c2 were held fixed in these tables (eg, c1 =
0.363 based on published reports on the BED window
distribution5 and c2 = 0.50 as suggested by time to AIDS and
survival distributions.24 Table 3 with m2 = 10 years is intended
to investigate the scenario in which a small proportion of
persons (eg, viremic controllers) remain in the window until
the onset of AIDS or initiation of antiretroviral therapy; and at
that point, their advanced HIV disease is recognized and they
are excluded from the count of the numbers in the window
period. We found, for example, even if there are only 2% of
such persons, that it is sufficient to cause the shadow to
increase to over 2.02 years from only 0.28 years if p = 0.0
(Table 3). Table 4 with m2 = 20 years is intended to investigate
the scenario in which a very small proportion of persons
(eg, elite controllers) never develop AIDS and remain in the
window period until death. We found, if 1.0% are elite
controllers (ie, p = 0.01), then the shadow is 3.81 years. Even if

only 0.5% of persons are elite controllers (ie, p = 0.005), the
shadow is 2.33 (Table 4). These results imply that even a very
small proportion of persons who are elite controllers can cause
a large increase in the shadow, which potentially decreases
the statistical accuracy of biomarker estimates of current
HIV incidence.
Figure 1 illustrates the window period distributions for
3 of the mixture models considered in Table 4 (for elite
controllers comprising 0.1%, 1.0%, and 2% of the population).
The 3 curves in Figure 1 are visually indistinguishable
from each other, however, their shadows are very different
(0.75 years, 3.81 years, and 5.77 years). The cautionary warning

TABLE 3. Impact on Accuracy of ‘‘Viremic Controllers’’
p

m (yrs)

Coefficient of Variation (CV)

Shadow c (yrs)

0.00
0.01
0.02
0.05
0.10
0.20

0.50
0.60
0.69
0.98
1.45
2.40

0.363
1.83
2.20
2.42
2.25
1.84

0.28
1.29
2.02
3.35
4.41
5.27

Based on a mixture model where a proportion 1-p have a windows with mean m1 =
0.5 years (coefficient of variation c1 = 0.363) and a proportion p have a window with
mean m2 = 10 years (coefficient of variation c2 = 0.50). The overall mean window m,
coefficient of variation (CV), and shadow c in the mixture population are given.

q 2010 Lippincott Williams & Wilkins

FIGURE 1. Window period densities if the proportions that are
elite controllers are p = 0.001, p = 0.01, and p = 0.02 using the
mixture models in Table 4 (and additionally assuming Weibull
models for S1 and S2). The 3 curves are visually indistinguishable from each other (the curve for p = 0.001 has the highest
peak, p = 0.01 the middle peak, and p = 0.02 the lowest peak),
however, their shadows are very different (0.75, 3.81, and 5.77
years, respectively).
www.jaids.com |
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here is that the shadow depends on very subtle characteristics of
the tails of the window periods, which may not be readily
apparent from visual inspection of the curves.
Table 5 evaluates the effect of unrecognized AIDS case
who revisit the window period, but because they are not
recognized as AIDS cases they are not excluded from the
count of the number in the window period. We find that even
a very small proportion of unrecognized AIDS cases are
sufficient to greatly increase the shadow. For example, if 0%,
1%, and 5% of AIDS cases are unrecognized, the shadows
are respectively 0.28, 0.73, and 2.23 years. To keep the
shadow under 1 year, no more than 1.6% of AIDS cases may
go unrecognized.
A practical question is whether assays could be designed
more optimally to increase accuracy for HIV incidence
estimation. Here we consider 2 design parameters that could
potentially be manipulated, the mean window (m1) and the
coefficient of variation (c1) (among the first subpopulation with
typically short window periods in the mixture population). For
example, the mean and coefficient of variation of the window
periods change if the optical density cutoff of an assay is
changed. We investigated whether there was an optimal choice
for m1 under the mixture model. We varied the mean window
period m1 in equation (3) and calculated the shadow. Figure 2
shows the relationship of the shadow to the mean window
period m1 (m2 was fixed at 10 years and the coefficients of
variation c1 and c2 were also fixed). Figure 3 is a similar figure
except m2 was fixed at 20 years. The figures illustrate that there
are optimal choices of the mean window (m1) that minimize the
shadow for a given mixing proportion p. For example, in Figure 3,
if p = 0.005, the shadow is minimized at 1.63 years by an assay
with mean of m1 = 1.44 years. It is a remarkable and surprising
fact that Figures 2 and 3 are approximately U shaped: the
explanation for the U shape is that if m1 gets too small, then
persons who are ‘‘caught’’ in the window period become
increasingly dominated by the subpopulation with long
window periods as opposed to the subpopulation with shorter
window periods. It can be shown analytically that the shadow
is approximately minimized if the mean window period m1 of
the assay is (Appendix):
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

1 þ c22 p

ð4Þ
m1 ¼ m2 
1 þ c21
which yields a minimum shadow of:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
c ¼ m2 ð1 þ c21 Þ ð1 þ c22 Þ p

TABLE 5. Impact on Accuracy of Unrecognized AIDS Cases
Who Re-Enter the Window
a

m* (yrs)

Shadow c (yrs)

0.00
0.01
0.02
0.05
0.10
0.25
0.50
0.75
1.00

0.50
0.52
0.54
0.60
0.70
1.00
1.50
2.00
2.50

0.28
0.73
1.15
2.23
3.63
6.14
8.09
9.07
9.66

The model for window period re-entry assumes the initial window period has mean
m1 = 0.5 years (coefficient of variation c1 = 0.363), mean time to AIDS is 10 years at
which point cases re-enter the window and the mean survival time with AIDS is 2 years
(exponential distributions). Model allows for a proportion a of AIDS cases to be counted
in the window period, whereas a proportion (1-a) of AIDS cases are excluded from being
counted in the window period.
*The total mean time (m) spent in the window period is the sum of the mean time in the
window during the initial visit plus the mean time spent in the window after onset of AIDS.

values of the shadow corresponding to p = 0.001, 0.005, 0.010,
0.015, and 0.020 are respectively 0.71, 1.58, 2.23, 2.74, and
3.16 years. The implication of these calculations is that if elite
controllers compose greater than 0.5% of the population, then
it is not possible to ‘‘tune’’ an assay (eg, the BED) to have
a shadow of less than 1.58 years even if the coefficient of
variation (c1) was successfully reduced to 0.

ð5Þ

Equation (5) shows that the shadow decreases as the
coefficient of variation c1 decreases. By setting c1 = 0 in equation (5), we can determine the minimum value of the shadow
(cmin) that is ever achievable with the mixture distribution:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð6Þ
cmin ¼ m2 ð1 þ c22 Þ p
For example, suppose elite controllers have a mean
window period of 20 years with coefficient of variation of
c2 = 0.5. With optimal choices for the assay’s design parameters [ie, set c1 = 0 and m1 equal to equation (4)], the minimum
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FIGURE 2. Shadow versus the mean window period (m1 in
years) in the mixture model (where m2 = 10 years, c2 = 0.5 and
c1 = 0.363 are fixed). Curves are shown for (1-p) = 0.80, 0.90,
0.95, 0.98, 0.99, and 1.0.
q 2010 Lippincott Williams & Wilkins
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FIGURE 3. Shadow versus the mean window period (m1 in
years) in the mixture model (where m2 = 20 years, c2 = 0.5 and
c1 = 0.363 are fixed). Curves are shown for (1-p) = 0.980,
0.985, 0.990, 0.995, 0.999, and 1.0.

DISCUSSION
Evaluation of the statistical accuracy of the biomarker
approach to HIV incidence requires consideration of both the
bias and variance of the estimators. Both the shadow and the
mean window period are useful in this regard. The shadow is
useful for comparing statistical bias. Assays with smaller
shadows have smaller relative bias. The mean window period
is useful for comparing the statistical stability (variance) of
assays. Assays with larger variances have greater sample
size requirements.
The biomarker approach is estimating a time-lagged
incidence back into the past where the lag time is the shadow.
The shadow measures how ‘‘current’’ is the biomarker based
estimate of HIV incidence. The shadow depends on both the
mean and the coefficient of variation of window periods. The
shadow increases as the mean window period increases and as
the coefficient of variation increases.
The validity of the shadow interpretation of the crosssectional incidence estimate depends to some extent on the
linearity assumption of HIV incidence trends (Appendix,
and section 1.4 of19). Although linearity is not an absolutely
necessary condition for validity, the degree of nonlinearity that
can be tolerated should be assessed and depends on a number
of factors including the window period distribution.19
We have evaluated the impact of 3 phenomena on
accuracy: viremic controllers who are counted in the window
period until onset of advanced HIV disease; elite controllers
who remain in the window until death; and unrecognized
AIDS cases who re-enter the window period. We have shown
that even a small proportion of persons with long window
q 2010 Lippincott Williams & Wilkins
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periods (eg, elite controllers) can significantly increase the
shadow, which may substantially bias the biomarker approach
for estimating current HIV incidence levels. Furthermore,
a very small proportion of AIDS cases, who are unrecognized
and not excluded from the counts in the window period, can
significantly increase the shadow.
Our results help explain discrepancies between the
cohort and biomarker approaches that have been reported in
the literature. One study in Zimbabwe, the ZVITAMBO study,
recruited and followed new mothers within 96 hours of
delivery and compared the BED cross-sectional incidence
estimate with the cohort estimate.8 The BED estimate was over
2 times larger than the cohort estimate. Our results help
explain that discrepancy. We have shown that if as little as
0.5% of persons are elite controllers, the shadow is over 2.5
years. In that case, the BED approach is estimating HIV
incidence into the prepartum period, whereas the cohort
approach is estimating incidence exclusively during the
postpartum period.16 It is very plausible that HIV incidence
rates are higher during the prepartum than the postpartum
period periods because the women were sexually active during
the prepartum period, and in the ZVITAMBO study, the new
mothers were receiving counseling and other behavioral
interventions during the postpartum period. The cautionary
warning here is that if HIV incidence is changing sharply over
time (such as between the prepartum and postpartum periods
among new mothers), shadows of over 2 years duration can
create discrepancies between cohort and biomarker estimates.
Neither the biomarker approach nor the cohort approach are
gold standards in which to validate the other because they are
estimating HIV incidence rates at different points in time.
Our results provide guidance for the design of new
assays to improve accuracy. Judicious choice of the mean
window period (by changing the optical density cutoff for
example) can help minimize the shadow as illustrated in
Figures 2 and 3, and afford some protection from long tails of
the window period distribution. Precisely how changes in the
optical density cutoff would influence the shadow is an open
research question and is complicated because changes to the
cutoff may affect not only m1 but also other parameters in
equation 3 including the coefficient of variations and p.
Furthermore, our results establish the limits to the
statistical accuracy of some assays. We find, for example, that
if as little as 0.5% of persons are elite controllers who remain
in the window until death, it is not possible to reduce the
shadow to less than 1.58 years even if the assay’s coefficient of
variation (c1) is successfully reduced to 0. Whether or not
a shadow of 1.58 years is adequate depends on how much HIV
incidence changes over the duration of the shadow and the
ultimate purposes of the incidence estimate. We illustrated
a number of our results with a specific value for m2 (20 years.)
The interpretation of m2 is the life expectancy of an elite
controller, which may depend on overall health conditions of
the population, and should be assessed at the local level.
The limits to the statistical accuracy of some assays
discussed above begs the question if there are alternative
strategies for improving the accuracy of current HIV incidence
estimates? One promising strategy is based on algorithms
involving multiple assays such as CD4, BED, avidity assays,
www.jaids.com |
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antiretroviral, P24 antigen, and HIV RNA screening.21,25 For
example, an algorithm could consist of HIV-positive persons
who are tested for CD4 to exclude persons with AIDS, those
without advanced HIV disease are then tested with the biomarker assays (eg, BED), and those in the window period are
assayed for HIV RNA to exclude elite controllers. Tables 3–5
suggest that screening with additional assays would increase
accuracy considerably; the tables show by how much the
shadow would decrease if p or a are decreased by screening.
Two complications deserve attention with algorithms of multiple assays. First, with each specific algorithm, the window
period distribution would need to be recalibrated. Second, if
elite controllers with nondetectable RNA are automatically
excluded from the window count tally, it will be necessary to
account for the fact that some of those exclusions may have
been in the (counterfactual) window period; here we are
considering the ‘‘window period’’ of elite controllers as
a counterfactual, that is, an unobservable duration which
follows the same probability distribution as the window period
of noncontrollers. That is, if w is the observed number in the
window period, then the corrected number in the window
would be w/(1-p) where p is the probability an individual is an
elite controller. In practice, however, because p is likely small,
that suggested correction may have a minor numerical effect.
It is worth reiterating that p refers to the proportion of
elite controllers in a cohort of newly infected persons. The
proportion of elite controllers in a group of prevalent infected
individuals is likely to be larger because of the survival
advantage of elite controllers.
Other measures of statistical accuracy have been
discussed in the literature. For example, the ‘‘false-recent rate’’
refers to the proportion of long-standing infections that are in
the window period; however, that definition is ambiguous
without further qualification about the meaning of longstanding infection.25 We could qualify the term, for example,
and define the 3-year false recent rate as the proportion with
window periods greater than 3 years. However, that rate by itself
does not determine the bias. To illustrate that fact, consider 2
assays, where 1 assay has a mean window of 0.50 years and
coefficient of variation of 1.7, and a second assay has a mean of
1 year and coefficient of variation of 1; Although both assays
have a shadow of 1 year (Table 2), the 3-year false recent rates
are quite different (.017 versus .041 under a lognormal model
for the window period distribution). The key point is that false
recent rates at one time point do not fully characterize the
statistical accuracy of assays for current HIV incidence either
with respect to bias or variance.
The purpose of this article was to provide a framework
for understanding how the window period distribution affects
accuracy. The framework considers 2 dimensions to statistical
accuracy, bias, and variance. Alternatively, one could combine
the bias and variance measures into a single overall summary
measure of accuracy such as the mean squared error; however,
we prefer to describe the 2 dimensions of accuracy separately
to clarify the tradeoff between bias and variance and because
their relative importance may depend on the circumstances
of the setting (eg, if sample size limitations are of primary
concern, controlling variance may be paramount; if monitoring
rapidly changing HIV incidence is of primary concern,
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controlling bias may be paramount). The discussion in this
article assumed the window period distribution was known.
Of course, accuracy will be reduced if that is not the case,
and there is error in the mean window period (m) used in
equation 1. There are confidence interval procedures that
account for uncertainly in m including both analytic26 and
Monte-Carlo approaches.27 The framework set forth in this
article provides guidance for the designing improved assays
and also identifies the limits to accuracy achievable by some
assays. Algorithms that include testing for RNA, CD4, avidity,
P24 antigen, and antiretrovirals offer a very promising avenue
for improving the accuracy of current HIV incidence estimation from cross-sectional studies.
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APPENDIX: THE SHADOW
It has been shown19 that the cross-sectional estimator is in fact not
estimating the current HIV incidence but is instead an approximation of the
HIV incidence c years before the collection of the specimens in the crosssectional sample, where, c, the shadow, is the mean of the backward
recurrence time distribution, and c is given by:

R‘
c¼

tS ðtÞ dt

0

m

The validity of the approximation that the cross-sectional estimate is
the HIV incidence rate c years earlier can be formally assessed by a second
order Taylor series expansion. The error in the approximation is equal to
I00 ðcÞV=2, where I00 ðcÞ is the second derivative of the incidence function and
V is the variance of the backward recurrence times, (equation 16 in19).
Therefore, it follows that the error in the approximation becomes small under
either or combination of 2 conditions: the time trend in HIV incidence rates is
approximately linear (ie, I(t)I(0) + bt in which case I00 ðcÞ is zero), or the
variance (V) is small.19

Bias
The (absolute) bias in the cross-sectional estimator is I(c)-I(0),where
I(t) is the incidence t years before the collection of the specimens. The relative
bias of 2 assays with shadows c1 and c2 is the ratio of their biases, which under
the assumption HIV incidence trends are linear in time is the ratio of their
shadows because

Iðc1 Þ  Ið0Þ Ið0Þ þ bc1  Ið0Þ c1
¼
¼ :
Iðc2 Þ  Ið0Þ Ið0Þ þ bc2  Ið0Þ c2

Variance (Statistical Stability)
Suppose we wish to compare the statistical stability of 2 assays where
assay 1 has the mean window period and shadow given respectively by m1 and
c1, and assay 2 has the mean window and shadow given respectively by m2 and
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c2. To compare the statistical stability of the estimates from the 2 assays, we
consider the relative sample size requirements of the 2 assays (sizes of the
cross-sectional surveys) which is defined as the ratio of the sample sizes
required by two assays (say N1 and N2 which refer to the total numbers in the
cross-sectional samples) in order that they each achieve the same level of
statistical precision (ie, the same variances). The variance of the estimator in
equation (1) is IðcÞ
nm . Therefore, the relative sample size is

R¼

N2
m
¼k 1
N1
m2

Iðc2 Þ
where k ¼ Iðc
is the ratio of the HIV incidence rates at the shadows of
1Þ
the two assays. The relative sample sizes depend both on the ratio of the mean
window periods and the ratio k of HIV incidence rates at the shadows. In the
absence of prior knowledge about the magnitude of k, consider k = 1 as the
leading case for assessing statistical stability. In that case, the relative sample
size requirement is just the ratio of mean window periods, R ¼ mm1 . For
2
example, if assay 2 has a mean window twice as large as assay 1, then assay 1
would require a sample size twice as large as assay 2 to have the same level of
statistical stability (eg, variances).

Mixture Model
The window period distribution for the mixture population is

SðtÞ ¼ ð1  pÞS1 ðtÞ þ pS2 ðtÞ
To derive equation (3), we note that the mean of a mixture distribution is

m ¼ m1 ð1  pÞ þ m2 p
and its variance is





s2 ¼ s21 þ ðm1  mÞ2 ð1  pÞ þ s22 þ ðm2  mÞ2 p:

where si and mi are respectively the standard deviation and mean for
subpopulation i with survival distribution Si(t).The mean of the backward
recurrence distribution is

c¼

m2 þ s2
:
2m

Substituting the mean m and variance s2 of the mixture distribution
into the above equation gives equation (3).
To derive equations (4) to (6), we make the approximation that the
mean of the mixture distribution m1 ð1  pÞ þ m2 p  m1 which is an adequate
approximation when p is small. Then the mean of the backward recurrence
time of the mixture is

c

m21 ð1 þ c21 Þð1  pÞ þ m22 ð1 þ c22 Þp
2m1

@c
Differentiating c with respect to m1 and setting @m
¼ 0, we obtain
1
equations (4). Substituting equation (4) into the above equation gives equation
(5). The results from these analytic equations agree well with the direct
numerical results of the optimum (minimum) values of c in Figures 2 and 3.
Setting c1 = 0 in equation (5) yields equation (6).

Model for Window Period Re-Entry
The model structure is as follows. Persons spend an initial duration
of time in the window period according to the survival distribution S1(t)
which has mean m1. The time to AIDS after infection follows a survival
distribution S2(t) which has mean m2. Persons re-enter the window period at
the onset of AIDS and remain in the window until death. The duration from
AIDS onset until death follows the survival distribution S3(t), which has
mean m3. A proportion a of AIDS cases are not recognized as AIDS and thus
not excluded from the window count tally, whereas the remaining proportion
(1-a) are correctly identified as AIDS cases and properly excluded from
being counted in the window. As shown in,19 if there is re-entry into window
periods, the shadow is the mean (expectation) of a random variable with
probability density:
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fðtÞ ¼

Rt
S1 ðtÞ þ a f2 ðuÞS3 ðt  uÞ

fðtÞ
R‘

fðsÞds

0

where, f(t) is the probability of being in the window period
t years after infection (that includes either the events of being in
the window during the initial period or the second period after AIDS
onset). Then,

fðtÞ ¼

0

m1 þ am3

where, f2(u) is the probability density of the time to AIDS. The shadow is the
R‘
expectation associated with the probability density f, that is, c ¼ tfðtÞdt
0
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