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Relating incidence to ‘recent infection’ prevalence:
Application to HIV
Alex Welte*

I present a systematic approach to the derivation of relationships
between disease incidence and the prevalence of an experimentally
defined state of ‘recent infection’. These depend, in general, on details
of the population dynamic and epidemiological history, as well as
the physiology of early disease progression. The general relations
facilitate the evaluation of numerous approximate schemes that
could be used for the purpose of estimating incidence from snapshot
surveys. Methods for calibrating an incidence/prevalence relation
from follow-up studies, for use in subsequent snapshot surveys,
are considered. Example data from an ongoing follow-up study are
analysed. Statistical power and prospects for practical implementation in southern Africa are also considered.

Introduction
Reliable estimation of disease incidence (rate of occurrence of
new infections, as opposed to prevalence, which is the fraction
of a population in an infected state at a particular time) is central
to the determination of epidemiological trends, especially for
the allocation of resources and evaluation of interventions. It is
also important to have a rough measure of incidence in a population for the proper planning of sample sizes and costs for clinical
trials and other population-based studies. Repeated follow-up
of a representative cohort is the gold standard for estimating
incidence, but is costly and time intensive, and is still prone to
intrinsic problems such as the potential for a bias in the factors
determining which subjects are lost to follow-up. Also, ethical
considerations demand that a cohort study involve substantial
support for subjects to avoid becoming infected, which may
make the cohort unrepresentative of the population of interest.
Numerous methods have been proposed for inferring incidence from single or multiple cross-sectional surveys rather
than following up a cohort.1–9 A central idea in some of these is to
count the prevalence of some category of ‘recent infection’ which
depends essentially on the recent incidence. The relationship
between the two is in general not simple, and depends in detail
on the recent population dynamics as well as distributions
which capture the inter-subject variability of progression
through stages of infection, as they are observed by the specific
laboratory assays used. For this kind of approach to be sensible, a
working definition of ‘recent infection’ must be calibrated, for
example by repeatedly following up subjects over a period
during which they become infected. This is effectively as much
effort as one measurement of incidence by follow-up, after
which the calibration could in principle be used to infer incidence
from each of many subsequent independent cross-sectional
surveys. Previous work on the inference of incidence from
‘recent infection’ prevalence has relied on a variety of assumptions and approximations, both in the modelling of the relationship between incidence and prevalence, and the calibration of
the definition of ‘recent infection’.
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The present approach starts by expressing the relevant relationships with substantial generality. Special cases can then be
considered, which allow the rearrangement of the relationships
to facilitate the inference of incidence from survey data. This is
done in the section immediately following this introduction. The
section after that presents analysis of data from an acute
infection cohort currently managed by the Centre for the AIDS
Programme of Research in South Africa (CAPRISA). A model
independent (distribution shape independent) estimation of the
mean duration of a well-defined state of ‘recent infection’ can be
performed on follow-up data of the kind obtained here. The
statistical power of this data set, given the applicable definition
of ‘recently infected’, is found to be very limited. Finally, I evaluate
the prospects for developing efficient methods of estimating
incidence from surveys of the prevalence of ‘recent infection’ in
southern Africa, in light of currently available data.
Relating ‘recent infection’ prevalence to incidence
I now outline a quite general approach to relating the key
demographic, epidemiological and biological processes that are
relevant to indirect estimation of incidence from single surveys
of the prevalence of ‘recent infection’. Let a population be
characterized by a gross incidence I, and corresponding per person
incidence, i. This means that in a period dt, around time t, the
number of new cases is I(t) dt = i(t)Ns(t) dt, where Ns is the
susceptible population. If observed through the application of
two separate laboratory assays of different sensitivity, infected
individuals experience the following key events:
1. The moment of infection itself, at some time t0.
2. Entry into the ‘recently infected’ category (infection now
detectable only by assay one). This occurs at the individual's
own delay of t1 after infection.
3. Exit from the ‘recently infected’ category (infection now also
detectable by assay two). This happens at the individual's
own delay of t2 after infection.
4. Death, from whatever cause, at a delay of t3 after infection.
Henceforth, whenever the term ‘recent infection’ is used, it
will mean infection being detectable by only the first of two
assays. The duration of this kind of state is sometimes referred to
as a ‘window period’, and we will also refer to entry and exit
from the ‘window state’. The distribution of waiting times t1, t2
and t3 over the population is given by some distribution ρ(t1, t2 ,
t3), which captures the full range of biological variation in mortality and disease progression as probed by the relevant assays. It
is in principle conceivable that for some individuals t1 > t2, so
that they never appear to be recently infected. Even when t1 < t2
there is the possible complication that t3 < t1 or t1 < t3 < t2 , i.e. that
the subject dies before entering or leaving the state of recent
infection. In such a case the values of either t1 or t2 should be
taken as effectively infinite or undefined. This means that the
total density of the distribution ρ(t1, t2 , t3) might be less than unity
when integrated over any finite range of the t’s. These are very
minor points for many situations, such as the definition of recent
infection induced by the data presented in the next section.
We can now write down expressions for the expected number
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of persons in various categories at the time of observation, tobs,
i.e. the counts of recently infected persons (Nr ), long-infected
persons (Nl ) and non-infected persons (Nn ), as categorized by the
use of two assays of different sensitivity. Note that Nr also counts
people too recently infected to be detectable by any assay being
used. For convenience, we will set tobs = 0. The total number of
persons historically infected is now given by
.
In a continuous formulation of population dynamics, we can
consider an infinitesimal cohort of infected individuals created
in a period dt. If we are interested in events preceding the
measurement at tobs = 0, we will consider individuals infected
at some time t < 0. In the infinitesimal cohort of individuals
infected around time t < 0, the probability of any member being
alive and classified as recently infected at tobs = 0 is given by

.
The approximation that we replace ρ(t1, t2, t3) with ρ(t1, t2)
amounts to assuming that the state of recent infection typically
lasts for a short time compared to the survival time after infection. The expected number of persons classified as recently
infected is then
.
The analogous expression for the expected number of people
who are classified as infected but not recently infected, i.e. long
infected, is then
,
which does not admit the elimination of t3.
A further simplification, which is worth noting, is the possibility
of disregarding the delay between infection and detectability of
infection by the more sensitive assay. For any sensible assay this
time is likely to be short compared to any natural timescale of
substantial population dynamic shifts, so it does not matter
much whether we are measuring the rate at which people become
infected or the rate at which people are becoming detectably
infected. Then we can set
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the prevalence of recent infection is for inferring incidence. We
divide inputs into this process into three types, which reflect the
way the method is likely to be used:
• Calibration data: inputs obtained from previous longitudinal
surveys, which capture aspects of the correlation between
physiology and assays—i.e. information about ρ(t1, t2, t3).
• Demographic data: input which summarizes our knowledge or
assumptions about the underlying population dynamic—i.e.
the history of the population of susceptibles Ns.
• Snapshot survey data: the data gathered for each instance of
an incidence measurement—i.e. a count of the number of
recently infected (Nr ), non-infected (Nn ) and long-infected (Nl )
individuals in a sample of the population in which incidence is
to be estimated.
In general, it is not possible to obtain expressions for i(0) in
terms of knowable inputs. We will now consider special cases
where i(0) can be inferred.
When i and Ns can be regarded as approximately constant as
per (7) and (8), we can write

where

is just the mean window period (see derivation below) and we
can use the observed Nn as an approximation for Ns. In practice,
the uncertainties induced by imperfect calibration (estimation of
Tw ) and the counting error in the sample of persons surveyed
will dominate the minor discrepancy introduced by Nn ≈ Ns.
We now demonstrate that the expression Tw in (10) is in
fact just the mean window period as defined by two assays of
different sensitivity. This is an important point because it means
that a calibration need not determine the shape of the distribution
ρ({t i }) in any detail, as long as the mean is estimated. The simplest
case would be obtained if all persons experience identical
disease progression, i.e. everyone experiences the same delays,
from infection, to entry and exit from the recent infection state,
namely T1 and T2 , respectively, so that
where by δ we mean the Dirac delta function. In this case

.
If we need to consider expressions containing explicit survival
schedules, such as P ((t1 < –t) AND (t2 > –t) AND (t3 > –t)), then the
simplest sensible approximation is that there is a ‘post infection’
mortality µI that is approximately constant over times relevant to
the survey. In this case P ((t1 < –t) AND (t2 > –t) AND (t3 > –t)) can
be replaced by p(−t )e µI t .
The time dependence of i and Ns can in principle be complicated, but can instructively be decomposed into a constant and
time varying piece:
.
When ∆i/i and ∆Ns /Ns are suitably small, over times comparable
to the average duration of the recently infected state, we can regard
i and Ns as approximately constant.
The intended use of the relationship between incidence and

.
where Θ is the step function with the property that Θ(x) = 1 if
x ≥ 0 and 0 otherwise. If there is genuine inter-subject variability,
we can write ρ(t1, t2) as a superposition of delta functions:

and then change the order of integration to get

.
Note that while the unbiased population level mean of the
window period is used to convert between recent infection
prevalence and incidence, an actual sample of subjects in
the window period obtained by a cross-sectional survey will be
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biased towards subjects with longer window periods. Some suitably unbiased follow-up study would be required to estimate
the mean window period Tw .
The extraction of an expression of the current incidence in
terms of knowable variables is less simple when we do not assume
i(t) and Ns(t) to be constants over the times sampled by the applicable ρ and survival schedule. We do not pursue this in any more
detail at this time because we do not have credible calibration
data available in this regime.
Calibration of ‘window period’ duration
We now investigate the prospects for calibrating the simple
expression in Equation (9), which, we recall, is applicable when:
1) the window period duration is distributed over times which are
small compared with the time on which population dynamics
produces substantial effects, and 2) mortality is insignificant.
This is the case, for example, when the two assays are 1) testing
for viral RNA positivity/negativity (RNA±), and 2) testing for
antibody positivity/negativity (AB±).
An example of a study which in principle facilitates a calibration
is a repeat follow up of initially uninfected subjects, using both
assays at each visit. This is currently implemented in an ‘acute
infection cohort’ (AIC) managed by CAPRISA. A data update
obtained in January 2007 indicated a directly observed incidence
of 6% (21 infections detected in 348 person years of follow up).
We assume that the moment of infection, and hence the moment
of crossing the RNA positivity threshold, is totally uncorrelated
with the follow-up visit schedule, which is presumably the case,
and which means that the times at which subjects become RNA
positive are uniformly distributed within the intervals in which
they can be located by follow up. Then the probability that a
subject who crosses the RNA threshold between two observations,
at times –∆ and 0, will fail to cross the antibody threshold by
time 0, is

,
where ρ(tw) is the distribution of window periods ρ(t2 – t1)
induced by some underlying ρ(t1, t2). The last step (obtained
from integration by parts) is exact if the
cumulative density of the
t
window period distribution, c(t ) = ∫ ρ(t w )dt w , obeys
0

,
which is approximately true in the CAPRISA AIC. Here we have
∆ ≈ 30 days, and the sensitivity of the (ELISA) antibody test used
in this study, as found a posteriori in the calibration we are about
to perform, is such that there is little to no chance of having a
window period in excess of ∆. This means that we can directly
estimate the value of Tw from the follow-up data without
knowing anything about the structure of ρ(t1, t2).
The inference for Tw then proceeds by counting the fraction
of infected subjects who were seen in the RNA+/AB– state. The
likelihood of observing a given number Nr in this window, of a
total n who became infected, is binomially distributed, where the
probability of any one being seen in this state is P in (15).
The data from the CAPRISA AIC study gives Nr = 4, n = 19 and
∆ = 29 days, which leads to a likelihood as a function of Tw
indicated in Fig. 1 (solid line). Note that two of the subjects who
became infected and were included in the incidence calculation
mentioned above were excluded from this analysis due to

Fig. 1. Renormalized (to a peak of height unity) likelihood function for mean window
period using subject-specific inter-visit intervals (solid line) and mean interval
(dashed line).

missing data that made it impossible to pin down a precise
interval between ‘last RNA–’ and ‘first RNA+ with known
antibody result’. Using the specific inter-visit intervals for each
subject:

instead of their mean, requires enumerating all possible choices
of which subjects were found in the RNA+/AB– state, and
explicitly adding the probabilities of all possible ways of finding
4 of 19 newly infected subjects in the window period. This produces the dashed line likelihood function in Fig. 1. The difference between the two curves is not significant. The uncertainty in
the calibration parameter Tw that results is in any case too broad
for a viable inference of incidence to be made with such a calibration. The problem is essentially that the window period state is so
transient that it is seldom observed, and it would require an
unrealistically large cohort to produce a good inference, either
for calibration purposes or for estimating incidence. With this
calibration, the uncertainty seen in Fig. 1 is the minimum uncertainty in any inference, even if the sample were so large as to
produce neglible counting error.
As a simple consistency check, we can generate an ‘effective’
value of Nr /Ns = 4/4462 = 0.0009 by considering all visits in the
study as being part of a large survey. Together with the maximum
likelihood value for Tw = 0.019 years, this yields a maximum
likelihood value for incidence of 5.5% per annum. This is consistent with the directly observed value of 6%, noting that the two
data sets required slightly different censoring, and the maximum
likelihood result is from a very broad likelihood distribution
which is not near a normal distribution limit.
The CAPRISA AIC study is designed to gather substantial
information on subjects over the course of five years post
infection, most particularly in the early phase. A preliminary
investigation has been done to assess the possibility of extracting
mean trends in growth of viral loads. This was intended as a
possible way of adjusting inferred values of Tw if a viral load
assay of known different sensitivity were to be used instead of
the one used in this study. This appears not to be a viable way of
adjusting the window period, because the window period is too
short for practical purposes (and hence one should really extend
it by stretching typical values of t2). There appears not to be any
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quantitative theory about the growth in the strength of antibody
response relevant to the assay used.
Summary and prospects for further work
For the foreseeable future, it will be of the utmost importance
to evaluate the state of the HIV epidemic, and other serious
diseases. It is expensive, time-consuming and difficult to obtain
good direct estimates of disease incidence by following large
cohorts, so indirect methods must be developed. These inevitably
require some assumptions and calibrations to be made, in order
that the indirect data, such as a snapshot of recent infection prevalence, can be systematically used in an inference of incidence.
I have presented a general framework, in which a variety of
special cases can be considered, for relating the current state of
an epidemic to its recent history, and hence inferring incidence
from prevalence type measures. For this approach to yield a
satisfactory amount of statistical power, it is required that a state
of recent infection be observed suitably often to yield acceptable
counting error, which affects both the calibration and subsequent
cross-sectional surveys. Note that the conversion between a
survey-measured prevalence and the recent disease incidence
inherits the uncertainties of the calibration. The use of the
RNA+/AB– state as a definition of recent infection appears
impractical under the conditions considered in the sample data
presented. Perhaps a less sensitive version of the antibody test
would extend the window period and make recent infection
easier to catch in a survey, but it would also mean that a brand
new calibration on a large cohort would be required.
What would be useful then, is a definition of recent infection
which
1) can be reliably calibrated from readily available follow-up
data, and
2) has a long enough mean duration to be observed with
reasonable counting errors in modestly sized samples.
In terms of these criteria, probably the strongest candidate in
the southern African context appears to be the definition of
recent infection available by the use of the ‘BED assay’, which
has been proposed in other populations (see, for example, refs 4,
5, 8). This is done by defining recent infection as obtaining an
optical density (the ultimate result of the BED assay measurement)
which is above the background noise, but below an arbitrary
threshold. It is possible to choose this threshold to obtain median
window periods of around 200 days, which addresses the
sample-size problem just noted. There are several major studies
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in the region in which the BED assay has been widely used, and
the assay is reliable when applied to stored dry blood spots, so it
can be used in a subsidiary analysis to other studies if ethical
clearance can be obtained. What makes this suggestion controversial is that the distribution of the window period has an
essentially infinite tail, meaning that some subjects, if assessed
solely by the BED assay, are classified as recently infected for all
times. This complicates the calibration of any proposed incidence
inference, and the choice of approximations to the general
dynamics expressed in (4). Developing the required method,
within the framework outlined here, and in light of the specific
structure of the regionally available BED follow-up data and
other known population dynamic parameters, is the subject of
ongoing work.
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