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Introduction
The prevalence of HIV has been used for many years to assess epidemic patterns and trends. 
However, it is increasingly difficult to interpret prevalence data because of changes in the 
survival period from infection to death as a result of the increased provision of antiretroviral 
therapy. The incidence of HIV infection, the rate at which new infections are acquired over a 
defined time period, is much more sensitive to the changing dynamics of disease transmission 
and provides a more sensitive measure of the current state of the epidemic and of the impact 
of programmes. However, while estimates of HIV prevalence are widely available from sentinel 
surveillance or cross-sectional studies, estimates of HIV incidence are more difficult and more 
costly to obtain. 

This article provides a summary of current issues and recommended methods for estimating 
HIV incidence, including cohort studies for direct measures of incidence, mathematical models 
that can be used to estimate incidence indirectly from HIV prevalence data and biological 
assays based on HIV antigen or antibody measurements to distinguish recent from established 
HIV infections. 
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Prospective cohort studies 
Following uninfected people over 
time until HIV seroconversion 
in large population cohorts is 
generally the gold standard for 
measuring the incidence of 
infection. However, such studies 
are very costly and are logistically 
and ethically difficult to carry out, 
and estimates are generally only 
available after a long period of 
follow-up. Furthermore, intrinsic 
biases may occur because of 
increased exposure to prevention 
programmes, counselling, 
treatment and care practices 
within the study setting, or 
through loss to follow up of some 
participants. To date, few cohort 
studies have been conducted to 
estimate HIV incidence and those 
that have been conducted were 
limited to small geographic areas. 

Mathematical models 
Mathematical and statistical 
models can be used to estimate 
HIV incidence with reasonable 

levels of confidence. Several 
models have been developed over 
time that generally depend on 
reliable HIV prevalence data and 
on assumptions about survival 
after infection. These methods 
include, for example, dynamical 
models, demographic models, 
back-calculation techniques and 
birth cohort methods.1-4 

Among the most commonly 
used methods to derive HIV 
incidence is the UNAIDS/WHO 
recommended Estimation and 
Projection Package (EPP) and 
Spectrum AIDS Impact Model. 
EPP fits an epidemiological 
model to observed HIV 
prevalence data collected over 
time using maximum likelihood 
procedures, while Bayesian 
techniques are employed to 
estimate the level of uncertainty 
around the epidemic curve.5 EPP 
version 2009 calculates incidence 
from HIV prevalence by taking 
account of the number of people 
receiving antiretroviral therapy. 
Together with the epidemic curve 
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Figure 1. Number of people estimated to be newly infected globally between 1990 and 2008.
Source: 2009 UNAIDS epidemic update. 7

Accurate 
estimates of 
incidence are 
essential for 
monitoring 
the HIV 
epidemic and 
for evaluating 
the impact of 
interventions.
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produced in EPP, the Spectrum 
software uses demographic 
data, information on adult 
and child treatment coverage 
and assumptions about the 
epidemiology of HIV to generate 
estimates of national (adult and 
child) HIV prevalence, incidence, 
mortality and treatment needs.6 
These methods, which have been 
developed with the guidance 
of and using recommendations 
from the UNAIDS Reference 
Group on Estimates, Modelling 
and Projections, have been used 
in more than 120 countries 
worldwide to provide national, 
regional and global estimates of 
the impact of HIV. Using these 
methods, UNAIDS estimated that 
there were 2.7 million [2.4–3.0 
million] new HIV infections in 
2008 (Figure 1).7 

A model developed by the 
South African Actuarial Society 
(ASSA)8 has been used by some 
countries in southern Africa 
(South Africa and Botswana) to 
project the demographic impact 
of HIV, with results consistent 
with those obtained from 
Spectrum. 

Hallett et al., on behalf of 
the ALPHA Network,9 have 
recently developed methods 
to estimate HIV incidence by 
age in the general population 
using successive rounds of cross-
sectional prevalence data. The 
methods examine the change 
in HIV prevalence in a cohort 
observed at two time points, 
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allowing for changes due to new 
infections and mortality among 
infected and uninfected persons, 
using either cohort mortality 
rates or using the distribution of 
survival after HIV infection. The 
modelled estimates of Incidence 
showed good agreement with 
those obtained directly from 
three community-based cohorts 
in Africa.9 The model, which has 
been extended to take account 
of the effect of antiretroviral 
therapy on prevalence, has 
already been applied to data from 
several countries10 and is highly 
recommended for use in other 
countries that have done (or are 
planning to do) more than one 
national HIV survey. 

Another method that has recently 
been used widely is the UNAIDS 
model to estimate the distribution 
of new HIV infections by 
modes of transmission for a 
one-year period.11 The modes 

of transmission model was 
developed to guide prevention 
activities in countries by 
identifying those groups at 
highest risk of HIV infection 
and to make countries aware of 
changing patterns of HIV risk. 
The model requires data on 
risk behaviour, population sizes, 
prevalence of HIV and sexually 
transmitted infections by risk 
group, and application is therefore 
limited to those countries 
that have the required data. In 
the absence of reliable data, 
uncertainty ranges are likely to be 
very wide. The Asian Epidemic 
Model (AEM) was developed to 
assess infection patterns in risk 
groups over time.12 The AEM 
model replicates the key processes 
driving HIV transmission in 
Asia and offers opportunities 
to explore the effectiveness of 
different intervention and care 
programmes. The model requires 
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extensive behavioural input data 
over time and the application 
has been limited to only a few 
countries for which such data are 
available. 

Back-calculation techniques 
have been used mainly in 
developed countries with reliable 
data on the number of AIDS 
diagnoses over time and with 
information on the distribution 
of the incubation period. 
More recently, extended back-
calculation methods have been 
developed to overcome some of 
the shortcomings of the original 
methods, such as the modification 
of parameters by the use of 
antiretroviral therapy, by utilizing 
more information about AIDS 
cases than before.13,14 

Trends in HIV prevalence among 
young people aged 15 to 24 
years have been suggested as a 
surrogate measure for trends 
in incidence.15 As the onset of 
sexual activity in this age group 
is expected to be recent, the 
prevalence should reflect recent 
infections. It has been shown that 
HIV prevalence among young 
pregnant women (aged 15 to 24 
years) attending antenatal clinics 
can provide reasonable estimates 
of incidence under stable 
conditions.16 

Biological assays for 
estimating HIV incidence 
Several antibody assays and 
testing strategies based on HIV 
antigens, RNA or HIV antibodies 
have been developed over the 
past 20 years to distinguish recent 
from established HIV infections. 
While some of these methods 
have been used in several settings 
around the world, work still 
needs to be done to validate and 
calibrate assays and algorithms for 

estimating incidence from cross-
sectional collection of blood 
specimens.17 

The advantage of these assays 
is that they can be carried out 
retrospectively on stored blood 
samples from cross-sectional 
studies, and they are cheaper 
and simpler to perform than 
following cohort studies. 
However, there are several 
limitations of the assays that 
currently limit their widespread 
applicability, the most important 
of which relate to the estimation 
of the window period, which 
varies substantially by HIV 
subtype and host population, low 
reproducibility and the high level 
of misclassification of the tests. 

The serological testing algorithm 
for recent HIV seroconversion 
(STARHS) generally measures 
the immunological response 
against the virus based on specific 
HIV antibody concentration, 
proportion, isotype or avidity. 
The duration of the period from 
seroconversion (when antibodies 
are detectable) to the cut-off 
value that defines the established 
infection status of the test for 
recent infection, or the window 
period, must be well defined and 
is essential to the STARHS assays’ 
ability to provide a population 
incidence rate.18 

A number of different assays 
can be used within STARHS, 
including the ‘detuned’ ELISA 
and the BED capture enzyme 
immunoassay (BED). The 
sensitive/less-sensitive testing 
strategy (or ‘detuned’ assay) was 
developed to provide a simple 
laboratory tool to detect recent 
seroconversion in a cross-
sectional population.19 Generally, 

The use of 
mathematical 
models 
currently 
remains the 
most common 
method for 
estimating 
HIV 
incidence. 
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blood samples testing positive on 
a standard sensitive ELISA but 
negative on a less sensitive assay 
are classified as recent infections. 

To overcome some of the 
limitations of the sensitive/less-
sensitive assays, which include 
variability in the window 
period and subtype-dependent 
performance, the BED assay 
was developed to detect HIV 
infection by measuring the HIV-
specific proportion of IgG.20,21 
However, differences in window 
periods between subtypes 
still occur22 and an additional 
limitation of the BED assay is 
that a significant proportion of 
people who have been infected 
for longer than the window 
period never develop a significant 
BED response and appear to 
have been infected recently—
known as false-recents.23 

This misclassification leads to 
overestimation of incidence using 
BED assays. 

Misclassification of non-recent 
infections as recent generally 
occurs among individuals who 
mount a weak serological 
response to HIV and who remain 
below the target threshold of the 
assay. Furthermore, studies have 
shown that the false-recent rate 
of BED is typically higher among 
people with low CD4 cell counts 
(<50/μl) and among people 
receiving antiretroviral therapy. A 
study in South Africa showed that 
the proportion of people testing 
false-recent increases with the 
time since antiretroviral therapy 
initiation.24

While the BED assay has 
been successfully used in the 
United States of America, 
where essential clinical and 

epidemiological information is 
generally available for people 
newly infected with HIV,14 
data from several countries in 
Africa and Asia as well as from 
validation studies have shown 
that BED methods applied in 
surveys consistently overestimate 
HIV incidence.23

If the BED method is to be used 
in countries to obtain reliable 
estimates of incidence, it is 
essential to adequately adjust for 
the level of misclassification in 
the study population. This may 
be achieved either by applying 
a mathematical adjustment, as 
suggested by Hargrove et al.26 
or McDougal et al.,25 or in 
clinical settings to remove from 
the analysis those people who 
test recent but are known to 
have true long-term infections, 
including those with low CD4 
cell counts and those known 
to be receiving antiretroviral 
therapy. It is essential to 
accurately establish the use of 
antiretroviral therapy among 
study participants (e.g. through 
testing blood samples) to correct 

for false-recency among HIV-
infected people on antiretroviral 
therapy.

Variation in the level of 
misclassification between settings 
has emphasized the importance 
of determining the value of an 
adjustment factor that is locally 
relevant.27 One way of estimating 
the proportion of false-recent 
cases is to apply BED to a 
large number of samples from 
people known to have been 
infected with HIV for more 
than one year and to calculate 
the proportion who test as 
recent.26 Research is currently 
being conducted to calibrate the 
proportion of false-recents in 
general settings.28,29

Further research is also under 
way to investigate other and 
new assays, including the use of 
avidity assays, where the avidity 
index of antibodies is used as a 
marker for recent infections.30 
Using algorithms that involve 
two assays based on different 
principles has been suggested as 
a way to improve the accuracy of 
incidence estimates.30
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The UNAIDS/WHO Working 
Group on Global HIV/AIDS 
and STI Surveillance currently 
recommends that estimates of 
HIV incidence based on results 
of BED and other assays should 
only be derived in settings that 
allow validation against measures 
of incidence derived by other 
methods.31

A global initiative coordinated 
by WHO and the Centers for 
Disease Control and Prevention 
has been created to combine 
the experience and resources 
of laboratory scientists, 
epidemiologists and statisticians 
to work on the complexities of 
the laboratory methods and on 
calibrating their performance, 
with the expectation that an 
improved STARHS method will 
be developed in the next few 
years.22 More information on 
the work of this group can be 
obtained from the WHO web 
site at:

www.who.int/diagnostics_
laboratory/ links/hiv_incidence_
assay/en/index. html.

Summary
Accurate estimates of incidence 
are essential for monitoring the 
HIV epidemic and for evaluating 
the impact of interventions. 
Obtaining direct estimates of 
incidence from cohort studies 
is costly and logistically difficult 
and could in itself be subject to a 
number of biases.

Several biological assays have 
been developed over the past 
few years that distinguish recent 
HIV infections from long-
standing infections, but the level 
of misclassification and variation 
in the duration of the window 
period assigned by different 
assays remain serious challenges. 
Because of the high level of 
misclassification, countries that are 
currently using BED and similar 
assays to estimate HIV incidence 
should apply locally relevant 
correction factors to adjust for the 
long-term specificity of the assay 
and for misclassification of people 
on antiretroviral therapy and with 
low CD4 cell counts.

The use of mathematical models 
currently remains the most 
common method for estimating 
HIV incidence. Given good 
prevalence data and reliable model 
assumptions, it has been shown 
that models can provide estimates 
of incidence with reasonable levels 
of confidence.

Since early 2009, analysts in 
countries around the world have 
been trained on and are using 
the revised versions of EPP and 
Spectrum, as recommended by 
UNAIDS, to derive estimates 
of the impact of HIV and for 
measuring HIV incidence. It 
is anticipated that trends in 
incidence will be published for 
the first time in 2010, emphasizing 
the importance of incidence 
estimation for future monitoring 
of the HIV epidemic.

Eleanor Gouws, UNAIDS/EMA, 
estimates@unaids.org
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