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Most countries in sub-Saharan Africa (SSA)
have relied on antenatal clinic (ANC)-based
sentinel surveillance systems to estimate HIV
population prevalence and to monitor trends
and progress made against the epidemic (1).
These ANC surveillance data are still widely
used in many settings for estimating the HIV
burden nationally and at sub-national levels
(2-3). However, these data have well-known
and
documented
coverage
and
representativeness limitations including an
excess of sentinel ANC sites in urban areas
and other readily accessible locations; the
exclusion of men; potential difference in HIV
prevalence between pregnant and nonpregnant women; and potentially HIVassociated infertility (4). These limitations are
of great concern since these data are used as
inputs for deriving a number of national HIV
statistics in many countries using the
Spectrum/Estimation and Projection Package
(EPP) software (5).
Thus, a number of countries have started
conducting
nationally
representative
population-based surveys that include HIV
testing. For example, Demographic and Health
Surveys that include HIV testing have been
conducted in over 30 countries in Africa, Asia,
Latin America, and Eastern Europe (4). These
data are increasingly becoming the main
source of HIV prevalence estimates and are a
marked improvement as they provide superior
estimates of HIV prevalence if accompanied
by high HIV testing uptake (6) and even in
assessing geographical distribution of adult
HIV prevalence (7-9). However, these data
have high refusal rates, which might hamper
the interpretation and generalisation of HIV
burden estimates (10-11). Refusal to HIV
testing among women ranged from 1% to 17%
in 18 of the 19 countries (10). For instance, in
the 2004 Malawi Demographic Health Survey,

30% of women and 37% of men in the HIV
subsample refused to consent to HIV testing
(12); in South Africa only 67.5% of eligible
individuals consented to HIV testing, with
Black Africans at 73.3%, having the highest
HIV testing response among the four race
groups (13). One of the main reasons for a
subject to refuse HIV testing is knowledge of
their HIV positive status as observed in
repeated HIV serosurveys in rural Malawi (1415). A number of techniques have been used
to account for the effects of non-response in
HIV
prevalence
estimates;
complete
imputation of missing data including HIV
status and other data (16) and HIV mortality
rates (17). As an alternative, this paper
proposes a multi-stage approach to obtain
optimal HIV statistics using population-based
HIV surveys. These stages range from
deriving an appropriate HIV test response
regression model; to deriving a HIV prediction
equation model to impute HIV status for
subjects who refused HIV testing and survey
interviews; to fitting recently developed
Bayesian multivariate spatial models to obtain
smoothed HIV prevalence maps at the
appropriate sub-national level by combining
population-based and ANC HIV data sources
(18).
Multi-stage approach
Firstly, a probit regression equation for HIV
testing response is estimated for all HIV
selected testing sample. This is used to
compute inverse probability weights (IPWs),
which are obtained from the inverse of
estimated probabilities of accepting HIV
testing (18). Secondly, a HIV prediction
model using the observed and known HIV
status from the HIV consented and tested
subjects is developed, also using a probit
regression model. For disease mapping
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purposes,
individual-level
HIV
status
(observed and predicted) are averaged at a
desired sub-national geographic level to obtain
the estimate of HIV prevalence rates. The
individual weights used would vary according
to use of a) inverse probability weights for
those who were selected for HIV testing; b)
individual interview weights for those who
were interviewed for the main survey, but
were not selected for the HIV testing sample;
and c) household weights for those who were
not interviewed and were not in the HIV
testing sample (10). Finally, the aggregated
population-based
HIV
prevalence
are
smoothed using shared spatial components
modelling techniques (19) to incorporate
information from ANC HIV data sources.
The data sources used in this study are from
the Malawi Demographic and Health Survey
(MDHS) of 2010 (MDHS 2010) and Malawi
ANC HIV Prevalence Survey of 2010.
Malawi is one of only a few countries where a
Demographic and Health Survey has collected
nationally representative HIV prevalence data.
The DHS sampled a total of 27,000
households and involved nearly 24,000 female
and 7,000 male respondents. In every third
household, blood specimens were collected for
HIV testing from all women aged 15-49 and
men aged 15-54 who consented to HIV
testing. ANC HIV surveillance in Malawi has
been conducted every one to two years since
1994 using a consistent methodology in the
same population group. For the 2010 ANC
survey, 23,788 pregnant women were enrolled
from 28 urban sites and 26 rural sites
distributed across the three regions of Malawi.
Despite recent declines in HIV prevalence,
Malawi remains among the group of countries
with the largest HIV epidemics in the world.
The country’s HIV prevalence in adults (15-49
years) was estimated at 11.8% in 2010; ANC
HIV prevalence was estimated at 10.6% in
2010 (20).
The fitting of the shared spatial component
model was done using Bayesian based Markov
Chain Monte Carlo techniques at the level of a
district. There are currently a total of 28

administrative districts in Malawi, but two
districts were combined into the original
districts from which they separated around
2000. The logarithms of the two district-level
HIV prevalence rates were modelled and an
asymmetric formulation of the shared
component model was adopted (17). Poverty
and population density were used as districtlevel contextual factors for the ecological
models. Each of these contextual covariates
was
partitioned
into
fourths;
this
categorization enables effects to be detected at
the extremes of the range. The WinBUGS
Bayesian package was used code for fitting the
bivariate spatial model.
Slightly higher HIV prevalence when adjusting
for non-response
A total of 23,020 women and 6,805 men
(aged 15-49 years), were interviewed, in the
MDHS 2010; resulting in 97% and 92%
response rates for women and men,
respectively. In the 1:3 households selected for
HIV testing, 1,104 of the 7,391 selected men
and 673 of the 8,174 selected women did not
consent to HIV testing, resulting in an overall
89% consent rate for HIV testing.
Of interest was that females (92%) had higher
rates of consenting compared to males (85%),
and also those in rural areas (89%) compared
to urban areas (85%). Type of employment,
religions background and education level were
associated with acceptance of HIV testing.
Other Christians and Muslims are significantly
less likely to accept HIV testing. The districtlevel distribution of HIV testing refusal rates
is shown in Figure 1, where higher refusal
rates of HIV testing were observed in the
south-eastern and in most northern parts of the
country.
Using the MDHS 2010 HIV response weight,
the adult HIV prevalence was estimated at
10.61% with a 95% confidence interval (CI)
of 9.9% to 11.33%. Using the inverse
probability weighting (IPW), the prevalence
was 10.19% (9.69%, 10.71%). On the other
hand, ANC 2010 HIV prevalence per site had
a median of 10.6% (1.85%, 24.09%).
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Figure 1. DHS refusal rates to HIV
testing,Malawi, 2010

Figure 2a. Observed and imputed DHS
HIV prevalence (%), Malawi, 2010

The district-level MDHS 2010 HIV
prevalence had a mean and median of 10.45%
and 10.09% and ranged from 3.16% to
18.00%; for ANC 2010, the district-level HIV
prevalence had a mean and median of 12.12%
and 11.01% and ranged from 5.54% to 25.2%.
This showed great variation in HIV prevalence
rates between the districts. A number of
factors,
such
as
gender,
residence,
employment, marital status, ethnicity, condom
use, multiple sex partners, and risky sex in the
past 12 months, are significantly associated
with HIV status (Table 1 - downloadable). The
discriminative ability of the resultant model
had an area under the receiver operating curve
(AROC) of 0.7757% (0.7680%, 0.7833%),
which is deemed satisfactory. After predicting
HIV status for the non-tested) subjects (n =

Figure 2b. Antenatal HIV prevalence (5),
Malawi, 2010

17,406, and assigning to all the subjects their
differing weights as described above, the
overall HIV prevalence using all the 31,139
subjects was estimated at 11.05% (10.80%,
11.30%).
Figures 2a-b show total MDHS 2010 weighted
and antenatal 2010 HIV prevalence in Malawi
2010. Higher MDHS 2010 HIV prevalence
rates were observed in the mostly southern
districts, which mirrors the ANC HIV
geographical distribution. The district-level
distribution for poverty level and population
density were evenly spread, but southern
districts bear the highest burden of poverty
(maps not shown). Thus districts with high
HIV prevalence have high levels of poverty
and population density.

Table 2: Estimated covariate effects with associated 95% credible intervals using the Bivariate Spatial Analysis:
Malawi 2010
Characteristics
DHS HIV
ANC HIV
Poverty fourths
I (Lowest)
0.0
0.0
II
0.11 (-0.18, 0.40)
0.16 (-0.08, 0.39)
III
0.10 (-0.18, 0.36)
0.24 (0.01, 0.45)
IV (Highest)
-0.00026 (-0.31, 0.31)
0.17 (-0.09, 0.42)
Population density fourths
I (Lowest)
0.0
0.0
II
-0.09 (-0.41, 0.26)
-0.11 (-0.38, 0.16)
III
0.09 (-0.19, 0.38)
-0.06 (-0.29, 0.18)
IV (Highest)
0.34 (0.02, 0.65)
0.37 (0.11, 0.63)
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The results of the effects of the contextual
factors from fitting the smoothed risks using
the bivariate shared model are shown in Table
2. High population density areas were
significantly associated with high HIV
prevalence. Increased district-level poverty
was associated with increased HIV rates, but
this was not statistically significant. The
distribution of specific covariate-adjusted
smoothed HIV risks from fitting the bivariate
spatial model were generally similar to the
distribution of the observed and weighted HIV
prevalence maps; but clusters of high HIVprevalent districts were now more apparent
(maps not shown). The estimates of the effects
of the shared component (which we took to act
as a surrogate for high HIV risky behaviours)
had a larger effect on HIV incidence in the
southern parts of the country around the high
population density and urban areas (Figure
3a). Figure 3b, shows the excess risk
attributable to ANC HIV, which is much

Figure 3a. Shared HIV prevalence (%),Malawi, 2010

larger in the central-eastern and northern parts
of the country.
We have found that adjusting for non-response
in estimating the national HIV prevalence
using a representatively population-based
survey resulted in a slightly higher HIV rate.
This finding confirms the well-held view that
HIV testing refusals may have higher HIV
prevalence. However, the confirmation should
be treated with caution as it may as well
depend on the type of adjustment and
prediction models and the set of sociodemographic and behavioural characteristics
included in the two probit regression models.
Another study proposed a similar HIV
prevalence adjustment methodology, but the
ANC data was used to drive a HIV prediction
model (21). The approach presented here
enhanced this by combining spatial smoothing
techniques based on novel application of
multivariate
spatial
models,
inverse
probability weighting, and HIV prediction
model.

Figure 3b. Differential ANC HIV prevalence (%), Malawi, 2010
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Downward bias in the HIV prevalence
estimates can also result from many
competing factors including migration of HIV
risk subjects and non-response due infidelity
suspicion (15). Thus, in the absence of a true
HIV estimate among non-tested subjects, these
conjectures are just indicative of the down
effect of non-response on the HIV prevalence
estimate

8.

9.

10.

11.

This work presented here is an abridged
version of a published article (7) which was
co-authored by Lieketseng Masenyetse L, Bo
Cai and Renate Meyer. I would like to take
this opportunity to thank them for their
contributions.
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