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WHO and many other organisations are very interested in implementing treatment-as-

prevention as a global policy to control the HIV pandemic.1 Widespread treatment of HIV-

infected individuals with antiretroviral therapy will reduce HIV transmission, because it 

decreases viral load and hence infectiousness. To implement the rollout of treatment-as-

prevention in an efficient manner, estimation of the number of HIV-infected individuals and 

where they live is needed. This assessment will be difficult to accomplish, particularly in 

areas of sub-Saharan Africa with severe HIV epidemics. We propose a solution to this 

problem by using geospatial statistical techniques and global positioning system (GPS) data.

To estimate the number of HIV-infected individuals in a particular area, a predictive map of 

the prevalence of infection could be constructed. This map would then be overlaid on a grid 

map that shows the geographical dispersion of the population. The size of the grid would 

determine the degree of spatial resolution of the overlay map (ie, the density-of-infection 

map). The density map would show the estimated number of HIV-infected individuals per 

km2 and their geographical distribution over the area of interest. The total number of HIV-

infected individuals could be obtained by summing the estimates in each grid over the entire 

area.

All of the geospatial techniques needed to construct density-of-infection maps for HIV are 

techniques that have been used in studies of other infectious diseases— eg, dengue fever, 

influenza, malaria, rotavirus, and tuberculosis.2–8 Predictive prevalence maps have been 

constructed by using georeferenced prevalence data and spatial interpolation techniques. The 

most commonly used techniques are Bayesian geostatistical modelling and Kriging.7,8 

Bayesian geostatistical models are constructed in the same manner as are Bayesian statistical 

models, but include additional parameters to allow for spatial dependency in the data. 

Bayesian geostatistical models have been used to generate predictive prevalence and risk 

maps for malaria and tuberculosis.7,8 Kriging uses semivariograms to model spatial 

dependency. The standard error of the estimated prevalence at any specific location is 

usually calculated, irrespective of whether Bayesian geostatistical modelling or Kriging is 

used for spatial interpolation. The standard error is then mapped to visualise the uncertainty 

in the prediction at any geographical location. The standard error is always largest in areas 

with the lowest density of sample sites. Kriging was developed by Danie Krige9 in the 1950s 

to identify the locations of gold mines by using georeferenced samples of mineral deposits. 
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In 1992, Carrat and Valleron2 were the first to apply Kriging to the spatial analysis of an 

infectious disease. They used surveillance data from specific geographical locations and 

generated predictive surfaces to identify the spatial and temporal spread of the 1989–90 

influenza epidemic in France. Kriging has since been used to generate predictive prevalence 

maps for dengue fever,3 rotavirus,4 and malaria.5–7

We propose that the same geospatial statistical techniques can be applied to HIV. We used 

these techniques to estimate the number of HIV-infected individuals in Maseru (a health-

care district in Lesotho) and establish their geographical location. The district of Maseru is a 

relatively large area, about 4300 km2, and Lesotho has one of the most severe HIV 

epidemics in the world. We used HIV prevalence data collected in the 2009–10 Lesotho 

Demographic and Health Survey, which was based on cluster sampling.10 Handheld GPS 

devices were used to establish the geographical coordinates at each sample site. Of the 

Demographic and Health Survey sample sites in Maseru, 31 were in urban areas and 28 

were in rural areas (figure part A).

A map of Kriging estimates (ie, prevalence predictions) for individuals aged 15–49 years, 

based on the georeferenced prevalence data, is shown in figure part B; spatial resolution is 

100m2. The predictive map shows that prevalence is high (on average >20%) throughout 

Maseru, but that prevalence varies substantially with geography. Prevalence is predicted to 

be highest along the northwest border of the Maseru district where the city of Maseru (the 

capital of Lesotho) is located, and also in the centre of the district around the city of Roma. 

The standard error of the prediction estimates (figure part C) ranges from 2.4% (black 

shading) to 6.8% (white shading). Figure part D shows the geographical distribution of HIV-

infected individuals and the density of infection; density ranges from 4.2 HIV-infected 

individuals per 100 m2 (red shading) to less than 0.05 HIV-infected individuals per 100 m2 

(white shading). The map was used to determine that about 46 000 HIV-infected individuals 

aged 15–49 years live in the Maseru district.

Geospatial statistical techniques have been used for more than 40 years in studies of many 

infectious diseases. They have provided important new insights into epidemics and, more 

recently, have assisted in the design of health policies for dengue, influenza, malaria, 

rotavirus, and tuberculosis.2–8 Their use could greatly assist the design of health policies to 

fight HIV epidemics. We recommend that—to maximise efficiency and cost-effectiveness—

a geospatial approach should be used in decisions about how to roll out treatment-as-

prevention and other public-health interventions in sub-Saharan Africa. At a minimum, this 

geospatial approach could be used to find HIV-infected individuals in high-prevalence 

epidemics, establish where they live, and estimate the burden of disease.
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Figure 1. 
Geospatial mapping of Maseru, Lesotho

(A) Road networks (grey lines) and Demographic and Health Survey sample sites for urban 

(blue dots) and rural (red dots) locations. (B) Kriging map of HIV surface prevalence. 

Prevalence ranges from 11% (blue) to 35% (red). (C) Standard error map of Kriging 

estimates. (D) Density-of-infection map showing the number of HIV-infected individuals 

(aged 15–49 years) at a resolution of 100 m2.
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