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Abstract 

Background 

More than 70% of the HIV cases and >75% of the HIV-related deaths globally occur in 

Sub-Saharan Africa. In Uganda, 1.5 million people were living with HIV in 2019 with 

approximately 80% of them being adults aged 15-49 years. The general population 

prevalence of HIV in Uganda was at 6.2% (7.6% for females and 4.7% among males; 

regional prevalence varies from 3.1% to 8.0%) in 2016/17. Although the annual number 

of new infections has dropped significantly since 1990 due to the available effective 

interventions, the number of new infections remain high. In 2019, there were 53,000 new 

infections, 21,000 deaths although 87% of the PLHIV were on treatment.  

To curb the further spread of the HIV virus, information on population subgroups who are 

more likely to contribute to new infections is required at more decentralised levels such 

as districts. Existing databases such as the population surveys and the Health 

Management Information System (HMIS) do not provide reliable data at district levels. 

Statistical tools can however be utilised to ensure availability of more timely, precise and 

reliable district level information to guide planning and decision-making.  

Aim of the study 

The overall aim of this study was to identify and apply advanced statistical methodologies 

to estimate HIV prevalence and its predictors among adults aged 15-49 years at district 

levels in Uganda using facility HIV testing, population survey, community Lot Quality 

Assurance Sampling survey and Census data. 
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Methods 

The data sources used to address the specific study objectives were: the nationally 

representative population-based surveys conducted in 2011 and 2016 among adults aged 

15-64 years, who consented to interview and blood draw for HIV testing; HIV testing data 

collected during service delivery at health facilities, which is reported to the National 

District Health Information System version 2; Lot Quality Assurance Sampling survey data 

conducted in 2016 and the National Population and Housing Census conducted in 2014. 

The study assessed comparability of health facility and population survey testing data. 

The 2011 Uganda AIDS Indicator Survey (UAIS) data was stratified according to venue of 

the most recent HIV test, i.e. tested in a health facility or tested in a community setting. 

HIV prevalence ratio and the 95% confidence interval was computed using the KATZ 

methodology.  

The Hybrid Prevalence Estimation (HPE) methodology was applied to obtain HIV 

prevalence estimates for districts in Uganda, through the following steps: (I) a multilevel 

logistic regression model was applied to the 2011 UAIS data to obtain the propensity of 

testing for HIV in a health facility. (II) Denominators for the health facility data were 

adjusted based on the population survey design. (III) District level average propensity to 

test for HIV in a health facility was then used to combine the adjusted health facility data 

and the population survey data of non-facility testers to obtain district HIV prevalence 

estimates for the 111 districts in Uganda. Percentage change in standard errors for the 

direct survey and HPEs was computed and assessed for improvement in efficiency of the 

HPEs. Consistency/agreement between HPEs and the direct survey estimates was 

assessed using the Bland Altman analysis. 
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Small Area Estimation techniques were applied and assessed for robustness in estimating 

district level HIV prevalence estimates. Four different approaches were applied namely (i) 

the direct survey method, where district HIV prevalence estimate was computed based 

on only sampled individuals from the district; (ii) the area level, Fay-Herriot (FH) model, 

applied to the 2016 population survey data with health facility antenatal data as the 

auxiliary variable. The methodology is a two-stage hierarchical model that links the 

outcome with possible predictors defined at area level; (iii) the Battese, Harter and Fuller 

(BHF) unit level model, was applied to the 2016 population survey data using the LQAS 

survey data as the source of auxiliary information. The BHF methodology uses auxiliary 

information at individual/unit level; and lastly the Spatial Fay-Herriot (SFH) model was 

applied, assuming a spatial correlation between districts.  

The mean squared errors for BHF estimate was computed as a weighted combination of 

variance among the sample observations and variance of the estimates for the un-

sampled observations. Similarity and consistency of the direct survey, FH, SFH and BHF 

model estimates were assessed using regression methods. Percentage improvement in 

the standard errors were also computed. 

Finally, participants’ distribution by the socio-demographic characteristics was analysed 

separately for the UAIS 2011 and UPHIA 2016 surveys. Descriptive analysis was also 

carried out to assess change in HIV prevalence between the two surveys. Pooled logistic 

regression was used to assess factors associated with HIV positivity while multivariable 

logistic decomposition model was used to determine the contribution of characteristics 

and coefficients of the characteristics to change in HIV prevalence between the two 

surveys. The Blinder-Oaxaca decomposition method was used to display the contribution 

of each characteristics or coefficient of the characteristics to change in HIV prevalence 
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between the two surveys. All analyses were weighted using the population survey weights 

and analysis carried out using R version 3.5 and Stata Release 15.1. 

Results 

Generally, testing in a health facility was associated with a higher HIV positivity compared 

to testing in a community setting (Prevalence Ratio=1.8, 95% CI: 1.4-2.2). There was a 

two-fold or higher increase in HIV positivity among health facility testers compared to non-

facility testers if they were male; aged 15-19 years, 30-39 years and 40-49 years; had no 

formal education; never married or were previously married; reported no sexual partner in 

the 12 months preceding the survey; not in formal employment and resident in urban 

areas. 

The propensity to test in a health facility was generally higher among females across all 

regions of the country. It was also higher in Mid-Northern, North East and Kampala regions 

of the country. Of the 111 districts included in the analysis, 105 (95.5%) had narrower 

confidence intervals compared to confidence intervals from direct survey-based 

estimates. Overall, the HPE standard errors decreased by 28.9% (95% CI: 23.4-34.4) 

compared to survey-based Standard Errors (SE).  

There was no overall difference between survey and HP estimates. Average difference 

for males was -0.01 units (95% CI: -0.05, 0.03) while for females was 0.00 units (95% CI: 

-0.06, 0.06). The mean difference between the HPE and DHIS2 HIV prevalence estimates 

was 0.01 units (95% CI: -0.05, 0.06). Average difference for males was -0.01 units (95% 

CI: -0.07, 0.06) while for females was 0.02 units (95% CI: -0.05, 0.09). 

Although FH, SFH and BHF models and the direct survey estimates were similar, direct 

survey estimate (0.065) had a larger average SE of 0.055 compared to the FH estimate 
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(0.054 (SE=0.020)), SFH estimate (0.054 (SE=0.021)), and BHF estimate (0.058 

(SE=0.026)). Regression results showed that the BHF model estimates were strongly 

correlated with the direct survey estimates (𝛽1 = 0.73, 𝑟2=0.891) compared to FH model 

against direct survey estimates (𝛽1 = 0.27, 𝑟2=0.477).  

Model and survey based estimates were similar for large survey sample sizes in the 

districts but significantly different for districts with small survey sample sizes. For example 

Nwoya district with survey sample of 44 individuals, had an HIV prevalence estimate of 

0.13 (SE=0.68); 0.062 (0.014) and 0.083 (0.021) while Mbale district with a survey sample 

of 874 individuals had estimates of 0.053 (0.007); 0.053 (0.007); and 0.052 (0.004) for 

direct survey, FH and BHF models respectively. Overall average improvement in the 

precision of the estimates, were 37.5% and 33.1% for the BHF and FH model estimates 

respectively compared to the direct survey estimates.  

Coefficient of variation of the direct survey estimates was generally larger compared to 

CV of FH and BHF model. If estimates with CV less than 20% were considered suitable 

for decision making, then only 21 (18%) of the districts would have reliable information for 

decision making based on direct survey estimates while 53 (47.3%) and 35 (50%) of the 

districts would have reliable information for decision making based on the FH and BHF 

models respectively.  

HIV prevalence dropped by 1.3 percentage points between 2011 and 2016. A greater 

reduction in HIV prevalence was observed among Males (1.8); individuals aged 20-24 

years (2.0); individuals with primary level of education (1.4); individuals with two or more 

sexual partners in the 12 months preceding the survey (2.7); and individuals who were 

divorced/separated (3.5). An increase in HIV prevalence between the 2011 and 2016 
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survey was observed among individuals with no formal education (0.3), individuals with 

no sexual partners in the 12 months preceding the survey (0.3) and among individuals 

aged 40-49 years (1.6). Change in the composition of survey participants contributed to 

54% increase in HIV prevalence between 2011 and 2016 time points, while the 

coefficients contributed to 154% decline in HIV positivity between the two survey time 

points. While the coefficients contributed to a larger reduction in HIV prevalence, the 

contribution of most of the variables was not statistically significant except for the age 

group 40-49years. 

Conclusion 

Information for decision making for districts in Uganda was obtained. The findings show 

that it’s feasible to use existing population survey and routine facility HIV testing data 

either combined through the HPE methodology or as auxiliary variables in the FH area 

level SAE model to obtain more precise indicator estimates for district level planning and 

decision making. Availability of individual level data such as those obtained using LQAS 

surveys leads to greater increase in the precision and reliability of the estimates. 

Higher risk of infection among individuals accessing health facilities especially male, age 

groups 15-19 years, never married and those who reported no sexual partners in the 12 

months preceding the survey, implies screening protocols should focus on these risk 

categories to minimise missed opportunities of identifying those who are likely to be HIV 

positive.   

These findings also imply that to use the datasets in complementarity, there is need to 

take into account HIV prevalence differences by socio-demographic characteristics. 

Additionally, the compositions of the population subgroups with higher risks of infection 
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also contribute significantly to change in HIV prevalence. Intervention efforts should 

therefore focus on such subgroups to increase the impact on HIV prevention. 

The HPE methodology presents dual benefits: (I) improves precision of the estimates and 

(II) enables computation of standard errors for routine health facility data whose 

denominator is difficult to ascertain directly.  

Further research should consider incorporating more HIV risk factors in the models, using 

subgroup HIV prevalence differences as prior information in the models and applying 

mechanisms to deal with missing data while applying the methods. 
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1.0  CHAPTER ONE: INTRODUCTION  

1.1  Problem statement 

Traditionally, population surveys are used to obtain reliable indicator estimates at national 

and regional levels or for large demographic subgroups [1–4]. For example, the Uganda 

Demographic and Health Survey (UDHS) is used to obtain reliable estimates of 

institutional deliveries or skilled assistance of deliveries at national and in the geographical 

regions of the country [5,6]. The Uganda AIDs Indicator Survey (UAIS) similarly, is 

designed to provide reliable HIV/AIDS indicator estimates including HIV prevalence at 

national and regional levels of the country [7–9].  

Although these surveys have continually expanded to improve the availability of more 

decentralized data for planning and decision-making purposes, through increased sample 

sizes and stratification of the country into smaller geographical areas comprising more 

homogeneous population groups, they have not been powered well enough to provide 

reliable estimates for the third administrative level (districts). This implies that attempts to 

obtain estimates for districts based on these surveys will generate estimates with large 

standard errors. Under-sampling of high risk groups such as Commercial Sex Workers 

(CSW), non-response and other survey related sampling errors further impact 

representativeness of these surveys at district level. Additionally, the 2011 UAIS found 

up-to a 5-fold difference in HIV prevalence estimates between regions [7]. Estimates at 

regional levels are also generalised and fail to capture district level variation in HIV 

transmission patterns and service coverage [10]. The significant variation across regions 

and over aggregation of estimates necessitates more refined and accurate estimates to 

enable strategic resource allocation at district levels. 
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HIV testing data from antenatal attendance and other health care facilities are often used 

as an alternate source of data to monitor HIV prevalence. These however comprise data 

from only individuals who access health facilities, and from public health facilities, 

excluding private health facilities. Additionally health facilities tend to be located in urban 

and accessible areas [1,11,12]. This renders HMIS data biased and cannot therefore be 

used to describe the general population distribution of HIV.  

Targeted district level surveys cover specific subpopulation groups and are often 

conducted when the supporting agency/organisation needs to address a specific 

research/health problem [13,14]. Information generated from these surveys is therefore 

limited to the specific population group and cannot be used for general population 

inference and for comparison across districts. 

Lack of accurate and reliable information at the district level thus undermines HIV/AIDS 

control efforts despite the available effective HIV/AIDS interventions. Modelling 

approaches embedded in statistical software packages such as THEMBISA [15] and 

SPECTRUM [16] provide prevalence estimates taking into account the bias and limitations 

associated with using population survey and facility antenatal testing data. While the 

models are continuously updated based on new data and emerging knowledge of the 

epidemic [17,18], they have their own limitations and assumptions including the need for 

regular training, input requirements such as HIV prevalence rates, number of patients on 

antiretroviral drugs (ART), fertility and mortality rates, which information are often not often 

available or varying significantly based on the data source.  

Geo-spatial statistical models for estimating HIV prevalence, apply simple Kriging, Kernel 

density [19] and Bayesian geo-statistical [20,21] approaches. The models assume a 

continuous prevalence surface; some models do not incorporate error terms while others 
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use data from population surveys only. Use of population survey data only, implies that 

the precision of the parameter estimates remain constrained by the available survey 

sample size in the district. 

Simple and easy to use statistical approaches are therefore necessary to provide timely 

information for planning and decision-making at district levels. Small Area Estimation 

(SAE) methods using antenatal HIV prevalence as auxiliary/predictor variable has been 

applied to obtain HIV prevalence estimates for districts in South Africa [22]. The 

application found more precise HIV prevalence estimates for districts in South Africa 

compared to the direct prevalence estimates from the population survey.  

SAE methods use explicit linking models with random-area specific effects, accounting for 

between area variation, to obtain parameter estimates based on data from surveyed and 

non-surveyed individuals/areas.  Supplemental data is incorporated as predictors in the 

regression models and are selected through variable selection approaches or based on 

prior information on their relationship with the target outcome. 

In this study, we test and apply the statistical annealing approach [23], the Hybrid 

Prevalence Estimation (HPE) and SAE methodologies, while addressing the limitations of 

using the data sources independently, challenges with small survey sample size at the 

district level and bias associated with using health facility data for surveillance.  

To apply the statistical approaches, an understanding of the comparability of the datasets 

was explored. Many scholars have found HIV prevalence from health facility/antenatal 

testing data to underestimate general population prevalence [24,25] while in other studies, 

they were found to be similar [12,26]. The population based survey data contain 

information on HIV testing venues which can be analysed to understand the comparability 
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of prevalence estimates for individuals tested in a health facility and those tested in a 

community setting. 

Furthermore, paucity of precise district level HIV estimates implies that comparison across 

districts will be flawed. We assessed factors associated with HIV positivity and the 

contribution of these factors to change in HIV prevalence over time using the Blinder-

Oaxaca decomposition logistic regression model to inform possible specific interventions 

that could be rolled out in identified high districts. The decomposition model identifies the 

factors that have a higher impact on changes in HIV prevalence that could be targeted to 

improve the impact of interventions [27,28].. 
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1.2  Background to the Problem 

The HIV/AIDS epidemic continues to cause significant morbidity and mortality worldwide. 

Globally, more than 38 million people were living with HIV in 2019 with approximately 19% 

of them not aware of their status [29]. There have been over 35 million deaths since the 

start of the epidemic. Sub-Saharan Africa remains the most affected region of the world. 

More than 70% of the cases living with HIV and more than 75% of the deaths occur in the 

region [29].  

In Uganda, the number of people living with HIV increased from 850,000 in 1990 to 1.5 

million in 2019 with approximately 80% of People Living with HIV (PLHIV) being the family 

breadwinners (active/working adults aged 15-49 years) [29]. The annual number of deaths 

and new infections have however dropped significantly since 1990 due to the available 

effective interventions. New infections dropped from 110,000 in 1990 to 53,000 in 2019 

while total annual deaths dropped from 84,000 in 2000 to 21,000 in 2019 [29]. In 2019, 

85% of the adults living with HIV were on Anti-retroviral Treatment (ART) due to the 

increased efforts scaling-up treatment [29].  

HIV distribution in Uganda is mainly generalised, i.e. the majority of new infections 

occurring in the general population and infection is not restricted to specific high-risk 

population sub-groups. The population level prevalence of HIV in Uganda is at 6.2% and 

is disproportionally distributed across population subgroups and regions of the country. 

Prevalence is 7.6% for females and 4.7% among males; regional prevalence varies from 

3.1% to 8.0%; while population subgroups at higher risk of new infections include 

commercial sex workers, young girls and adolescent women, men who have sex with 

men, people who inject drugs and the fishing communities [8]. 



6 
 

UNAIDS set ambitious goals/targets to fast track an end to the epidemic. They anticipated 

an end to the HIV epidemic by 2030 if by 2020, 90 percent of the people living with HIV 

knew their status, 90 percent of those who knew their status are on treatment and 90 

percent of those on treatment achieved viral suppression. By 2019, 84% of the PLHIV in 

Uganda knew their status, 87% of those who knew their status were on treatment while 

88% of those on treatment, were virally suppressed. The country still lags behind in 

achieving the set target and is unlikely to achieve them by 2020. A key effort to get all HIV 

infected people on treatment is the Test and Treat approach that was recommended by 

the WHO and rolled out in the country in 2013 [30,31]. This policy has enabled a significant 

majority of HIV infected individuals to initiate ART upon testing HIV positive. Other 

interventions implemented over time to curb the spread of the epidemic include medical 

male circumcision and the ABC (Abstinence from sexual intercourse until marriage; Being 

faithful to one sexual partner; and Correct and consistent condom use) strategy. 

To achieve this however, requires information to enable targeting/re-allocation of the 

resources according to the HIV/AIDS situation in a given area. Population subgroups who 

are more likely to contribute to new infections require differentiated packaging and 

intensity of interventions to accelerate movement towards the targets/goals to end the HIV 

epidemic. Targeting interventions has the following benefits:  

(i) The smaller the area the greater the effectiveness of policy interventions;  

(ii) Disease concentration varies across settings, making it inefficient to implement 

same set of interventions across settings;  

(iii) PEPFAR, the largest donor for HIV/AIDS interventions implements a prioritized 

strategy whereby there is intensified support in districts classified as scale-up 
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saturated and scale-up aggressive. These are classified that way due to the 

gaps in HIV testing and ART uptake; 

(iv) Uganda implements a decentralized system of governance whereby district 

level authorities lead planning, decision-making and intervention 

implementation. 

District level planning and decision-making is however constrained as existing databases 

do not provide reliable data at district levels. Statistical tools can be utilised to ensure that 

districts have more timely, precise and reliable information to guide planning.  

In this study we test and apply the HPE and SAE techniques to obtain more precise 

estimates of HIV prevalence for districts in Uganda. Annealing techniques such as the 

HPE methodology, combine data from routine service delivery and a small survey sample 

to obtain estimates that are more precise [23]. Health facility HIV testing data was 

combined with population survey data to obtain HIV prevalence estimates for districts.  

Additionally, district level prevalence estimates were obtained using random effects SAE 

models. SAE models capture both group and individual level effects [32,33] and are 

therefore very useful in HIV modelling where the factors may relate to an individual or the 

structural setting. The models were applied based on availability of auxiliary information 

as described in the methods section of this thesis, i.e. unit level model where 

unit/individual level auxiliary information are available and area level model where 

area/district level information are available. The models were also compared for efficiency. 

SAE methods borrow information from other areas/locations through linking models to 

obtain more precise indicator estimates.  
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The study further assessed comparability of HIV prevalence estimates for individuals 

whose most recent HIV test was in a health facility and those tested in a community setting 

[34]. Antenatal HIV testing data complement estimates from population surveys to provide 

more accurate information for planning. A study conducted in five countries in Sub-

Saharan Africa however found that the antenatal HIV prevalence estimate was higher than 

the population survey estimate in four out of the five countries assessed [12]. Differences 

in HIV prevalence estimates from antenatal versus  population survey data have also been 

observed across age groups and places of residence [1].  

1.3  Aims and Objectives of the Study 

1.3.1 Aim  

The overall aim of this study was to identify and apply advanced statistical methodologies 

to estimate HIV prevalence and its predictors among adults aged 15-49 years at district 

levels in Uganda using facility HIV testing, population survey, community Lot Quality 

Assurance Sampling (LQAS) and census data. 

1.3.2 Objectives 

1. To apply and assess robustness of the Hybrid Prevalence Estimation methodology in 

estimating district level adult HIV prevalence using 2011 population survey and facility 

HIV testing data in Uganda and assess any potential biases associated with 

application of this methodology. 

2. To apply and compare Small Area Estimation techniques in estimating HIV prevalence 

for districts in Uganda. 

3. To identify factors for inter and intra-district variations of adult HIV prevalence in 

Uganda.  
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4. To assess whether the change in adult HIV prevalence represents change in the 

factors associated with HIV prevalence between 2011 and 2016. 

1.4  Justification/Significance of the study 

Uganda was the world leader in boldly facing and tackling the HIV epidemic. In the early 

phase of the epidemic, early 1990s, the country realized a drastic decline in HIV 

prevalence of 70%, a decline that has not been observed elsewhere in the world [35,36]. 

Key pillars to this reduction were messages on positive behavior change such as reduction 

in sexual partners and increased condom use; high-level political involvement; 

decentralization/local empowerment of communities and individuals to take action; 

voluntary counselling and testing and involvement of stakeholders including religious 

leaders [36–38].   

At the turn of the millennium, data from sentinel surveillance sites and targeted population 

studies across the country found prevalence was no longer falling and was beginning to 

rise in some sections of the population [15,39], prompting the need for more information 

to tackle the epidemic.  

While the country has relied on antenatal sentinel surveillance data to monitor trends in 

the epidemic up to this point, results from the general population sero-surveys showed 

that, the estimates from sentinel sites overestimated prevalence in the general population 

[40]. This further prompted a search for statistical adjustment methods to generate 

estimates that accurately measure the level of the epidemic in the general population [41].  

Modelling approaches involve the use of available data to obtain indicator estimate, 

additional data are incorporated in the models at no additional costs for data collection. 

Some of these methods have not yet been applied in the Ugandan setting, and it is 
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important to note that modelling approaches involve specific assumptions. For example, 

the SPECTRUM software package generates estimates at national and regional levels. 

SPECTRUM spreadsheets and SAE techniques introduced by the CDC are yet to be 

rolled out in Uganda [42]. Geo-statistical models such as PrevR and fully Bayesian models 

do not incorporate uncertainty of the estimates and only use data from the population 

surveys respectively limiting their application.  

This study therefore implements the statistical annealing technique, Hybrid Prevalence 

Estimation, and Small Area Estimation methods using readily available antenatal/health 

facility HIV testing data, census data and community Lot Quality Assurance Sampling 

survey data as supplemental information. The HPE methodology anneals a convenience 

sample with a small population-based random sample to improve the precision of 

estimates. The methodology minimizes the biases associated with relying on estimates 

from a convenience sample only. A large database for population level LQAS surveys has 

also been put together, pooling data, rich with important risk factor information from the 

annual surveys in Uganda. This data can be used to generate district level information for 

planning and decision-making at no additional costs. 

Additionally, generating indicator estimates at district levels will reveal district specific 

patterns, the distribution of the epidemic and factors associated with district level variation. 

These will facilitate identification of highly affected districts and inform implementation of 

well-tailored HIV/AIDS interventions in those districts.  

 The Ugandan government also operates a decentralized system of governance where 

local governments or districts are mandated to implement and monitor services on behalf 

of the central government. Development partners such as the US Centers for Disease 

Control and Prevention (CDC) also support service delivery at the district level. Availability 
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of accurate information at the district level will therefore augment planning and decision-

making. 

1.5  Conceptual framework. 

The conceptual framework in figure 1 presents the approaches used in this study to obtain 

HIV prevalence estimates for districts in Uganda. It shows how the different methods and 

data sources were linked/pooled together to obtain the district level HIV prevalence 

estimates. The framework was adapted from the SPECTRUM/AIDS impact model for 

estimation of key HIV/AIDS impact indicators from multiple data sources [43,44].  

Objective one: Health facility HIV testing data contains basic demographic characteristics 

(age and gender) and HIV status of individuals tested at health facilities. Using the HPE 

methodology, this data was combined/annealed with the UAIS (2011) data to obtain HIV 

prevalence estimates for districts [23]. Weighted probability of testing for HIV in a health 

facility was generated from the population survey data and used to combine the Health 

facility HIV testing data and the population survey data. The denominators of the health 

facility HIV testing data was also adjusted as described in the methods section. 

Objective two: This objective focused on using variables from population census, health 

facility and community LQAS data sets as predictors in the random effects SAE models.  

Small area models applied include the Area level and Unit level models. Results from the 

two approaches were compared with direct survey estimates for efficiency of the standard 

errors of the estimates. Variables were assessed using regression techniques and those 

that were significant at 5% level of significance were included in the final model. 

Objective three and four: These objectives used 2011 and 2016 population survey data. 

In objective three, HIV prevalence among individuals tested in health facility and those 
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tested in a community setting was compared while in objective four, change in HIV 

prevalence between 2011 and 2016, the contribution of the HIV risk factors to the change 

in HIV prevalence between the two time points was assessed. 

Conceptual framework 

 

 

Notes: The Hybrid Prevalence Estimation (HPE) and Small Area Estimation (SAE) 

methods incorporate auxiliary/supplemental information through different approaches. 

While the HPE methodology combines data from two sources linearly using a weighting 

Figure 1: A framework for estimation of HIV prevalence at district levels 
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factor that is associated with the outcome of interest, the SAE methods implemented in 

this research incorporate auxiliary information as predictors at unit and/or target area level 

through regression modelling. Additionally, SAE models incorporate area-specific 

variability as part of parameter estimation and a variety of models can be implemented 

and assessed/validated for accuracy and performance depending on the nature of the 

outcome.  
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2.0  CHAPTER TWO: LITERATURE REVIEW 

This chapter presents an overview of the literature on methods for obtaining HIV 

prevalence estimates for the third or lower administrative areas (i.e. districts or sub-district 

levels); the data sources used and the underlying assumptions. The burden of HIV in 

Uganda, sources of data and summary of the approaches for estimating prevalence 

including shortcomings were described in the introduction.  

2.1 Introduction  

Measuring HIV distribution in a given setting is key to understanding the level of the 

disease and the type of interventions applicable to curb further spread. HIV prevalence is 

one of the key indicators used to assess the distribution and impact of the HIV/AIDS 

epidemic in a given area or subgroups of the population. It is defined as the percentage 

of people tested in each group who were found to be infected with HIV [45]. It is thus 

based on a numerator and specific denominator to which the measurement is inferred. 

Various data sources and methods are used to obtain HIV prevalence estimates each 

with inherent advantages and limitations. 

2.2 Data sources for HIV prevalence estimation   

In most of sub-Saharan African, the distribution of HIV in the population is described as 

generalized [46]. That is, HIV infection is firmly established in the general population with 

the majority of new infections occurring among individuals in stable sexual 

relationships/married [47,48]. New infections are also not restricted to a specific high-risk 

population subgroup.  

2.2.1 Use HMIS data for prevalence estimation  

HIV testing data from Prevention of Mother to Child Transmission of HIV (PMTCT) 

programs, and HIV testing data collected among women accessing antennal services are 



15 
 

often used to obtain HIV prevalence estimates [26,49–52]. More recently, WHO/UNAIDS 

have urged Countries to include HIV testing data for individuals tested as part of health 

care service at health facilities, to improve HIV prevalence estimates [53]. These sources 

include only individuals seeking care or maternal and child health care services at health 

facilities. Seeking care at health facilities is however, known to be associated with several 

factors ranging from individual, systems to policy level factors [54] some of which influence 

the risk of HIV infection. For example, shorter distance to the health facility; recent ill 

health; seeking antenatal, labour and delivery services or care for a sick family member 

are some of the characteristics of individuals who visit heath facilities and therefore get 

tested for HIV [54–56]. While district authorities in Uganda and many other settings where 

facility based HIV testing data is routinely collected, use the data to inform service delivery 

decisions, the HIV prevalence estimates from this dataset is biased for describing the 

general population distribution of the epidemic. Many researchers use adjustment 

methods including combining facility (antenatal testing) based data with other data 

sources to generate more accurate HIV prevalence estimates [2,57]. 

2.2.2 Population based random surveys 

Population based random surveys with HIV testing component, currently established in 

most Sub-Saharan Africa (SSA) countries, are a more reliable source of data to describe 

general population distribution of the HIV epidemic. The surveys are standardized and 

comparable across time and geographical areas including between countries [46,58,59]. 

The surveys are however resource intensive, implying they can only be conducted at 

longer time intervals (e.g. five yearly), when adequate resources are available or have 

been mobilised [18,60,61]. The surveys are designed to provide accurate estimates at 

national (first administrative) and regional (second administrative) levels. HIV prevalence 
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estimates for lower administrative or geographical areas, such as districts (third 

administrative level), based on survey data are associated with large standard errors, 

constraining their use for planning and decision-making at the third administrative level. 

Additionally, the absence of data and/or resources to collect data more frequently implies 

lack of HIV prevalence information to guide intervention implementation in the period 

when they are not conducted. 

2.2.3 Other sources of data  

For settings with low level (concentrated) epidemics [46], sources of data used to obtain 

HIV prevalence estimates include special studies/surveys targeting specific or key 

population subgroups who are at greater risk of HIV infection e.g. surveys among People 

Who Inject Drugs (PWID), Men who have Sex with Men (MSM) or Commercial Sex 

Workers (CSW). Prevalence estimates from these special surveys cannot be used to 

describe HIV distribution patterns in the general population as it leads to inaccurate 

deductions.  

2.3 Methods for HIV prevalence estimation   

Models that use a single or multiple data sources to predict/establish HIV prevalence 

estimates for lower administrative levels have been proposed in literature to overcome 

challenges associated with small sample sizes from population surveys and selection bias 

associated with health facility data. The models are either imbedded in specific software 

tools or implemented dynamically to obtain HIV prevalence estimates 

2.3.1 Customized Software packages  

Modelling approaches imbedded in specific software tools, require specific input variables 

to obtain HIV prevalence estimates. These extrapolation-modelling approaches have 
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evolved and become more sophisticated following new knowledge on the nature of the 

epidemic [62]. The approaches use data including ANC HIV, mortality, and fertility data to 

estimate the size of the HIV burden at both national and subnational levels.  

Their use therefore depends on the availability of the required data. Examples of model-

based software packages for the estimation of HIV prevalence include Estimation and 

Projection Package component of SPECTRUM [16,17] and THEMBISA. SPECTRUM, 

developed by a consortium of epidemiologists, statisticians, program managers, Country 

AIDS Control Programmes, incorporates geospatial models as part of EPP package to 

provide estimates of HIV impact indicators at lower administrative levels [18,63,64].  

For SPECTRUM estimation, regional workshops are conducted two yearly, where country 

teams are trained on the specific methods and tools to produce estimates. The data 

sources required as inputs to the software include prevalence among women attending 

antenatal clinics; population based survey data; sentinel surveillance among populations 

at high risk of infection; Anti-retroviral (ART) uptake; population demographic and HIV 

incidence data [17,18,64–66]. Estimates from the software tool are however continually 

updated based on availability of more data and information on HIV distribution in the 

country.  

Thus, every year, new estimates are produced for the current and previous years. 

Estimates generated for the current year are not however, directly comparable with 

estimates produced in the previous years. This presents a complexity with the 

methodology, as estimates generated every year have specific assumptions, are 

dependent on available data and users have to undergo annual training to use the system 

efficiently.  
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2.3.2 Spatial methods  

These include geospatial models such as Ordinary/Simple Kriging, Kernel density and 

Bayesian model based geo-statistics [11,19,21,67]. The geospatial models assume 

continuous prevalence surfaces and have been applied to predict HIV prevalence in 

relation to spatial and behavioural determinants in Kenya [20], to predict the spatial 

distribution of HIV in South Africa [67]  and to map change in the spatial distribution of HIV 

at provincial levels in Zambia [68]. District level prevalence estimates for all districts in 

Uganda and other countries in SSA have also been generated using Kernel density 

approach [19,64,69].  

The major draw-back of the geo-statistical approaches is uncertainty of estimates in most 

districts due to small survey sample sizes at the district level. Other challenges include 

displacement of data points that may affect prevalence estimates for a given district since 

points near the district boundary may be displaced to another district, use of data layers 

(climatic/geographical/economic) that are often not readily available and failure by some 

of the methods to calculate/compute error (uncertainty) around the point estimate. 

2.3.3 Model based methods  

Statistical approaches require knowledge of the risk factors for HIV infection in the 

modelling process. Statistical approaches ignore the assumption of spatial dependency, 

compared to spatial approaches, which is often not achievable in a real setting. The 

approaches make specific allowance for between area variation beyond that explained by 

x-variables included in the models. For example, Kondlo and Manda (2011) applied an 

HIV predictive model to obtain HIV prevalence among adults 15-49 years for local 

areas/municipalities in South Africa using DHS and Census data [70]. They applied cross 

validation techniques to obtain an optimum model. Manda et al applied a multi-stage 
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approach (i.e. Used Inverse probability of testing to predict HIV status for individuals who 

were not tested during the survey and applied Bayesian models) to generate HIV 

prevalence for districts in Malawi using population survey and antenatal HIV testing [71].  

Small Area Estimation methodology  

Statistical Small Area Estimation (SAE) approaches are gaining prominence as tools to 

obtain parameter estimates for areas with small/reduced survey sample sizes. The 

approach borrows information from neighbouring areas through linking models to 

generate parameter estimates. For example, Gutreuter et al. (2019) applied statistical 

SAE to obtain HIV prevalence for districts in South Africa using antenatal data as the 

explanatory/predictor variable [22]. The models are generally classified into Area level 

models and unit level models. The most commonly applied area level model is the Fay-

Herriot (FH) model whereas the most commonly applied unit level model is the Battese, 

Harter and Fuller (BHF). BHF model are however be preferred to the FH models since it 

incorporates variance of the model explanatory variables. 

SAE approaches are however less widely applied due to lack of up to date covariate data. 

Kondlo and Manda[70] for example used covariates from census data. Census data is 

however collected 10-yearly rendering it less timely (i.e. not up to date) for monitoring the 

HIV/AIDS epidemic. HIV transmission pattern change rapidly and therefore up to date 

information is critical for well-targeted and timely intervention. 

Censuses also collect a limited number of covariate data – mainly age and sex, hence are 

not appropriate for assessing HIV/AIDS dynamics as it HIV incidence and prevalence 

varies according to knowledge and behavioural risk factors [35,72–74]. This study 

explored application of the SAE methods, assessing efficiency of the methods based on 

the level at which covariate data is available. 
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Hybrid Prevalence Estimation Methodology  

Another emerging statistical method in literature to obtain health indicator estimates for 

areas with small survey sample sizes is the HPE, an annealing methodology [3,75,76]. 

The methodology combines a small survey sample with routinely collected data to obtain 

more reliable health indicator estimates [10,77]. While the HPE methodology has not 

previously been applied to obtain HIV prevalence estimates for districts, work in this 

doctoral research represents its first assessment and application.   

The method applies “Weights” to balance the potential bias of the direct estimators. It also 

generates estimates with reduced standard errors. The methodology was develop by Hedt 

and Pagano who used simulations to assess the efficiency of the estimates obtained 

under different survey designs [10,77] . Their findings show that the methodology 

generates estimates with narrower confidence intervals (reduced standard errors) 

compared to direct survey estimates irrespective of the survey design. The reduction in 

standard errors is mainly attributed to inclusion of more information (samples) to support 

parameter estimation especially for areas where surveyed samples are markedly reduced 

or non-existent.  

Jeffery et al tested and applied the methodology to obtain estimates of coverage of vitamin 

A and Polio campaigns in Madagascar and Benin with the weights calculated to minimize 

the resulting standard errors” [78]. They found that standard errors were reduced by up to 

6% [78]. Application to HIV prevalence estimation by Ouma et al, found a 29% reduction 

in the standard errors of the estimates compared to the standard errors of the direct survey 

estimates [23]. This methodology provides an appealing and straightforward approach to 

obtain health indicator estimates for geographical areas with small survey sample sizes 
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when resources are limited to conduct comprehensive surveys. It optimises use of 

available data for decision making amidst scarce resources. 

2.4 Risk factors for HIV prevalence 

Past studies highlight multiple risk factors/predictors for HIV infection. This research work 

sought to understand and/reassess these factors so as to incorporate them in the models 

implemented. Although SSA remains the hardest hit with the HIV epidemic, the impact 

varies across geographical areas and population subgroups even within countries [79,80]. 

Commonly cited factors for the uneven spread/distribution of the HIV epidemic in SSA 

include demographic, social-economic, behavioural as well as clinical factors [40,71,81–

85]. Others include structural and policy related factors [86].  

For example, older age (>24 years), female gender, informal or no education, having been 

previously married are some of the socio-demographic factors reported to be associated 

with higher/elevated HIV prevalence [74,87]. Behavioural factors associated with an 

elevated HIV prevalence include concurrent multiple sexual partners, non-condom use 

[36,88] while clinical factors include diagnosis of STI’s [89] and male circumcision [21,90]. 

Structural and policy related factors include prohibitive laws that affect how individuals 

and organisations providing services for people living with HIV work to avert further spread 

of the epidemic. For example, Uganda passed an anti-LGBTQ law in 2012 prohibiting civil 

society organisations from engaging in or promoting services for Men who have sex with 

Men or other LGBT communities [91]. This implied that this vulnerable group of individuals 

cannot access HIV services freely while practicing their rights.   
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3.0  CHAPTER THREE: METHODOLOGY 

This chapter is divided into Six sections namely the general setting and population of 

Uganda; data descriptions: sources, strengths and weakness; data and methods for the 

HPE methodology –objective one; data and methods for the SAE techniques -objective 

two; data and methods for objective three and data and methods for objective four. This 

chapter also presents the approach used for analysis for each objective and how missing 

data was handled in the study. It concludes with ethical considerations, permission 

obtained to use the different datasets and the assumptions made in the course of the 

study.  

3.1 Setting and population 

Uganda is a landlocked country, located in East Africa with a population of 34,634,650 

people (Female: 50.7%) in 2014 [92]. The country has one of the highest population 

growth rates in the world at 3.0% and the population projection for 2019 was estimated to 

be 40 million. The age group 15-49 years form 44.2% of the population while 47.9% of the 

population are below the age of 15 years [92]  

Administratively, the country is currently divided into 135 districts - the main administrative 

units mandated to implement and monitor programmes on behalf of the central 

government. The number of districts has grown over time from 21 in 1969 to 111 districts 

and one-capital, Kampala in 2014 and later to 135 districts as of July 2020. For this study, 

analysis was restricted to the administrative boundaries of the 111 districts. The further 

division of districts is aimed at improving service delivery and easing administration 

[92,93]. The district populations range from 54,293 in Kalangala to 1,997,418 in Wakiso 

district. The districts are grouped into 11 geographical regions, although the regions do 

not have administrative structures to implement and monitor service delivery [92]. 
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The overall HIV prevalence in the country is 6.2% and varies from 3.1% in West Nile 

region to 8.0% in the Central 1 region [8]. Prevalence also varies by gender (Male – 4.7% 

and Female – 7.6%) and area of residence (Urban areas - 7.5% and Rural areas - 5.8%) 

[8].  Over 80% of the PLHIV are aged 15-49 years while Females aged 15-24 years are 

at higher risk of new infection compared to males of the same age group [94]. Although 

the number of individuals living with HIV has increased from 850,000 in 1990 to 1,500,000 

in 2019, the number of annual new infections dropped significantly from 110,000 to 53,000 

cases in the same period [95].  

Decrease in the annual infections has been attributed to the aggressive efforts adopted 

by the country to combat the HIV epidemic. These efforts include adoption of the 90:90:90 

UNAIDS targets, implementation of combination treatment strategies that include both 

behavioural and biomedical interventions. In fact Uganda is among the first countries to 

adopt the Abstinence, Being faithful and Condom use (ABC) strategy aimed at 

empowering individuals to adopt safe sexual practices to prevent new HIV infections [96]. 

This approach contributed to the earlier successes that Uganda registered in reversing 

the HIV/AIDS epidemic. 

3.2 Data Sources: Strengths and Limitations 

For this research, data from the District Health Information System (DHIS2), National 

population surveys conducted in 2011 and 2016 and Community Lot Quality Assurance 

survey conducted in 2016 were used. A description of each of the datasets is provided 

below. 
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3.2.1 District Health Information System 

HIV testing data is collected during service delivery at health facilities and is reported to 

the National District Health Information System version 2 (DHIS2). The system acts as a 

national data repository for health service delivery data from health facilities across the 

country. Data is collected using the national Health Management Information System 

(HMIS) tools and reported as aggregated monthly totals into the DHIS2. The data 

comprise HIV testing data for pregnant women seeking antenatal care services, their       

family members, and the general population seeking care at health facilities. Data used 

for this study comprised aggregated district level data for all health facilities that report to 

the national HMIS. 

Both government supported and some Private Not for Profit (PNFP) health facilities report 

their service delivery data into the system. In 2018 there were a total of 4092 (Government 

aided=3118 and PNFP=974) health facilities in the country. The system was setup in 2011 

with the core goal of monitoring the National Health Sector Strategic Plans (HSSP). 

Training workshops are routinely conducted for district health teams, records assistants, 

Biostatisticians and HMIS focal persons, to empower them to use the system for data 

management and reporting. Technical agencies including WHO, UNAIDS and PEPFAR 

support Ministry of Health to develop SOPs and monitor the quality of data in the system 

through regular Data Quality Assessments (DQAs). Validation checks are also inbuilt in 

the system to ensure the data reported are of high quality [97,98]. 

Limitations of District Health Information System data 

Although all health facilities offering health services in the country are expected to report 

their service delivery data into the system, some private health facilities do not report due 

to limited capacity to compile and submit reports into the system. Reporting rates for some 
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of the Government aided health facilities especially those located in rural and hard to 

reach areas is also low. The data is also aggregated by age group and gender and do not 

contain individual level data such as sexual behaviour and other HIV risk factor variables. 

3.2.2 National population surveys 

National population surveys are nationally representative, population-based surveys 

designed to provide accurate estimates at national and regional levels. The surveys 

include an HIV testing component and therefore aim to describe the status of the HIV 

epidemic including HIV prevalence in the country. The surveys use a two stage, stratified 

cluster sampling design. Enumeration areas (EA) (clusters) are selected at the first stage 

and households at the second stage. Uganda has conducted three population level 

surveys with the first one conducted in 2004/05. This study used data from the 2011/12 

and 2016/17 surveys. During the 2011 and 2016 surveys, the country was stratified into 

ten geographical regions namely Central 1, Central 2, Kampala, East-Central, Mid-

Eastern, North-East, West Nile, Mid-North, Mid-West, and South-West. The regions were 

created for purposes of the survey and are not administrative units of the country. Other 

than Kampala, each region comprised of 8 to 15 neighbouring districts that share similar 

languages and socio cultural characteristics. Uganda Bureau of Statistics (UBOS) 

provides country level technical and supervisory support for the surveys  

Uganda AIDS indicator survey, 2011/12   

The Uganda AIDS Indicator Survey (UAIS) was conducted from February to September 

2011 [99]. All women and men aged 15-59 years, who slept at the selected household in 

the night before the survey were eligible for interview and blood draw for HIV testing. Out 

of 22,357 adults found in the sampled households, 97.2% (21,741) were interviewed, and 

91% (19,866) of those interviewed were tested for HIV. Ministry of Health in collaboration 
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with UBOS implemented the survey while ICF International and the Centers for Disease 

Control and Prevention (CDC) provided financial and technical support. Details of the 

survey is available in the survey report [7].    

For this study, UAIS 2011 data was analysed at individual level to determine factors 

associated with HIV positivity and at district level and at district to determine direct HIV 

prevalence HIV estimates. The HPE methodology was applied to obtain HIV prevalence 

estimates for districts.  

Uganda Population and HIV/AIDS Impact Assessment, 2016/17 

The Uganda population and HIV/AIDS Impact Assessment (UPHIA) was conducted 

countrywide between August 2016 and March 2017. The survey was administered to 

12,386 households. In the households surveyed, 30,581 adults aged 15-64 years were 

eligible to participate. Of these, 96% (29,383) were interviewed, and 99% (29,024) of 

those interviewed provided blood samples for HIV testing. 

The survey was implemented by Ministry of Heath Uganda while technical support was 

from CDC. Other partners include ICAP at Columbia University, Uganda Virus Research 

Institute (UVRI). Further details about the survey is available in the survey report [8] 

Variables from the population survey data 

For both the 2011 and 2016 survey data used for this study, the outcome variable was 

HIV status. The independent variables were: respondents’ age, gender, highest level of 

education attained, marital status, number of sexual partners in the 12 months preceding 

the survey, distance to the nearest health facility, employment status, area of residence 

(urban or rural), district and region of the country.  
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Limitations of Population survey data 

Population surveys are characterised by high levels of missingness and recall bias. It is 

also not possible to assess causality using census data since individuals are not followed 

up over time, for example whether the outcome follows an event. The data is a cross-

sectional study generating demographic and health profiles of the population at single 

point in time.  

3.2.3 Lot Quality Assurance Sampling surveys 

In Uganda, Lot Quality Assurance Sampling (LQAS) surveys have been conducted 

annually since 2009. The primary objective of the LQAS methodology is for classification 

of sub project areas as acceptable or unacceptable based on a program coverage. It is 

applied to identify areas of “high” or “low” program coverage to institute corrective 

measures or actions including withdrawing resources from well performing areas and re-

allocating those to low performing areas. A secondary objective of the methodology is to 

obtain program area coverage by aggregating sub program area values/responses.  

In Uganda, a district represents a program area. During survey implementation, the district 

is sub-divided into Supervision Areas (SA) comprising of a sub-county or a set of 

neighbouring sub-counties. A complete listing of sampling units (household) from the most 

recent population census is used to sample villages and households for the survey.  

Sampling is carried out at two stages; at first stage, Survey locations1 (villages) are 

selected in each SA using probability proportional to the number of household or 

individuals in each village. For each SA, a random sample of 19 villages are randomly 

                                                           
 

1 In some settings, multiple interview locations are selected for a given village if the number of individuals 
in the village is greater. 
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selected for districts with 5-7 SAs while for those with 4 SAs, a sample of 24 villages are 

randomly selected. A minimum sample of 19 and 24 respondents per SA for districts with 

5-7 and 4 SAs respectively are selected so as to maintain the combined SA 

misclassification errors to less than 15%. These sample sizes also enable the district 

(program) level coverage to be estimated with an error margin of less than 10% [100].  

At the second stage, a reference household is randomly identified using equal probability 

sampling within the village and the next nearest household from the front exit of the 

reference household is selected to start the interview. An eligible and consenting adult 

respondent is then interviewed from the selected household. Parallel sampling is applied 

to select eligible respondents for the population categories: mothers of children aged 0-

11 months, mothers of aged children 12-23 months and mothers of children age 24-59 

months, youth aged 15-24 years, women aged 15-49 years, and men aged 15-54 years. 

The design does not permit selection of youth, men and women from the same household 

given because similar indicators are assessed in these population subgroups. A total of 

34,109 individuals were surveyed for the LQAS survey, hence the total sample size for 

the LQAS data included in the analysis. More details about the surveys are available in 

the survey reports [101].  

The health areas covered in the surveys include HIV/AIDS, TB, Malaria, Water and 

sanitation, reproductive health, education and other social health services in the district. 

Data collection for a district takes between 5 and 7 days depending on the number of SAs 

within a district, nature of the terrain and the general weather condition. Supervision is 

carried out at 3 levels namely SA level, district level, and national level to ensure quality 

and adherence to methodological requirements. The district level supervisors also revisit 

a sample of the selected households to conduct reliability studies for quality assurance. 
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Variables from the LQAS data set 

Variables extracted from the LQAS dataset include respondents’ age, gender, highest 

level of education attained, marital status, number of sexual partners in the 12 months 

preceding the survey, area of residence (urban or rural) and district. 

Limitation of the LQAS dataset 

The survey does not draw blood for HIV testing; therefore, HIV status information for the 

respondents is unknown. Additionally, during the 2016 survey, only 70 out of the 112 

districts in Uganda carried out LQAS surveys. This implies that indicator estimates could 

not be calculated for those districts that did not conduct LQAS surveys. 

3.2.4 National Population and Housing Census 

The most recent National Population and Housing Census (NPHC) in Uganda  was carried 

out in 2014 [92]. Censuses are carried out after 10 years. The overall objective of the 

census is to provide data for planning at all levels including districts and sub-counties. 

Censuses collects individual level demographics and household level data such a age, 

gender, education level attained, marital status of household members, housing 

conditions; household based agricultural activities and deaths in the household in the 12 

months preceding the census. 

Variables from the NPHC data set 

For this study, variables highlighted from literature to have a potential confounding effect 

on HIV prevalence were extracted from the 2014 NPHC and they include district 

population density, district population density, urbanicity (defined below) and health facility 

utilization. These variables were also significantly correlated with direct district HIV 

prevalence estimates at 5% level of significance during variable selection: 
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▪ Urbanicity; measures the level of urbanization of the district. It presents the number 

of people living in urban areas as a percentage of the total district population.  

▪ Health facility utilization refers to the number of health facilities per 10,000 

individuals in the population. It standardizes health facility utilization to enable 

comparison across districts and evaluates access to health facilities in the district. 

▪ District population density refers to the number of people per square kilometer.  

This variable takes into account the population distribution in the district.  

Limitations of the NPHC data set 

The key limitation of the census data is that it may not accurately describe HIV prevalence 

variation across districts over time since it is collected decennially. It also collects mainly 

individual demographic information such as age and gender and does not include 

behaviour characteristics that are important for profiling the HIV epidemic. 

3.3 How Missing data was handled in this study  

For this research/study, complete case analysis was adopted for all the research 

objectives. It’s noted that this could have affected the information generated making it 

inferentially biased as cases that had complete information may be different from those 

who did not respond to specific questions. We attempted to address this by including only 

variables that had less than 15% level of missingness. This may have had an impact on 

the information generated by the analysis or models. Information on condom use for 

example was missing for more than 38.3% of the participants in the LQAS dataset, hence 

the exclusion of condom use variable in our analysis. 
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3.4 The role of the PhD Candidate in data collection 

The PhD candidate was the principal Statistician for the community LQAS surveys from 

2009 to 2016. He participated in designing the surveys, compiling the survey tools and 

supervision of data collection, data entry and management; conducted all statistical 

analysis; and supported project and district teams to prepare survey reports. He supported 

dissemination of results during national information sharing meetings and data use by 

stakeholders. The PhD candidate extracted data from the different databases, conducted 

the analysis and wrote the first draft of all the manuscripts submitted to peer reviewed 

journals for publication as part of the PhD. 

3.5 Ethical Consideration  

The Human Research Ethics Committee (Medical) of the University of Witwatersrand, 

Johannesburg, South Africa provided approval to conduct the study (Ethics clearance 

certificate number M171053). The Uganda National Council of Science and Technology 

(UNCST) provided approval (Registration Number HS 2366) to use data collected in 

Uganda. Uganda Ministry of Health and ICF International provided permission to access 

the DHIS2 and 2011/12 Uganda AIDS Indicator Survey data respectively. Centres for 

Disease Control and Prevention, USA and the Ministry of Health, Uganda granted 

permission to use the 2016/17 Uganda Population HIV Impact Assessment data. Copies 

of the Ethics clearance certificates and letters of permission are in appendices I-IV  
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3.6 Data and methods for objective one 

This section presents the statistical annealing technique, the HPE methodology, used to 

obtain HIV prevalence estimates for districts in Uganda. The HPE method combines a 

small survey sample with routine health facility data, to obtain more accurate indicator 

estimates for areas with small survey sample sizes. In this study, we combined health 

facility HIV testing with population survey data after adjusting for the selection bias in 

health facility data. This led to an overall improvement in the district sample size used for 

analysis, and therefore overcoming sample size limitation of the direct survey estimates. 

3.6.1 Comparability of population survey and health facility testing data 

During the 2011 UAIS, respondents were asked whether they had ever tested for HIV, if 

they answered, “YES”, they were asked follow-up questions regarding the period and the 

venue where the most recent test was taken. Period of testing was classified as (i) tested 

in the 12 months preceding the survey, or (ii) test taken more than 12 months before the 

survey while venue of testing was classified as (i) health facility or (ii) community settings. 

Health facility setting comprised Health centres II; III; IV; general district hospitals; private 

health facilities/clinics and organisations offering HIV care and treatment services while 

community setting included tests conducted at community events; homes, workplaces, or 

at standalone VCT centres. More details regarding health facility classifications is given 

by Ouma et al, (2020) [34]. 

The 2011 UAIS data was stratified according to venue of the most recent HIV test, i.e. 

tested in a health facility or tested in a community setting. HIV prevalence ratio and the 

95% confidence interval was computed using the KATZ [102] methodology. The data was 

weighted by the population survey weights and analysis was carried out in Stata Release 

15 [103]. 
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3.6.2 Hybrid prevalence Estimation  

Assuming that the number of individuals, x, who test in a health facility follow a binomial 

distribution x~𝑏(𝑛, 𝜋𝑐), where 𝜋𝑐 is the propensity to test in a health facility in a one year 

period. This will be associated with the outcome, y, HIV prevalence at the district level, 

which also follows a binomial distribution, y~𝑏(𝑛, 𝑝), then the HIV Hybrid Prevalence 

Estimate, 𝑃̂, for districts was obtained using equation 1: 

    𝑃̂ = 𝜋̂𝑐𝑃𝑓 + (1 − 𝜋̂𝑐)𝑃̂𝑠                                                   (1) 

and the variance by  

𝑉𝑎𝑟(𝑃̂) =  
1

𝑛
{𝑃̂𝑠(1 − 𝑃̂𝑠)(1 − 𝜋̂𝑐) + 𝜋̂𝑐(1 − 𝜋̂𝑐) (𝑃𝑓 − 𝑃̂𝑠)

2
}                    (2) 

Where: 

𝑃̂ – HPE (combined estimate), 𝜋̂𝑐 – the estimated probability of testing for HIV in a 

health facility, 𝑃𝑓 − HIV prevalence for individuals tested at a health facility and 𝑃̂𝑠 – 

HIV prevalence for individuals tested during the survey and had not tested in a health 

facility. 

A multilevel logistic regression model was fitted to obtain the propensity of testing for HIV 

in a health facility. HIV prevalence 𝑝 and the associated individual and district level 

covariates were modeled using the following logistic regression model with a district 

random effects component. 

    𝐥𝐨𝐠 (
𝒑𝒊𝒋

𝟏−𝒑𝒊𝒋
) =𝑿𝒊𝒋

𝑻𝜷 + 𝒖𝒊 + 𝜺𝒊𝒋        (3) 

𝑢𝑖~𝑖. 𝑖. 𝑑. 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜏
2), 𝜀𝑖𝑗~𝑖. 𝑖. 𝑑. 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝛿

2),  

Where 

𝑋𝑖𝑗 - vector of covariates 
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𝛽 - vector of model parameters 

𝑢𝑖 – effect of 𝑖 − 𝑡ℎ district 

𝜀𝑖𝑗 – is the sampling error. 

Variables included in the analysis were (i) at cluster level: area of residence (urban/rural) 

and region of the country and at (ii) individual level: respondents’ gender, marital status, 

education level attained, number of sexual partners including husband/wife in the 12 

months preceding the survey, employment status and distance to nearest health facility. 

District level average propensity to test for HIV in a health facility was then obtained and 

used to combine the health facility and population survey data of non-facility testers to 

obtain district HIV prevalence estimates for the 111 districts in Uganda using equation 1. 

Note: The proportion of individuals tested for HIV in each district can also be used as the 

propensity to test for HIV in health facility. We conducted this analysis and found negligible 

differences in the estimates of HIV prevalence.  

Percentage change in standard errors for the direct survey and HPEs was computed to 

assess the improvement in efficiency of the HPEs while consistency between HPEs and 

the direct survey estimates was assessed using the Bland Altman analysis [104]. 

3.7 Data and methods for objective two 

This objective explored use of other data sources, e.g. routine HIV testing data, as 

predictors. For this objective, multiple data sources were used according to the model 

implemented. Details for the data source used for each model is shown in table 1 and also 

explained under the respective statistical models implemented.  
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Table 1: Sources of data use for SAE methods/ Objective 2 

Method Source of outcome data Source of Auxiliary data 

Direct Survey estimate UPHIA 2016/17 none 

Fay-Herriot (FH) UPHIA 2016/17 UPHC & Antenatal HIV testing  

Battese, Harter and 
Fuller (BHF) 

UPHIA 2016/17 LQAS 2016/17 

 

3.7.1 Direct survey estimates 

Under direct survey estimation, parameter estimates are computed based only on 

sampled observations from the area of interest. 

If  𝑦𝑖𝑗, is the HIV status (1-positive and 0-negative) for the 𝑗 − 𝑡ℎ individual in the 𝑖 − 𝑡ℎ 

district, 𝑝𝑖 the proportion of people living with HIV in district 𝑖, the direct estimate of district 

HIV prevalence,  is obtained as follows: 

𝑃̂𝑖 = 𝐴/𝐵                                                 (1.1) 

Where 𝐴 = ∑ ∑ 𝑤𝑖𝑗𝑦𝑖𝑗𝑗𝑖   and 𝐵 = ∑ ∑ 𝑤𝑖𝑗𝑗𝑖  and 𝑖 = 1,2, … ,𝑚, 𝑗 = 1,2, … , 𝑁𝑖. For 𝑚 districts 

and 𝑁𝑖 individuals in district 𝑖. and 𝑤𝑖𝑗 is the sampling weight of individual 𝑗 from district 𝑖. 

For the direct survey estimate, only data from the UPHIA 2016/17 survey was utilized. 

3.7.2 Fay-Herriot area level model estimation 

The most commonly used area level model is the Fay-Herriot (FH) model. It is a two stage 

hierarchical model, it links the outcome with possible predictors defined at area level [105].  

Taking 𝜃𝑖 = 𝑔(𝑦̅𝑖), a logit function and relating it to 𝑧𝑖 = (𝑧1𝑖, 𝑧2𝑖 , … ,  𝑧𝑝𝑖) a vector of 𝑝 

predictor variables from the 𝑚 districts. A linking model for the area-level parameter 𝜃𝑖 is 

given in equation 2.1 

𝜃𝑖 = 𝑧𝑖
𝑇𝛽 + 𝜐𝑖                                                      (2.1) 
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Where: 𝛽 = (𝛽1, 𝛽2, … , 𝛽𝑝 )
𝑇
 is a 𝑝𝑥1 vector of regression coefficients and 𝜐𝑖

′𝑠 are area 

specific random effects. 

The 𝜐𝑖
′𝑠, are assumed to be independent and identically distributed with 𝐸(𝜐𝑖) = 0 and 

𝑣𝑎𝑟 (𝜐𝑖) = 𝜎𝑣
2. (i.e. 𝜐𝑖~𝑁(0,  𝜎𝑣

2)). The model variance, 𝜎𝑣
2, measures homogeneity of the 

areas after accounting for the effects of the covariates, 𝑧𝑖
𝑇, included in the model while 𝑒𝑖 

is the sampling error with known variance,  𝑉𝑎𝑟(𝑒𝑖) =  𝜓𝑖 and 𝐸(𝑒𝑖) = 0.  

Given that 𝜃𝑖 is unobservable; it is estimated based on the sampled observations in the 

area. The unbiased direct estimator of 𝜃𝑖 is obtained using a multivariate sampling model: 

𝜃𝑖 = 𝜃𝑖 + 𝑒𝑖                                                                       (2.2) 

Where  𝑒𝑖~𝑁(0, 𝜓𝑖), 𝑖 = 1,2, … ,  𝑚 . for  𝑖 = 1,2, … ,  𝑚, 𝑒𝑖~𝑁(0, 𝜓𝑖)  

Combining 2.1 and 2.2, we obtain the mixed model   

 θ̂i = ziβ + υi + ei                                                                (2.3) 

  Where υi~N(0,  σv
2), ei~N(0, ψi), i = 1,2, … ,  m υi is independent of ei 

The FH estimate is then obtained as a weighted combination of the direct (𝜃𝑖) and 

regression-synthetic estimators (𝑧𝑖𝛽̂) 

𝜃𝑖
𝐹𝐻 = 𝛾𝑖𝜃𝑖 + (1 − 𝛾𝑖)𝑧𝑖𝛽̂                               (2.4) 

   Where: 𝛾𝑖 =
𝜎̂𝑣
2

𝜎̂𝑣
2+𝜎𝑖

2 

From 2.4 above, the FH district estimate will tend towards the direct district survey 

estimates for small sampling errors (large sample size) while it will tend towards the 

regression synthetic estimates for small sample size in the district (inefficient sample). 
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Letting 𝜏̂𝑖
𝐸𝐵 to be the target quantity 𝜃𝑖

𝐹𝐻 

The bootstrap MSE estimator 𝜏̂𝑖
𝐸𝐵 is obtained by  

𝑚𝑠𝑒𝐵(𝜏̂𝑖
𝐸𝐵) = 𝐵−1∑ [𝜏̂𝑖

𝐸𝐵∗(𝑏) − 𝜏𝑖
∗(𝑏)]2𝐵

𝑏=1           (2.5) 

The FH model used data from UPHIA 2016/17, Antenatal HIV prevalence data and UPHC.  

Details on the implementation of the bootstrap procedure is available in appendix II of the 

published manuscript attached to this thesis as appendix V of this thesis 

3.7.3 Unit-level model estimation 

In situations when auxiliary information at individual or unit level is available, the Battese, 

Harter and Fuller (BHF) unit level model is frequently applied [106].   

Letting 𝑝𝑖𝑗 be the probability of individual 𝑗 from district 𝑖 being HIV positive (𝑝𝑖𝑗 =

 𝑃𝑟( 𝑦𝑖𝑗 = 1 | 𝑥𝑖𝑗 , 𝜇𝑖), where 𝑦𝑖𝑗 corresponds to the HIV status of individual 𝑖 in district, a 

logistic regression model with area-level effect is used to estimate 𝑝𝑖 

If 𝑋𝑖𝑗 = (𝑥𝑖𝑗1,   𝑥𝑖𝑗2,  ,  𝑥𝑖𝑗3,  … .  𝑥𝑖𝑗𝑞 ,  ) are individual specific characteristics associated with 

the binary outcome 𝑦𝑖𝑗,  the nested error logistic regression model 3.1 was applied to 

obtain parameter estimates 

  logit(pij) = log (
pij

1−pij
) =Xij

t β + υi + eij                       (3.1) 

And the Empirical Best Predictor (EBP) [105,107] was applied to get district specific 

estimates of HIV prevalence. 

   𝑝̂𝑖 =  
1

𝑁𝑖
{∑ 𝑦𝑖𝑗𝑗∈𝑆 + ∑ 𝑝̂𝑖𝑗𝑗∈𝑆′ }                        (3.2) 

Where: 
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- 𝑝̂𝑖𝑗 =
𝑒𝑥𝑝(𝜂̂𝑖𝑗)

1+𝑒𝑥𝑝(𝜂̂𝑖𝑗)
  and 𝜂̂𝑖𝑗 = 𝛽̂𝑋

𝑡
𝑖𝑗 + 𝑣𝑖 

- yij - takes on the values 0 or 1 depending on whether the 𝑗 − 𝑡ℎ individual within 

the 𝑖 − 𝑡ℎ  district was tested HIV positive during the survey and  

- Ni – is the population size of the 𝑖 − 𝑡ℎ  district. 

Taking j ∈ S as the sum of ni values who were tested HIV positive for the sampled 

individuals from the 𝑖 − 𝑡ℎ  district and j ∈ S′ of p̂ij as the sum over the estimated probability 

of infection for the non-sampled individuals in district 𝑖. 

The mean square error (MSE) of  p̂i as a predictor for pi was obtained using equation 3.3  

MSÊ = var (
∑ p̂ijj∈S′

Ni
) + 

∑ p̂ijj∈S′ (1−p̂ij)

Ni
2       (3.3) 

For the BHF model, data from UPHIA 2016/17 and Community LQAS surveys conducted 

in 2016 were utilized.  

As sensitivity analysis, models were fitted allowing for spatial correlation between the 

district level random effects.  

3.8 Data and methods for objective three 

This objective was concerned with assessing the factors associated with HIV positivity 

within and between districts. It also assessed factors associated with HIV positivity by 

venue of testing and the factors associated with testing for HIV in a health facility. These 

findings were critical for understanding the HIV risk profiles for individuals who seek HIV 

testing services at health facilities compared to those who are testing at community 

settings including at their homes or work places.  
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3.8.1 Data source 

In this objective, the 2011 UAIS data was used. Analysis was restricted to 11,685 women 

and men aged 15-49 years, who consented and were tested for HIV during the survey.  

3.8.2 Measures/study variables   

(1) Ever tested for HIV: Survey participants were asked whether they tested for HIV in the 

12 months preceding the survey, venue of testing and whether they received their HIV 

test results. Women who had a birth in the period 2006 to 2011 and were not tested for 

HIV or had a negative test result during antenatal visits were further asked questions 

relating to testing during antenatal care attendance. Details of the questions asked are 

available in the survey report [7]. 

(2) Facility testers were individuals tested for HIV in a health facility in the 12 months 

preceding the survey and who received their test results. It also includes all women 

who tested in a health facility during antenatal care attendance for their most recent 

birth of a child aged less than one year. 

(3) Non-facility testers were individuals who did not test in a health facility in the 12 months 

preceding the survey. Those who had never tested for HIV were not included in the 

analysis. 

(4) Health facilities included public or private health facilities or non-government or civil 

society organizations offering HIV testing services. 

(5) Outcome variable : HIV positivity; defined as the proportion of individuals testing HIV 

positive  

(6) Model explanatory/independent variables were: area of residence (urban/rural), region 

of the country, respondents’ gender, age (15-19, 20-29, 30-39 and 40-49 years), marital 

status, highest level of education attained, number of sexual partners including 
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husband/wife in the 12 months preceding the survey ( 0,1 and 2 or more), employment 

status and distance to nearest health facility. 

3.8.3 Statistical analysis 

We computed the proportion who had ever tested for HIV and HIV prevalence by place of 

testing. Factors associated with HIV positivity for each testing venue were assessed using 

multilevel logistic regression. Models were fitted separately for each testing venue (i.e. 

facility and non-facility testing) and a summary model fitted to identify factors associated 

with HIV positivity irrespective of the venue of testing. All analysis was weighted using 

population sampling weights. Analysis was carried out in Stata Release 15 [103]. 

3.9 Data and methods for objective four 

3.9.1 Datasets for the study 

This objective used data from the UAIS 2011 and UPHIA 2016. For the 2011 survey, EAs 

were based on the 2001 NPHC [108] while for the 2016 survey, EAs were based on the 

2014 NPHC [109]. Analysis was restricted to data for individuals aged 15-49 years who 

were tested for HIV during the survey.  

3.9.2 Measures/Study variables 

(1) HIV status (1=positive or 0=negative) was the outcome of interest in this study.  

(2) Model explanatory/independent variables: gender (1=male, 2=female); age (15-19, 20-

24, 25-29, 30-34, 35-39 and 40-49-years); marital status (never, married/cohabiting 

and previously married-widowed/separated/divorced); highest level of education (none, 

primary, secondary and tertiary); number of sexual partners including husband/wife in 

the 12 months preceding the survey (0, 1 and 2 or more); area of residence (1=urban, 
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2=rural); and region of the country (Central 1, Central 2, Kampala, East-Central, Mid-

Eastern, North-East, West Nile, Mid-North, Mid-West, and South-West). 

3.9.3 Statistical analysis  

Analysis to evaluate participants’ distribution by the socio-demographic characteristics 

was done separately for the UAIS 2011 and UPHIA 2016 surveys. Descriptive analysis 

was also carried out to assess change in HIV prevalence between the two surveys. 

Pooled logistic regression was used to assess factors associated with HIV positivity in the 

pooled dataset. Multivariable logistic decomposition models were used to determine the 

contribution of characteristics and coefficients of the characteristics to change in HIV 

prevalence between the two surveys. 

The Blinder-Oaxaca decomposition method [27,28] was used to display the contribution 

of each variable to the overall difference in characteristics or the effects of characteristics. 

Considering an outcome Y as function of a linear combination of predictors and regression 

coefficients and considering two groups A and B:  

 Y = F(𝑋β) =
𝑒𝑋𝛽

1+𝑒𝑋𝛽
,                                                                                                  (4.1) 

Where  Y is an 𝑁𝑥1 dependent variable vector,  𝑋 is 𝑁𝑥𝐾 matrix of independent variables 

and β is a 𝐾𝑥1 vector of coefficients. The mean difference in Y between the groups A and 

B is decomposed as follows 

𝑌̅𝐴 − 𝑌̅𝐵 = F(𝑋𝐴β𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ −  F(𝑋𝐵β𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅   

 = {F(𝑋𝐴β𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ −  F(𝑋𝐵β𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ }⏟              
𝐸

+ {F(𝑋𝐵β𝐴)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ −  F(𝑋𝐵β𝐵)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ }⏟              
𝐸

   (4.2)  

Where: 
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- Component  E refers to the part of the differential attributable to differences in 

endowments or characteristics (explained component/characteristics effects).  

- Component C refers to the part of the differential attributable to differences in 

coefficients (Coefficient effects/unexplained component).  

As shown above, the methodology partitions the average difference in an 

outcome/dependent variable between two groups (or time points) into the part that is due 

to the differences in the composition of independent variables within the groups and the 

part that is due to the group differences in the effects of the independent variables[27]. In 

this study, we applied the methodology to partition the difference in HIV prevalence 

between the 2011 and 2016 surveys to the part due to the socio-demographic composition 

of the survey participants in the 2011 compared to the 2016 survey, and the part due to 

the effects of the socio-demographic characteristics of the survey participants (Coefficient 

effects). All analyses were weighted using the survey weights and was carried out using 

Stata Release 15 [103]. 
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4.0  CHAPTER FOUR: RESULTS 

For this research, two papers, presenting results of objective one and three, have been 

published in international peer reviewed journals. A manuscript, presenting results for 

objective two has been submitted and is under review while the last manuscript, 

presenting results for objective four is in draft, yet to be submitted for publication. A 

summary of results from the papers and manuscripts are presented in this thesis 

according to the objectives of the PhD research. Some results contributing to a particular 

objective were presented in the two papers and this is highlighted in the respective 

sections. 

4.1  District HIV prevalence based on HPE methodology 

This objective was concerned with applying the HPE methodology to obtain HIV 

prevalence estimates for districts in Uganda. It also assessed the robustness and biases 

associated with the methodology. Results of this objective have been published in two 

papers [23,34] 

4.1.1 Comparing HIV prevalence by venue of testing  

In order to obtain the district HIV prevalence estimates, comparability of health facility and 

population survey data was evaluated. Methods used to evaluate comparability, compute 

HIV prevalence, HIV prevalence ratio and the 95% confidence interval are described by 

Ouma et al (2020) [34].  

Generally, testing in a health facility was associated with a higher HIV positivity compared 

to testing in a community setting (HIV prevalence ratio 1.8, 95% CI: 1.4-2.2). There was 

a two-fold or higher increase in HIV positivity among health facility testers compared to 

non-facility testers if they were male; aged 15-19 years, 30-39 years and 40-49 years; had 
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no formal education; never married or were previously married; reported no sexual partner 

in the 12 months preceding the survey; not in formal employment and resident in urban 

areas. Regions that had two-fold or higher increase in HIV prevalence ratio were Kampala, 

East Central and Northern regions (Table 2).  
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Table 2: Proportion tested for HIV in a health facility in the 12 months preceding 

the survey and HIV prevalence by testing venue 

Characteristic 

Tested in Health facility in 12 months preceding 
the survey  

Tested in community 
setting 

HIV 
Prevalence 

Ratio  
(95% CI) Number tested (%) 

n# Weighted 
Prevalence 

 (95% CI) 

n# Weighted 
Prevalence 

(95% CI) 

Total 6,920 59.0 722 10.9 (10.0, 11.7) 100 6.2 (5.4, 7.0) 1.8 (1.4, 2.2) 

Gender        

Male 1,413 34.9 169 12.6 (10.6, 14.7) 37 4.6 (3.0, 6.2) 2.7 (1.9, 3.9) 
Female 5,507 72.7 553 10.4 (9.5, 11.3) 63 7.8 (5.7, 9.9) 1.3 (1.0, 1.7) 

Age        

15-19 724 50.1 37 5.4 (3.5, 7.4) 5 1.7 (1.9, 3.3) 3.2 (1.3, 8.0) 

20-29 3,221 67.1 225 7.2 (6.2, 8.2) 35 6.7 (4.2, 9.2) 1.1 (0.8, 1.5) 

30-39 2,109 62.0 286 14.7 (12.9, 16.4) 30 6.3 (3.9, 8.6) 2.3 (1.6, 3.3) 

40-49 866 43.4 174 20.3 (17.4, 23.2) 30 10.3 (6.5, 14.0) 2.0 (1.4, 2.8) 

Education Level        

No Education 782 63.7 98 13.3 (10.7, 15.9) 10 5.5 (1.9, 9.1) 2.4 (1.3, 4.5) 

Primary 3,917 61.3 446 12.1 (10.9, 13.2) 60 7.5 (5.4, 9.5) 1.6 (1.2, 2.1) 

Secondary 2,221 55.5 178 8.0 (6.7, 9.3) 30 4.8 (3.0, 6.6) 1.7 (1.1, 2.4) 

Marital status        

Never married 891 42.5 54 6.4 (4.5, 8.2) 11 2.9 (0.8, 5.1) 2.2 (1.2, 4.2) 

Married/Cohabiting 5,204 63.7 445 8.8 (7.9, 9.7) 67 6.8 (5.1, 8.5) 1.3 (1.0, 1.7) 

Previously married 825 61.5 223 29.7 (26.1, 33.3) 22 13.5 (7.8, 19.1) 2.2 (1.5, 3.3) 

Number of sexual partners in 12 months preceding survey 

0 872 45.1 166 20.2 (17.1, 23.4) 20 5.3 (2.9, 7.8) 3.8 (2.4, 6.0) 

1 5,585 64.8 499 9.3 (8.4, 10.1) 60 6.3 (4.5, 8.1) 1.5 (1.1, 1.9) 

2+ 463 43.2 57 12.8 (9.4, 16.3) 19 7.7 (4.2, 11.3) 1.7 (1.0, 2.7) 

Currently working        

No 1,820 64.3 158 8.7 (7.2, 10.2) 21 3.9 (2.1, 5.8) 2.2 (1.4, 3.5) 

Yes 5,100 58.0 564 11.6 (10.6, 12.6) 79 7.1 (5.4, 8.8) 1.6 (1.3, 2.0) 

Distance to nearest HF    

<2 1,493 62.0 171 11.3 (9.4, 13.2) 18 6.2 (2.6, 9.7) 1.8 (1.1, 2.9) 

2-5 2,852 59,3 256 9.4 (8.1, 10.6) 34 5.5 (3.5, 7.4)   1.7 (1.2, 2.4) 

5+ 2,341 58.5 275 12.5 (11.0, 14.0) 44 7.2 (5.0, 9.4) 1.7 (1.3, 2.4) 

Don’t Know 234 55.8 20 10.0 (4.8, 15.2) 4 6.0 (0.1, 11.8) 1.7 (0.6, 4.7) 

Area of residence        

Rural 5,284 59.6 530 10.5 (9.6, 11.4) 77 6.3 (4.8, 7.7) 1.7 (1.3, 2.1) 

Urban 1,636 59.2 192 12.1 (10.1, 14.1) 23 6.2 (2.9, 9.5) 2.0 (1.3, 3.0) 

Region        

Central 1 662 57.5 95 14.8 (11.7, 17.9) 14 9.6 (4.0, 15.2) 1.5 (0.9, 2.6) 

Central 2 713 60.2 81 11.0 (8.5, 13.5) 11 6.1 (2.3, 9.9) 1.8 (1.0, 3.3) 

Kampala 803 54.1 81 10.3 (7.8, 12.7) 13 5.1 (2.1, 8.1) 2.0 (1.1, 3.6) 

East Central 547 55.0 48 9.8 (7.0, 12.5) 8 4.8 (1.4, 8.3) 2.0 (1.0, 4.2) 

Mid-Eastern 544 60.5 31 5.4 (3.5, 7.3) 10 7.1 (2.8, 11.4) 0.8 (0.4, 1.5) 

North East 711 63.4 62 7.6 (5.4, 9.8) 11 7.5 (2.9, 12.0) 1.0 (0.5, 1.9) 

West Nile 680 54.8 47 7.6 (5.3, 9.8) 9 5.3 (1.8, 8.8) 1.4 (0.7, 2.9) 
Mid Northern 886 62.8 106 12.5 (9.8, 15.1) 6 2.6 (0.4, 4.9) 4.8 (2.1,10.8) 

South Western 639 62.5 86 13.4 (10.6, 16.2) 9 9.7 (3.2, 16.2) 1.4 (0.7, 2.6) 
Mid-Western 735 60.8 85 11.6 (9.1, 14.1) 9 6.3 (2.1, 10.6) 1.8 (0.9, 3.6) 

#- number HIV positive, *HIV prevalence ratio comparing health facility and community testers 
Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Levin J. Difference in HIV prevalence by testing venue: results 

from population level survey in Uganda. AIDS Care [Internet]. 2020;0(0):1–12. Available from: 
https://doi.org/10.1080/09540121.2020.1734179 
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4.1.2 Propensity to test for HIV in a health facility  

To apply HPE methodology, the probability of testing for HIV in a health facility was 

computed at individual level. Regional level average propensity to test for HIV in a health 

facility is presented in Figure 2. It shows that the propensity to test in a health facility was 

generally higher among females across all regions of the country. It was also higher in 

Mid-Northern, North East and Kampala regions (Figure 2). 

 

Figure 2: Propensity to test for HIV in a health facility 

Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Todd J, Levin J. Combining national survey with facility-based 
HIV testing data to obtain more accurate estimate of HIV prevalence in districts in Uganda. BMC Public Health. 
2020;20(1):1–14. 

 

4.1.3 HIV prevalence estimates based on the HPE methodology 

The HIV prevalence estimate for districts based on HPE methodology is presented in 

Table 3. It shows that the confidence intervals for the HPEs are narrower compared to CIs 

based on the direct survey estimates.  It also shows that Central 1 region had the highest 

HIV prevalence in the country (0.11) while the Mid-Western and Mid-Eastern regions had 

the lowest HIV prevalence (0.04) (Table 3). 
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District level HPEs ranged from 0.01 to 0.18. Districts with the lowest and highest HIV 

prevalence by region were: Central (Bukomasimbi - 0.06, Masaka - 0.18); Central 2: 

(Nakaseke - 0.07, Buvuma - 0.17); East Central (Luuka - 0.02, Namayingo - 0.09); Mid-

Eastern: (Kween - 0.01, Kapchorwa - 0.09); Mid Northern: (Kole - 0.05, Pader and Otuke 

- 0.14); Mid-Western: (Bundibujyo - 0.03, Kabarole - 0.16); North East (Kabong-0.04, 

Amuria - 0.10); South West: (Buhweju and Kabale - 0.04, Rubirizi 0.13) and West Nile 

(Yumbe and Maracha - 0.03, Nebbi - 0.07). Table 3 also presents direct survey and DHIS2 

based HIV prevalence estimates by district.  

HIV prevalence was higher in more urbanized districts (for example Kampala, Fort Portal, 

Mbale, and Jinja) and those at the lakes shores (e.g. Kalangala, Buvuma and Masaka). 

District specific estimates for males and females were also computed and compared with 

the direct survey estimates. Findings showed that HPE estimates were more precise 

compared to the direct survey estimates. (see Ouma et al [23]).  
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Table 3: HPE HIV prevalence estimates, (HPE, Survey and unadjusted DHIS2) 

Region and 

District 

HPE Population Survey Facility Data  

(unadjusted) Estimate (95% CI) Estimate (95% CI) 

Central 1      

Bukomansimbi 0.064 (0.027, 0.101) 0.074 (0.021, 0.127) 0.083 

Butambala 0.103 (0.017, 0.190) 0.124 (0.000, 1.000) 0.063 

Gomba 0.090 (0.036, 0.144) 0.158 (0.060, 0.257) 0.063 

Kalangala 0.138 (0.064, 0.212) 0.195 (0.000, 1.000) 0.135 

Kalungu 0.142 (0.065, 0.219) 0.102 (0.025, 0.179) 0.086 

Lwengo 0.143 (0.090, 0.195) 0.157 (0.090, 0.223) 0.105 

Lyantonde 0.121 (0.012, 0.229) 0.109 (0.000, 1.000) 0.085 

Masaka 0.178 (0.129, 0.227) 0.156 (0.096, 0.216) 0.131 

Mpigi 0.097 (0.065, 0.129) 0.108 (0.059, 0.158) 0.101 

Rakai 0.081 (0.053, 0.109) 0.076 (0.042, 0.109) 0.067 

Sembabule 0.072 (0.037, 0.106) 0.067 (0.015, 0.118) 0.078 

Wakiso 0.107 (0.090, 0.124) 0.096 (0.070, 0.123) 0.094 

Central 2      

Buikwe 0.083 (0.060, 0.106) 0.079 (0.042, 0.116) 0.086 

Buvuma 0.170 (0.102, 0.238) 0.185 (0.096, 0.273) 0.085 

Kayunga 0.069 (0.041, 0.096) 0.065 (0.030, 0.100) 0.049 

Kiboga 0.090 (0.035, 0.145) 0.063 (0.008, 0.117) 0.069 

Kyankwanzi 0.111 (0.049, 0.173) 0.128 (0.054, 0.203) 0.045 

Luwero 0.094 (0.066, 0.123) 0.080 (0.044, 0.117) 0.075 

Mityana 0.136 (0.097, 0.175) 0.104 (0.058, 0.151) 0.125 

Mubende 0.077 (0.053, 0.101) 0.094 (0.056, 0.132) 0.057 

Mukono 0.090 (0.063, 0.116) 0.092 (0.054, 0.129) 0.069 

Nakaseke 0.073 (0.038, 0.109) 0.083 (0.025, 0.141) 0.083 

Nakasongola 0.083 (0.041, 0.125) 0.076 (0.018, 0.134) 0.088 

East Central      

Bugiri 0.037 (0.019, 0.055) 0.027 (0.008, 0.045) 0.029 

Buyende 0.055 (0.020, 0.091) 0.044 (0.006, 0.081) 0.033 

Iganga 0.062 (0.037, 0.087) 0.054 (0.025, 0.082) 0.035 

Jinja 0.088 (0.064, 0.112) 0.090 (0.056, 0.124) 0.057 

Kaliro 0.036 (0.001, 0.071) 0.046 (0.000, 0.098) 0.023 

Kamuli 0.051 (0.034, 0.068) 0.058 (0.033, 0.082) 0.036 

Luuka 0.023 (0.005, 0.042) 0.018 (0.000, 0.037) 0.018 

Mayuge 0.042 (0.023, 0.062) 0.092 (0.043, 0.140) 0.036 
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Region and 

District 

HPE Population Survey Facility Data  

(unadjusted) Estimate (95% CI) Estimate (95% CI) 

Namayingo 0.089 (0.043, 0.135) 0.093 (0.035, 0.151) 0.079 

Namutumba 0.037 (0.011, 0.062) 0.038 (0.000, 0.076) 0.030 

Kampala 0.076 (0.067, 0.085) 0.071 (0.058, 0.084) 0.098 

Mid-Eastern      

Budaka 0.065 (0.018, 0.111) 0.050 (0.007, 0.093) 0.029 

Bududa 0.025 (0.000, 0.055) 0.046 (0.006, 0.087) 0.014 

Bulambuli 0.026 (0.000, 0.055) 0.023 (0.000, 0.053) 0.040 

Busia 0.068 (0.038, 0.097) 0.074 (0.037, 0.112) 0.063 

Butaleja 0.026 (0.003, 0.049) 0.026 (0.001, 0.052) 0.018 

Kapchorwa 0.092 (0.000, 0.186) 0.097 (0.000, 1.000) 0.021 

Kibuku 0.036 (0.000, 0.074) 0.014 (0.000, 0.040) 0.027 

Kween 0.013 (0.000, 0.032) 0.007 (0.000, 0.022) 0.022 

Manafwa 0.034 (0.014, 0.055) 0.034 (0.006, 0.062) 0.035 

Mbale 0.037 (0.022, 0.052) 0.035 (0.015, 0.055) 0.070 

Pallisa 0.012 (0.002, 0.022) 0.007 (0.000, 0.019) 0.021 

Sironko 0.051 (0.022, 0.079) 0.050 (0.020, 0.080) 0.030 

Tororo 0.071 (0.044, 0.097) 0.069 (0.041, 0.098) 0.044 

Mid Northern      

Agago 0.080 (0.047, 0.113) 0.046 (0.011, 0.081) 0.071 

Alebtong 0.066 (0.035, 0.097) 0.058 (0.016, 0.100) 0.068 

Amolatar 0.108 (0.058, 0.159) 0.158 (0.079, 0.237) 0.078 

Amuru 0.059 (0.027, 0.091) 0.028 (0.000, 0.061) 0.043 

Apac 0.062 (0.043, 0.080) 0.052 (0.022, 0.082) 0.081 

Dokolo 0.070 (0.041, 0.099) 0.055 (0.015, 0.094) 0.061 

Gulu 0.090 (0.066, 0.113) 0.100 (0.049, 0.151) 0.086 

Kitgum 0.081 (0.042, 0.121) 0.083 (0.024, 0.141) 0.072 

Kole 0.047 (0.023, 0.070) 0.029 (0.001, 0.057) 0.051 

Lamwo 0.088 (0.041, 0.134) 0.121 (0.043, 0.198) 0.071 

Lira 0.108 (0.079, 0.138) 0.111 (0.066, 0.157) 0.098 

Nwoya 0.123 (0.033, 0.212) 0.163 (0.000, 1.000) 0.052 

Otuke 0.136 (0.048, 0.224) 0.128 (0.000, 1.000) 0.075 

Oyam 0.066 (0.043, 0.089) 0.068 (0.035, 0.100) 0.058 

Pader 0.140 (0.088, 0.192) 0.165 (0.090, 0.239) 0.087 

Mid-Western      

Buliisa 0.065 (0.013, 0.117) 0.038 (0.000, 0.785) 0.065 
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Region and 

District 

HPE Population Survey Facility Data  

(unadjusted) Estimate (95% CI) Estimate (95% CI) 

Bundibugyo 0.032 (0.010, 0.054) 0.032 (0.000, 0.071) 0.028 

Hoima 0.075 (0.050, 0.100) 0.086 (0.051, 0.121) 0.053 

Kabarole 0.159 (0.124, 0.194) 0.137 (0.094, 0.180) 0.099 

Kamwenge 0.065 (0.037, 0.093) 0.054 (0.023, 0.086) 0.050 

Kasese 0.066 (0.046, 0.085) 0.050 (0.027, 0.073) 0.050 

Kibaale 0.068 (0.045, 0.091) 0.079 (0.046, 0.113) 0.049 

Kiryandongo 0.059 (0.019, 0.098) 0.071 (0.016, 0.126) 0.048 

Kyegegwa 0.118 (0.058, 0.177) 0.127 (0.056, 0.198) 0.046 

Kyenjojo 0.077 (0.047, 0.106) 0.121 (0.071, 0.172) 0.070 

Masindi 0.063 (0.035, 0.091) 0.060 (0.023, 0.097) 0.062 

North East      

Abim 0.066 (0.004, 0.128) 0.098 (0.000, 1.000) 0.031 

Amudat 0.090 (0.000, 0.204) 0.049 (0.000, 0.899) 0.022 

Amuria 0.102 (0.067, 0.138) 0.102 (0.056, 0.148) 0.039 

Bukedea 0.044 (0.014, 0.074) 0.045 (0.002, 0.088) 0.022 

Kaabong 0.037 (0.016, 0.057) 0.021 (0.000, 0.044) 0.022 

Kaberamaido 0.081 (0.045, 0.117) 0.061 (0.020, 0.102) 0.034 

Katakwi 0.074 (0.041, 0.107) 0.080 (0.034, 0.126) 0.035 

Kotido 0.052 (0.009, 0.095) 0.046 (0.000, 0.096) 0.017 

Kumi 0.040 (0.023, 0.057) 0.025 (0.000, 0.051) 0.024 

Moroto 0.041 (0.014, 0.069) 0.065 (0.000, 0.132) 0.023 

Nakapiripirit 0.049 (0.002, 0.097) 0.038 (0.000, 0.792) 0.018 

Napak 0.075 (0.018, 0.132) 0.073 (0.003, 0.143) 0.023 

Ngora 0.046 (0.015, 0.078) 0.061 (0.014, 0.108) 0.020 

Serere 0.049 (0.029, 0.069) 0.046 (0.014, 0.077) 0.028 

Soroti 0.089 (0.060, 0.118) 0.058 (0.019, 0.097) 0.034 

South Western      

Buhweju 0.035 (0.000, 0.077) 0.022 (0.000, 0.592) 0.025 

Bushenyi 0.096 (0.060, 0.132) 0.079 (0.036, 0.123) 0.068 

Ibanda 0.065 (0.027, 0.102) 0.053 (0.002, 0.104) 0.059 

Isingiro 0.102 (0.061, 0.143) 0.112 (0.064, 0.160) 0.045 

Kabale 0.043 (0.024, 0.063) 0.037 (0.010, 0.064) 0.035 

Kanungu 0.077 (0.042, 0.112) 0.084 (0.036, 0.131) 0.047 

Kiruhura 0.095 (0.046, 0.144) 0.086 (0.025, 0.148) 0.072 

Kisoro 0.053 (0.015, 0.091) 0.059 (0.012, 0.105) 0.026 
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Region and 

District 

HPE Population Survey Facility Data  

(unadjusted) Estimate (95% CI) Estimate (95% CI) 

Mbarara 0.101 (0.068, 0.134) 0.124 (0.072, 0.177) 0.059 

Mitooma 0.097 (0.042, 0.151) 0.076 (0.012, 0.140) 0.069 

Ntungamo 0.063 (0.040, 0.085) 0.062 (0.030, 0.095) 0.050 

Rubirizi 0.133 (0.067, 0.199) 0.140 (0.044, 0.236) 0.057 

Rukungiri 0.082 (0.053, 0.111) 0.076 (0.038, 0.115) 0.064 

Sheema 0.095 (0.056, 0.134) 0.124 (0.063, 0.185) 0.069 

West Nile      

Adjumani 0.044 (0.020, 0.067) 0.039 (0.012, 0.065) 0.023 

Arua 0.043 (0.031, 0.056) 0.049 (0.030, 0.069) 0.035 

Koboko 0.048 (0.019, 0.077) 0.063 (0.025, 0.102) 0.025 

Maracha 0.029 (0.001, 0.058) 0.007 (0.000, 0.019) 0.014 

Moyo 0.033 (0.011, 0.055) 0.037 (0.005, 0.069) 0.019 

Nebbi 0.068 (0.045, 0.091) 0.070 (0.042, 0.098) 0.036 

Yumbe 0.026 (0.010, 0.042) 0.027 (0.006, 0.048) 0.014 

Zombo 0.056 (0.031, 0.082) 0.040 (0.011, 0.069) 0.050 

Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Todd J, Levin J. Combining national survey with facility-based 
HIV testing data to obtain more accurate estimate of HIV prevalence in districts in Uganda. BMC Public Health. 
2020;20(1):1–14. 
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4.1.4 Precision of HIV prevalence estimates  

Hybrid Prevalence Estimates had generally narrower confidence intervals compared to 

direct survey based estimates (Figure 3 and Figure 4). Figure 3 presents the comparison 

for selected districts while figure 4 presents comparisons for all districts. Of the 111 

districts included in the analysis, 105 (95.5%) had narrower confidence intervals 

compared to confidence intervals from direct survey based estimates. Overall, the HPE 

standard errors decreased by 28.9% (95% CI: 23.4-34.4) compared to survey-based 

standard errors. 

  

 
Figure 3: District prevalence estimates from combined and population survey data  
Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Todd J, Levin J. Combining national survey with facility-based 

HIV testing data to obtain more accurate estimate of HIV prevalence in districts in Uganda. BMC Public Health. 
2020;20(1):1–14. 
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Figure 4: Comparison of district prevalence estimates for the HP and survey-based estimates 

Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Todd J, Levin J. Combining national survey with facility-based HIV testing data to obtain more accurate estimate of 
HIV prevalence in districts in Uganda. BMC Public Health. 2020;20(1):1–14. 
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4.1.5 Robustness of the HIV prevalence estimates  

The potential bias of the HPE methodology in generating accurate HIV prevalence 

estimates for the districts was assessed using the Bland Altman methodology [104,110]. 

We found that there was no overall difference between survey and HPE estimates (i.e. 

average difference was 0.00 units (95% CI: -0.04, 0.04) (Figure 5a). Average difference 

for males was -0.01 units (95% CI: -0.05, 0.03) while for females was 0.00 units (95% CI: 

-0.06, 0.06).  

While a bias of 0.01 units was observed when assessing the agreement between HPE 

and survey based estimates for males (Figure 5b), the 95% confidence interval of the 

difference between the estimates was narrow. Additionally, no systematic pattern was 

observed as the average of the estimates increased.  

The mean difference between the HPE and DHIS2 estimates was 0.01 units (95% CI: -

0.05, 0.06) (Figure 6a).  Average difference for males was -0.01 units (95% CI: -0.07, 

0.06) while for females was 0.02 units (95% CI: -0.05, 0.09), (Figure 6b and 6c 

respectively).  

The bias of the HPE compared to DHIS2 based estimates was more evident from the 

wider variability of the points about the no-difference (zero) line as the values of the 

estimates increased (Figure 6a-c). Average bias was 0.02 units and confidence intervals 

were wider when comparing HPEs and DHIS2 estimates for females (Figure 6c). 
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a) Both sexes b) Males c) Females 

 
  

Figure 5: Difference plot comparing HPE and Direct survey estimates  
Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Todd J, Levin J. Combining national survey with facility-based HIV testing data to obtain more accurate estimate of 
HIV prevalence in districts in Uganda. BMC Public Health. 2020;20(1):1–14. 

 

a) Both sexes b) Males c) Females 

   
Figure 6: Difference plot comparing HPE and DHIS2 estimates 
Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Todd J, Levin J. Combining national survey with facility-based HIV testing data to obtain more accurate estimate of 
HIV prevalence in districts in Uganda. BMC Public Health. 2020;20(1):1–14. 
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4.2   HIV Prevalence for districts based on the Small Area Estimation techniques 

This objective was concerned with applying SAE techniques to obtain district level HIV 

prevalence estimates. FH and BHF SAE models were applied to obtain the estimates. 

The efficiency of the SAE methods in view of the available auxiliary data was also 

assessed. Auxiliary variables included as predictors was selected via regression 

modelling. The results of the regression modelling and variable selection were presented 

published papers attached in appendices V and VI as shown in objective 2. A manuscript 

addressing this objective was submitted to Plos One and is now published. 

4.2.1 HIV prevalence estimates  

Table 4 presents a summary of the prevalence estimates obtained using FH, BHF models 

and the direct survey approaches. It shows that although the estimates were similar 

across the methods, the direct survey estimate (0.065) had a larger standard error of 

0.055 compared to the HF (0.054 (se=0.020)) and the BHF estimates (0.058 (se=0.026)). 

Results based on the SFH model were very similar to those from the FH model although 

the standard error of the SFH model was larger than the standard error of the FH model 

by smaller compared to both standard errors from the BHF and the direct survey model 

estimate (Table 4). Detailed SFH model results are presented in appendix IV. 

Table 4: Summary of HIV Prevalence estimates-pooled results 

 
Mean (sd) Minimum Maximum 

First    
Quartile (Q1) 

Second 
Quartile (Q2) 

Third 
Quartile (Q3) 

Direct survey  0.065 (0.055) 0.006 0.464 0.037 0.054 0.083 

FH model 0.054 (0.020) 0.007 0.096 0.039 0.055 0.068 

BHF model 0.058 (0.026) 0.004 0.142 0.042 0.054 0.074 

SFH (Spatial model)     0.054 (0.021) 0.006 0.096 0.039 0.055 0.068 

Notes: After omitting the Kalangala district (with outlier HIV prevalence) from the analysis, there was no 
impact on the model-based estimates. The direct survey estimates changed as follows: Mean (SD) =0.061 
(0.036), maximum=0.189 and third quartile=0.082 (other summary results did not change). 
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Detailed HIV prevalence estimates for all districts are presented in Table 5. Districts with 

highest and lowest HIV prevalence estimates by region were: Central I: Masaka & 

Kalangala and Ssembabule; Central II: Luwero and Kyankwanzi; East Central: Busia and 

Namutumba, Eastern: Katakwi and Butaleja; Karamoja: Abim and Nakapiripirit; Northern: 

Gulu and Amuru; South Western: Sheema and Kisoro; Western: Kabarole and 

Bundibugyo and in West Nile: Nebbi and Maracha respectively. Findings were consistent 

across all methods except for districts where estimates could not be computed due to 

unavailability of LQAS and population survey data. 

Table 5: District HIV prevalence estimates 

Region/ 

District 

 
Direct estimates 

( 95% CI) 

FH model estimates 

(95% CI) 

BHF model estimates 

(95% CI) 

Survey 

Sample 
Estimate LCL UCL 

Estim

ate 
LCL UCL 

Estimat

e 
LCL UCL 

Central 1           

Bukomansimbi 116 0.094 0.041 0.147 0.091 0.064 0.119 NA NA NA 

Butambala 45 0.062 0.000 1.000 0.083 0.054 0.113 NA NA NA 

Gomba 46 0.104 0.000 1.000 0.060 0.032 0.089 0.072 0.031 0.112 

Kalangala 50 0.464 0.000 1.000 0.096 0.065 0.127 NA NA NA 

Kalungu 86 0.129 0.057 0.200 0.084 0.056 0.112 NA NA NA 

Lwengo 131 0.106 0.052 0.161 0.077 0.050 0.104 0.092 0.068 0.116 

Lyantonde 57 0.089 0.000 1.000 0.075 0.045 0.104 NA NA NA 

Masaka 176 0.143 0.092 0.194 0.096 0.070 0.122 0.123 0.101 0.146 

Mpigi 139 0.127 0.073 0.182 0.083 0.057 0.109 0.102 0.075 0.128 

Rakai 307 0.081 0.050 0.111 0.082 0.059 0.104 NA NA NA 

Ssembabule 135 0.039 0.008 0.070 0.054 0.031 0.076 0.041 0.016 0.066 

Wakiso 1384 0.053 0.041 0.064 0.056 0.044 0.067 NA NA NA 

Central 2           

Buikwe 235 0.081 0.047 0.115 0.069 0.044 0.093 NA NA NA 

Buvuma 59 0.137 0.000 1.000 0.066 0.037 0.095 NA NA NA 

Kayunga 233 0.094 0.057 0.132 0.064 0.041 0.088 0.084 0.065 0.102 

Kiboga 147 0.066 0.028 0.104 0.073 0.048 0.098 NA NA NA 

Kyankwanzi 149 0.068 0.029 0.108 0.063 0.038 0.088 NA NA NA 

Luwero 199 0.091 0.052 0.131 0.075 0.049 0.100 0.082 0.059 0.106 
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Mityana 233 0.049 0.023 0.076 0.065 0.042 0.087 0.052 0.034 0.071 

Mubende 346 0.075 0.047 0.102 0.069 0.048 0.090 0.074 0.058 0.089 

Mukono 457 0.062 0.041 0.084 0.066 0.046 0.085 NA NA NA 

Nakaseke 128 0.108 0.056 0.161 0.070 0.044 0.097 NA NA NA 

Nakasongola 53 0.050 0.000 0.902 0.076 0.047 0.105 0.049 0.011 0.087 

East Central           

Bugiri 292 0.021 0.004 0.037 0.028 0.011 0.044 0.026 0.010 0.042 

Busia 324 0.090 0.060 0.120 0.069 0.047 0.091 0.087 0.069 0.104 

Buyende 308 0.013 0.002 0.025 0.016 0.005 0.026 NA NA NA 

Iganga 343 0.028 0.012 0.045 0.034 0.017 0.052 0.033 0.021 0.046 

Jinja 494 0.043 0.026 0.059 0.050 0.033 0.066 NA NA NA 

Kaliro 169 0.041 0.012 0.069 0.034 0.013 0.055 0.051 0.028 0.073 

Kamuli 366 0.036 0.018 0.055 0.039 0.022 0.056 0.044 0.030 0.059 

Luuka 126 0.057 0.014 0.100 0.048 0.024 0.072 NA NA NA 

Mayuge 495 0.057 0.036 0.079 0.053 0.036 0.071 0.061 0.051 0.070 

Namayingo 202 0.189 0.136 0.242 0.067 0.041 0.094 NA NA NA 

Namutumba 184 0.018 0.000 0.036 0.026 0.008 0.044 0.027 0.006 0.048 

Eastern           

Amuria 333 0.047 0.025 0.070 0.051 0.031 0.071 0.053 0.037 0.069 

Budaka 146 0.050 0.016 0.084 0.039 0.016 0.063 0.047 0.024 0.071 

Bududa 179 0.049 0.017 0.080 0.039 0.017 0.062 0.044 0.020 0.067 

Bukedea 253 0.062 0.034 0.090 0.039 0.016 0.062 NA NA NA 

Bukwo 110 0.044 0.006 0.083 0.037 0.012 0.061 0.048 0.023 0.073 

Bulambuli 177 0.082 0.042 0.123 0.054 0.029 0.078 0.068 0.045 0.091 

Butaleja 227 0.017 0.000 0.033 0.016 0.000 0.032 0.020 0.000 0.042 

Kaberamaido 279 0.031 0.012 0.050 0.036 0.021 0.052 NA NA NA 

Kapchorwa 100 0.019 0.000 0.558 0.049 0.020 0.078 0.016 0.000 0.048 

Katakwi 222 0.092 0.055 0.128 0.066 0.042 0.089 0.095 0.073 0.117 

Kibuku 179 0.033 0.009 0.057 0.032 0.012 0.051 0.037 0.014 0.060 

Kumi 336 0.052 0.030 0.075 0.042 0.021 0.063 0.058 0.043 0.074 

Kween 130 0.043 0.009 0.076 0.063 0.038 0.088 0.049 0.025 0.074 

Manafwa 448 0.024 0.010 0.038 0.030 0.015 0.044 0.027 0.015 0.038 

Mbale 874 0.053 0.039 0.068 0.053 0.040 0.067 0.052 0.044 0.060 

Ngora 215 0.016 0.000 0.032 0.018 0.004 0.031 NA NA NA 

Pallisa 337 0.037 0.017 0.057 0.033 0.015 0.051 0.036 0.020 0.052 

Serere 418 0.023 0.008 0.037 0.027 0.010 0.043 NA NA NA 

Sironko 298 0.054 0.028 0.080 0.051 0.029 0.072 0.046 0.030 0.063 

Soroti 441 0.037 0.021 0.054 0.042 0.026 0.057 NA NA NA 
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Tororo 685 0.072 0.053 0.091 0.064 0.047 0.082 0.077 0.069 0.086 

           

Kampala 2289 0.069 0.058 0.079 0.069 0.060 0.079 NA NA NA 

           

Karamoja           

Abim 102 0.069 0.022 0.115 0.056 0.030 0.081 NA NA NA 

Amudat 73 0.055 0.000 0.115 0.053 0.026 0.081 NA NA NA 

Kaabong 231 0.037 0.013 0.061 0.045 0.025 0.064 NA NA NA 

Kotido 193 0.010 0.000 0.403 0.048 0.019 0.076 0.004 0.000 0.025 

Moroto 108 0.017 0.000 0.040 0.019 0.001 0.038 0.020 0.000 0.047 

Nakapiripirit 171 0.006 0.000 0.017 0.007 0.000 0.018 NA NA NA 

Napak 136 0.007 0.000 0.020 0.008 0.000 0.020 NA NA NA 

Northern           

Agago 191 0.070 0.036 0.105 0.067 0.044 0.090 0.067 0.044 0.090 

Alebtong 133 0.092 0.044 0.140 0.058 0.031 0.084 0.078 0.053 0.103 

Amolatar 150 0.038 0.008 0.067 0.049 0.030 0.069 0.035 0.011 0.058 

Amuru 68 0.037 0.000 0.079 0.044 0.020 0.068 0.037 0.003 0.071 

Apac 336 0.086 0.057 0.115 0.069 0.048 0.090 0.089 0.075 0.104 

Dokolo 150 0.078 0.037 0.119 0.062 0.037 0.088 0.073 0.049 0.096 

Gulu 191 0.118 0.073 0.163 0.080 0.054 0.106 0.093 0.069 0.118 

Kitgum 134 0.058 0.021 0.096 0.061 0.038 0.084 0.061 0.035 0.086 

Kole 184 0.058 0.026 0.091 0.054 0.031 0.077 0.059 0.036 0.082 

Lamwo 101 0.095 0.038 0.151 0.065 0.039 0.092 0.072 0.039 0.105 

Lira 226 0.039 0.015 0.063 0.053 0.032 0.074 0.044 0.024 0.064 

Nwoya 44 0.127 0.000 1.000 0.062 0.034 0.091 0.083 0.042 0.124 

Otuke 87 0.049 0.000 0.893 0.056 0.027 0.084 0.044 0.010 0.078 

Oyam 243 0.069 0.038 0.100 0.059 0.036 0.082 0.062 0.042 0.082 

Pader 97 0.080 0.026 0.134 0.077 0.050 0.104 0.060 0.033 0.087 

South Western         

Buhweju 60 0.031 0.000 0.713 0.053 0.024 0.081 0.017 0.000 0.054 

Bushenyi 128 0.056 0.018 0.094 0.067 0.043 0.092 0.055 0.026 0.084 

Ibanda 147 0.062 0.025 0.100 0.065 0.040 0.090 0.060 0.033 0.087 

Isingiro 166 0.047 0.015 0.079 0.052 0.030 0.075 0.045 0.019 0.071 

Kabale 258 0.089 0.054 0.124 0.067 0.043 0.090 0.069 0.051 0.087 

Kanungu 199 0.124 0.075 0.172 0.076 0.051 0.102 0.096 0.072 0.120 

Kiruhura 169 0.044 0.014 0.075 0.057 0.035 0.080 0.051 0.028 0.073 

Kisoro 149 0.036 0.008 0.065 0.029 0.009 0.050 0.033 0.007 0.059 

Mbarara 264 0.104 0.068 0.141 0.087 0.062 0.112 0.103 0.085 0.120 
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Mitooma 113 0.084 0.034 0.134 0.062 0.036 0.088 NA NA NA 

Ntungamo 225 0.080 0.044 0.115 0.067 0.044 0.091 0.061 0.038 0.084 

Rubirizi 57 0.145 0.000 1.000 0.079 0.049 0.108 0.099 0.060 0.139 

Rukungiri 181 0.074 0.037 0.112 0.074 0.049 0.099 0.068 0.045 0.091 

Sheema 180 0.092 0.051 0.133 0.082 0.056 0.107 0.053 0.000 0.112 

West Nile           

Adjumani 186 0.018 0.000 0.039 0.033 0.014 0.053 NA NA NA 

Arua 1410 0.035 0.025 0.044 0.034 0.024 0.044 0.042 0.037 0.047 

Koboko 390 0.023 0.009 0.038 0.027 0.011 0.042 NA NA NA 

Maracha 245 0.011 0.000 0.022 0.010 0.000 0.021 NA NA NA 

Moyo 200 0.025 0.005 0.045 0.037 0.020 0.053 NA NA NA 

Nebbi 587 0.043 0.027 0.059 0.043 0.028 0.058 0.047 0.038 0.057 

Yumbe 583 0.024 0.012 0.035 0.023 0.010 0.036 NA NA NA 

Zombo 384 0.045 0.025 0.065 0.040 0.021 0.058 NA NA NA 

Western           

Buliisa 50 0.014 0.000 0.483 0.049 0.020 0.078 NA NA NA 

Bundibugyo 112 0.009 0.000 0.026 0.016 0.001 0.031 NA NA NA 

Hoima 283 0.062 0.035 0.089 0.059 0.038 0.081 0.062 0.046 0.079 

Kabarole 270 0.148 0.107 0.190 0.089 0.063 0.114 0.142 0.126 0.158 

Kamwenge 163 0.022 0.001 0.044 0.035 0.017 0.052 0.027 0.005 0.050 

Kasese 419 0.019 0.007 0.032 0.023 0.010 0.037 0.023 0.010 0.036 

Kibaale 456 0.053 0.033 0.073 0.054 0.037 0.072 NA NA NA 

Kiryandongo 141 0.049 0.016 0.083 0.050 0.027 0.073 NA NA NA 

Kyegegwa 162 0.058 0.023 0.094 0.062 0.038 0.085 NA NA NA 

Kyenjojo 266 0.079 0.048 0.110 0.070 0.046 0.093 0.083 0.062 0.103 

Masindi 154 0.043 0.012 0.074 0.055 0.033 0.076 NA NA NA 

Ntoroko 28 0.133 0.000 1.000 0.078 0.048 0.107 NA NA NA 

NA- No LQAS survey data available for the district; LCL-Lower Confidence Limit; UCL Upper Confidence 

Limit 
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4.2.2 Model diagnostics 

To assess bias and reliability of the model based estimates compared to the direct survey 

estimates, linear regression analysis was conducted regressing model-based estimates 

against direct survey estimates as shown in Figure 7. Figure 7a presents the regression 

and the scatter plot of the FH model estimates compared to the direct survey estimate 

while Figure 7b presents the regression and scatter plot of BHF estimates compared to 

the directs survey estimates. It shows that the BHF model estimates were more strongly 

correlated with the direct survey estimates (𝛽1 = 0.73, 𝑟2=0.891) than the FH model 

estimates (𝛽1 = 0.27, 𝑟2=0.477).  

a) FH vs Direct survey b) BHF vs Direct survey 

  

Figure 7: Correlation of Model and Direct Survey estimates 
Notes: Regression and scatter plot of a) FH model-based estimates compared to direct survey estimates 
and b) BHF model-based estimates compared to direct survey estimates. 
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4.2.3 Precision and consistency of the HIV prevalence estimates 

Graphical techniques were used to assess the consistency of the model based estimates 

compared to the direct survey estimates (Figure 8). It shows that the model-based 

estimates were similar to the direct survey estimates but had smaller variation around the 

point estimate compared to the direct survey estimates.  

The direct survey point estimates were either higher or lower than model-based point 

estimates for small survey sample sizes Figure 8, demonstrating the strong shrinkage of 

the model-based estimates towards the point estimates. Model and survey based 

estimates were however similar for large district survey sample sizes (Figure 8).  

a). HIV prevalence (Direct vs FH model) b). HIV prevalence (Direct vs BHF model) 

  
  

Figure 8: HIV prevalence estimates (Comparing Direct and model based estimates) 
Notes: a) direct survey compared to area-level FH model-based estimates (in 111 districts). b) direct survey 
compared to unit-level BHF model-based estimates (70 districts) BHF model estimates were computed for 
only districts that had LQAS survey data. 
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Nwoya district with a survey sample size of 44 individuals had an HIV prevalence estimate 

of 0.13 (SE=0.68); 0.062 (0.014) and 0.083 (0.021) while Mbale district with a survey 

sample size of 874 individuals had estimates of 0.053 (0.007); 0.053 (0.007); and 0.052 

(0.004) for direct survey, FH and BHF models respectively (Table 5). 

Overall improvement in the precision of the estimates, were 37.5% and 33.1% for the BHF 

and FH model estimates respectively compared to the direct survey estimates.  

The coefficient of variation was used to assess variation of the estimates around the point 

estimates, a summary of the coefficients of variation are presented in Table 6. It shows 

that coefficient of variation of the direct survey estimates (Mean=136.3, SD=327.7) were 

generally larger than the coefficient of variation of the FH model estimates (Mean=23.8, 

SD=11.2) and the BHF model estimates (Mean=28.7, SD=37.9). 

Table 6: Summary of Coefficient of variation of HIV prevalence estimates 

 Mean (SD) Minimum Maximum 

First 

Quartile 

(Q1) 

Second 

Quartile 

(Q2) 

Third 

Quartile 

(Q3) 

Direct survey  136.3 (327.7) 7.5 1974.8 22.4 30.4 42.8 

FH model 23.8 (11.2) 7.1 80.2 17.5 20.2 26.9 

BHF model 28.7 (37.9) 5.6 311.9 13.3 20.1 28.7 

Notes: After omitting the outlier district (Kalangala) from the analysis, there was no impact on both the 

model-based and the direct survey estimates (Results not presented).  
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Graphical techniques were further used to assess the similarities in the coefficients of 

variation of the model based estimates compared to direct survey based estimates. The 

results are presented in Figure 9. It shows that direct survey estimates had higher 

coefficients of variation compared to the model-based estimates irrespective of the survey 

sample size in the districts (Figure 9). 

 Assuming that estimates are considered as reliable for decision making if the CV is less 

than 20% [111]. Only 21 (18%) of the districts would have reliable information for decision 

making based on direct survey estimates while 53 (47.3%) and 35 (50%) of the districts 

would have reliable information for decision making based on the FH and BHF models 

respectively. We also note that the BHF model could be fitted for only 70 districts that had 

conducted LQAS surveys in 2016. 

a). Direct vs area FH model b). Direct vs unit BHF model 

  
Figure 9: Coefficient of variation of direct survey and model-based estimates with the 
districts sorted in ascending order of the survey sample sizes 
Notes: a) direct survey compared to area-level FH model-based CVs (in 111 districts), b) direct 

survey compared to unit-level BHF model-based CV (70 districts). BHF model estimates were 

computed for only districts that had LQAS survey data. 
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4.2.4 Comparison of the model-based estimates (FH and BHF) 

Assessing consistency of the BHF model estimates compared to the FH model estimates, 

the findings is presented in Figure 10. It shows that the unit level model estimates of HIV 

prevalence in districts had a larger variation around the point estimate compared to the 

area-level model estimates (Figure 10a). This is further demonstrated by the comparison 

of the coefficient variation presented in Figure 10b.  

The coefficient of variation of the BHF model estimates were consistently larger for 

districts with small survey sample sizes and consistently smaller for districts with larger 

survey sample sizes implying that the BHF model estimates appears to converge more  

rapidly with increase in survey sample size to the point estimate than the FH model 

estimates.   

a). HIV prevalence (FH vs BHF model) b). Coefficient of variation 

  
Figure 10: Area-level and unit-level model-based estimates of district HIV prevalence 
Notes: HIV prevalence estimates (on the left (a)) and the coefficient of variation (on the right (b)) area and 

unit-level model-based estimates with the districts sorted in ascending order of the survey sample sizes. 
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4.3  Factors associated with inter and intra-district variation in adult HIV 

prevalence in Uganda  

This objective assessed the factors associated with HIV positivity. Factors associated with 

HIV positivity by venue of testing were also explored. Results of this objective have been 

published [34].   

4.3.1 Socio-demographic characteristics of study participants 

Overall, there was no difference in the composition of the individuals who had tested in a 

facility compared to those who had tested in a community setting except by gender (Table 

7). Facility testers comprised more females (70.9%), while community testers had more 

males (54.7%). 
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Table 7: Socio-demographic characteristics of study participants 

 Overall 
Tested in Health 

Facility 
Tested in 

Community 
Characteristic n=11,685 (%) n=8,978 (%) n=2,707 (%) 

Gender       

Male 4,038 (34.9) 2,582 (29.1) 1,456 (54.7) 

Female 7,647 (65.1) 6,396 (70.9) 1,251 (45.3) 

Age       

15-19 1,498 (12.8) 953 (10.8) 545 (19.5) 

20-29 4,789 (41.3) 3,894 (43.5) 895 (33.9) 

30-39 3,422 (29.3) 2,716 (30.3) 706 (26.1) 

40-49 1,976 (16.6) 1,415 (15.4) 561 (20.5) 

Education Level       

No Education 1,216 (9.9) 1,007 (10.6) 209 (7.7) 

Primary 6,406 (55.1) 5,003 (55.9) 1,403 (52.2) 

Secondary+ 4,063 (35.0) 2,968 (33.5) 1,095 (40.1) 

Marital status       

Never married 2,159 (18.6) 1,301 (14.8) 858 (31.3) 

Married/Cohabiting 8,169 (70.3) 6,609 (73.7) 1,560 (59.0) 

Previously married 1,357 (11.1) 1,068 (11.5) 289 (9.8) 

Number of sexual partners in 12 months preceding survey    

0 1,957 (16.2) 1,252 (13.7) 705 (24.5) 

1 8,649 (74.1) 6,980 (77.4) 1,669 (62.8) 

2+ 1,079 (9.7) 746 (8.9) 333 (12.8) 

Currently working       

No 2,894 (24.2) 2,219 (24.3) 675 (23.8) 

Yes 8,791 (75.8) 6,759 (75.7) 2,032 (76.2) 

Distance to nearest HF       

<2 2,441 (21.7) 1,920 (22.2) 521 (20.0) 

2-5 4,823 (40.7) 3,696 (40.6) 1,127 (40.8) 

5+ 4,009 (33.7) 3,040 (33.3) 969 (35.2) 

Don’t Know 412 (3.9) 322 (3.9) 90 (3.9) 

Area of residence       

Rural 8,870 (75.8) 6,845 (76.0) 2,025 (75.4) 

Urban 2,815 (24.1) 2,133 (24.0) 682 (24.6) 

Region       

Central 1 1,151 (12.2) 889 (12.3) 262 (12.2) 

Central 2 1,177 (10.6) 861 (10.0) 316 (12.8) 

Kampala 1,464 (9.0) 1,068 (8.4) 396 (11.0) 

East Central 1,013 (8.8) 722 (8.2) 291 (10.5) 

Mid-Eastern 901 (7.6) 732 (8.0) 169 (6.3) 

North East 1,134 (9.2) 875 (9.0) 259 (10.0) 

West Nile 1,220 (6.4) 896 (6.0) 324 (7.6) 

Mid Northern 1,394 (12.5) 1,107 (12.9) 287 (11.3) 

South Western 1,024 (11.3) 853 (12.2) 171 (8.0) 

Mid-Western 1,207 (12.4) 975 (12.9) 232 (10.5) 

Note: Percentages are weighted by population survey weights 

Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Levin J. Difference in HIV prevalence by testing venue : 
results from population level survey in Uganda. AIDS Care [Internet]. 2020;0(0):1–12. Available from: 
https://doi.org/10.1080/09540121.2020.1734179 
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4.3.2 Factors associated with HIV positivity by venue of testing 

Overall (both testing venues combined), HIV positivity was significantly higher among 

females compared to males, among older age groups compared to those aged 20-29 

years, among individuals previously married compared to those who were married at the 

time of the survey, those with 2 or more sexual partners compared to those with one 

sexual partner (Table 8). HIV positivity was significantly lower among individuals aged 15-

19 years compared to those aged 20-19 years, those with no education or those with 

secondary level of education compared to those with primary level of education, those 

who had never married compared to those who were married at the time of the survey 

and among those living in rural areas compared to those resident in urban areas. 

Among those tested in a facility setting, HIV positivity was significantly higher among older 

age groups compared to those aged 20-29 years, previously married compared to 

currently married and among those who reported no sexual partner compared to those 

who reported one sexual partner at the time of the survey. HIV positivity was significantly 

lower if individuals were female compared to males, aged 15-19 years compared to those 

aged 20-29 years and among those living in rural areas compared to those resident in 

urban areas. 

For those tested in a community setting, HIV positivity was significantly higher among 

females compared to males, among older age groups (30+ years) compared to those 

aged 20-29 years, among previously married compared to currently married and among 

those with 2 or more sexual partners compared to those with one sexual partner. HIV 

positivity was significantly lower among those aged 15-19 years compared to 20-29 years. 
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Table 8: Factors associated with HIV prevalence by venue of testing 

 Overall Tested in Health 
facility 

Tested in 
Community 

Characteristic cOR (95% CI) aOR (95% CI) aOR (95% CI) aOR (95% CI) 

Gender (Reference group: Male)       

Female 1.25 (1.09, 1.44)* 1.21 (1.03, 1.43)* 0.78 (0.62, 0.97)* 1.62 (1.21, 2.15)* 

Age (Reference group: 20-29)        

15-19 0.48 (0.35, 0.66)* 0.53 (0.38, 0.75)* 0.67 (0.45, 
0.99)** 

0.34 (0.17, 0.70)* 

30-39 1.86 (1.58, 2.18)* 1.70 (1.43, 2.03)* 1.96 (1.60, 2.42)* 1.24 (0.89, 1.74) 

40-49 2.28 (1.90, 2.72)* 1.89 (1.55, 2.31)* 2.92 (2.28, 3.73)* 1.17 (0.80, 1.69) 

Education Level ((Reference group: Primary)       

No Education 1.09 (0.86, 1.38) 0.86 (0.68, 1.10) 0.91 (0.69, 1.19) 0.70 (0.41, 1.19) 

Secondary 0.61 (0.52, 0.72)* 0.72 (0.60, 0.86)* 0.64 (0.52, 0.80)* 0.85 (0.61, 1.18) 

Marital status (Reference Group: Married/Living together      

Never married 0.49 (0.39, 0.63)* 0.80 (0.58, 1.1) 0.93 (0.64, 1.37) 0.74 (0.43, 1.27) 

Previously married 3.33 (2.81, 3.96)* 2.76 (2.27, 3.35)* 3.25 (2.66, 4.12)* 2.05 (1.44, 2.92)* 

Number of sexual partners in 12 months preceding survey (Reference Group: 1)   

0 1.52 (1.27, 1.81)* 1.32 (1.07, 1.63)* 1.55 (1.20, 2.00)* 1.01 (0.67, 1.53) 

2+ 1.39 (1.11, 1.74)* 1.43 (1.12, 1.82)* 1.07 (0.77, 1.50) 1.95 (1.37, 2.76)* 

Currently working (Reference Group: Not 
employed) 

      

Employed 1.34 (1.13, 1.61)* 1.02 (0.84, 1.24) 1.03 (0.83, 1.28) 0.99 (0.65, 1.50) 

Distance to nearest HF (Reference Group: 
<2Km) 

      

2-5 0.80 (0.66, 0.98)**       

5+ 1.02 (0.83, 1.25)       

Don’t Know 0.79 (0.53, 1.19)       

Area of residence (Reference Group: Urban)       

Rural 0.84 (0.69, 1.03) 0.62 (0.47, 0.82)* 0.59 (0.43, 0.80)* 0.75 (0.46, 1.23) 

Region (Reference Group: Central 1)       

Central 2 0.75 (0.56, 1.02) 0.74 (0.53, 1.02) 0.75 (0.51, 1.10) 0.71 (0.41, 1.21) 

Kampala 0.60 (0.43, 0.84)* 0.49 (0.32, 0.75)* 0.53 (0.33, 0.86)* 0.47 (0.23, 0.93)* 

East Central 0.45 (0.31, 0.66)* 0.46 (0.31, 0.66)* 0.58 (0.37, 0.90)* 0.30 (0.15, 0.60)* 

Mid-Eastern 0.40 (0.25, 0.64)* 0.44 (0.27, 0.71)* 0.37 (0.23, 0.62)* 0.53 (0.24, 1.14) 

North East 0.54 (0.38, 0.77)* 0.58 (0.40, 0.82)* 0.56 (0.37, 0.84)* 0.53 (0.30, 0.95)* 

West Nile 0.38 (0.26, 0.56)* 0.36 (0.23, 0.56)* 0.38 (0.22, 0.64)* 0.33 (0.18, 0.63)* 

Mid Northern 0.72 (0.52, 1.01) 0.80 (0.56, 1.13) 0.78 (0.53, 1.16) 0.59 (0.33, 1.11) 

South western 0.82 (0.60, 1.14) 0.87 (0.62, 1.22) 0.93 (0.62, 1.38) 0.65 (0.38, 1.14) 

Mid-western 0.73 (0.53, 102) 0.78 (0.55, 1.11) 0.82 (0.54, 1.24) 0.69 (0.40, 1.17) 

*p-value<0.01, **P-value<0.05, cOR- unadjusted Odds Ratio, aOR-Adjusted Odds Ratio 

Source: Ouma J, Jeffery C, Valadez JJ, Wanyenze RK, Levin J. Difference in HIV prevalence by testing venue : 
results from population level survey in Uganda. AIDS Care [Internet]. 2020;0(0):1–12. Available from: 
https://doi.org/10.1080/09540121.2020.1734179 
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4.4  Change in adult HIV prevalence between 2011 and 2016 

This objective was concerned with evaluating change in adult HIV prevalence between 

2011 and 2016 and the contribution of the characteristics and coefficient of the 

characteristics to change in HIV prevalence between the surveys. Results of this objective 

are presented in a manuscript still in draft, yet to be submitted for publication.  

4.4.1 Socio-demographic characteristics 

Table 9 presents the socio-demographic characteristics of the survey participants in the 

two surveys. It shows that 10.2% of the survey participants had no formal education and 

6.1% had tertiary level of education in 2011 while in 2016, only 6.0% had no formal 

education and 11.4% had tertiary level of education. Similarly, 25% and 10.0% had zero 

and two or more sexual partners respectively in 2011 while in 2016, 12.6% had zero and 

16.2% had two or more sexual partners. The proportion of respondents resident in urban 

areas, those with one and those with two or more sexual partners increased in the 2016 

survey compared to 2011 (Table 9). 
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Table 9: Background characteristics (weighted) of study participants 

Characteristic Survey period 

Age (Years) % 2011 (n=19,475) % 2016 (n=25,420) 

15-19 22.8 25.9 

20-24 17.9 21.0 

25-29 16.6 16.3 

30-34 13.2 12.8 

35-39 12.5 9.9 

40-49 17.0 14.0 

Gender   

Male 44.4 47.5 

Female 55.6 52.5 

Education level   

None 10.2 6.0 

Primary 58.2 55.4 

Secondary 25.5 27.2 

Tertiary+ 6.1 11.4 

Marital Status   

Never Married 29.6 35.7 

Married 60.7 52.4 

Widowed 2.3 1.7 

Divorced/Separated 7.4 10.3 

Number of sexual partners   

0 25.6 12.6 

1 64.4 71.2 

2+ 10.0 16.2 

Residence   

Rural 79.5 70.3 

Urban 20.5 29.7 

Region   

Central 1 11.2 14.0 

Central 2 10.3 12.0 

Kampala 7.8 6.6 

East Central 10.4 9.8 

Eastern 10.5 9.5 

North East 8.1 7.4 

West Nile 6.3 7.2 

North Central 10.3 9.9 

South West 12.0 11.0 

Western 13.2 12.6 
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4.4.2 Trends in HIV prevalence between the two time points 

Table 10 presents the trends in HIV prevalence by selected socio-demographic 

characteristics. It shows that HIV prevalence dropped by 1.3 percentage points between 

2011 and 2016. A greater reduction in HIV prevalence was observed among Males (1.8); 

individuals aged 20-24 years (2.0); individuals with primary level of education (1.4); 

individuals with two or more sexual partners in the 12 months preceding the survey (2.7); 

and individuals who were divorced/separated (3.5).  

Other population sub groups with higher than average reduction in HIV prevalence 

between the two surveys were those resident in rural areas (1.6); age groups 30-34 years 

and regions (Central 1(3.0), Central 2 (1.6), North East (1.9), West Nile (2.0), and Western 

(2.8)). The lowest reduction in HIV prevalence between the two time points was observed 

among individuals aged 35-39 years (0.4) and those who were married (0.8). An increase 

in HIV prevalence between the 2011 and 2016 was observed among individuals with no 

formal education (0.3), individuals with no sexual partners in the 12 months preceding the 

survey (0.3) and among individuals aged 40-49 years (1.6).  
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Table 10: Trends in Weighted HIV prevalence between 2011 and 2016 

Characteristic HIV prevalence (weighted) Percentage point 
difference in HIV 

prevalence 
 UAIS, 2011   UPHIA, 2016 

Over all  7.3 6.0 -1.3 

Age (Years)    

15-19 2.4 1.2 -1.2 

20-24 5.3 3.3 -2.0 

25-29 7.4 6.3 -1.1 

30-34 10.2 8.6 -1.6 

35-39 11.6 11.2 -0.4 

40-49 10.7 12.3 1.6 

Gender    

Male 6.1 4.3 -1.8 

Female 8.3 7.5 -0.8 

Education level    

None 9.2 9.5 0.3 

Primary 8.0 6.6 -1.4 

Secondary 5.8 4.8 -1.0 

Tertiary+ 4.4 3.6 -0.8 

Marital Status    

Never Married 2.8 1.6 -1.2 

Married 7.4 6.6 -0.8 

Widowed 32.6 31.9 -0.7 

Divorced/Separated 16.9 13.4 -3.5 

# of sexual partners    

0 6.3 6.6 0.3 

1 7.5 6.6 -0.9 

2+ 9.2 6.5 -2.7 

Residence    

Rural 7.0 5.4 -1.6 

Urban 8.7 7.2 -1.5 

Region    

Central 1 10.6 7.6 -3.0 

Central 2 9.0 7.4 -1.6 

Kampala 7.1 6.6 -0.5 

East Central 5.7 4.4 -1.3 

Eastern 4.1 4.8 0.7 

North East 5.3 3.4 -1.9 

West Nile 4.8 2.8 -2.0 

North Central 8.3 7.0 -1.3 

South West 8.0 7.7 -0.3 

Western 8.3 5.5 -2.8 
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4.4.3 Factors associated with HIV positivity  

Pooled multivariable logistic regression was applied to assess the factors associated with 

HIV positivity across the surveys and the results are presented in Table 11. It shows that 

there was a significant reduction in HIV prevalence between 2011 and 2016 surveys 

(aOR=. 0.84, 95% CI: 0.76, 0.92). That is, after adjusting for other factors included in the 

model, the odds of being HIV-positive were 16% lower in 2016 compared to 2011. 

The odds of HIV positivity among the age group 15-19 years was significantly lower 

compared to the age group 20-24 years while age groups 25+ had significantly higher 

odds of testing HIV positive compared to the age group 20-24 years (Table 11).  

Other characteristics with higher odds of testing HIV positive were females compared to 

males (aOR=1.37, 95% CI: 1.20, 1.55), divorced/separated aOR=2.27, 95% CI: 1.99, 

2.59) and widowed aOR=4.62, 95% CI: 3.84, 5.56) compared to those who were married 

at the time of the survey. Those who had two or more sexual partners compared to those 

who had one (aOR=1.29, 95% CI: 1.14, 1.46) and those who were resident in urban areas 

compared to those resident in rural (aOR=1.58, 95% CI: 1.28, 1.94). 

Significantly lower odds of testing HIV positive was among individuals with secondary or 

higher level of education compared to those with primary level of education and among 

those never married compared to those who were married at the time of the survey (Table 

11). 
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Table 11: Logistic regression analysis of factors associated with HIV positivity  

Characteristic HIV prevalence (weighted)  

 aOR (95%CI) 

Survey year   

2011 1.00  

2016 0.84  (0.76, 0.92)*** 

Age (Years)   

15-19 0.54 (0.44, 0.68)*** 

20-24 1.00  

25-29 1.54 (1.30, 1.83)*** 

30-34 2.06 (1.72, 2.46)*** 

35-39 2.41 (2.01, 2.88)*** 

40-49 2.34 (1.98, 2.75)*** 

Gender   

Male 1.00  

Female 1.37 (1.20, 1.55)*** 

Education level   

None 0.85 (0.72, 0.99) 

Primary 1.00  

Secondary 0.85 (0.74, 0.99)* 

Tertiary+ 0.51 (0.41, 0.62)*** 

Marital Status   

Never Married 0.82 (0.69, 0.97)* 

Married 1.00  

Widowed 4.62 (3.84, 5.56)*** 

Divorced/Separated 2.27 (1.99, 2.59)*** 

Number of sexual partners   

0 0.96 (0.85, 1.08) 

1 1.00  

2+ 1.29 (1.14, 1.46)*** 

Residence   

Rural 1.00  

Urban 1.58 (1.28, 1.94)*** 

Region   

Central 1 1.00  

Central 2 0.89 (0.66, 1.22) 

Kampala 0.68 (0.46, 1.00) 

East Central 0.56 (0.36, 0.86)** 

Eastern 0.53 (0.37, 0.75)*** 

North East 0.54 (0.37, 0.79)** 

West Nile 0.39 (0.28, 0.55)*** 

North Central 0.92 (0.67, 1.26) 

South West 0.90 (0.64, 1.28) 

Western 0.79 (0.48, 1.28) 

* = significant at 0.05; ** = significant at 0.01; *** = Significant at <0.001 
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4.4.4 Components of Change in HIV Prevalence between 2011 and 2016 

Table 12 presents results from the multivariable decomposition logistic regression 

analysis. Results show that, although change in the population characteristics led to a 

(54%) decline in the likelihood of testing HIV positive between 2011 and 2016, this was 

offset by the change in the effects (coefficients) of the characteristics.  

The change in effects/coefficients contributed to 154% change in the likelihood of testing 

HIV positive between the survey points. A larger percentage of the positive change in the 

effects/coefficients attributable to the constant term in the model (421%) – which is an 

unexplained portion of the differentials in HIV prevalence between the two time points. 

The unexplainable portion of the differential include the possible effect of the 

unobservable variables not included in the model. This implies that a large portion of the 

change in HIV prevalence is explained by variables not included in the model. Ignoring 

the constant would results in 321.4% contribution to the decline in HIV prevalence 

between the two time points.   

It can be noted that although the changes in the effects/coefficients contributed to a larger 

reduction in HIV prevalence, the contribution of most of the variables was not statistically 

significant (Table 12). 

The 0.8% point reduction in HIV prevalence among females contributed to 67% of the 

overall reduction in HIV prevalence between the two time points. Over 60% of the 

reduction was due to the coefficient effects while only 7% was due to differences in the 

characteristics of women in 2016/17 compared to 2011/12 (Table 12).  
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Table 12: Decomposition changes in HIV prevalence for the period 2011 to 2016 

Characteristic 
Due to differences in 
Characteristics (E) 

Due to differences in 
Coefficients (C) 

Total amount 
attributable 

 Coefficient Percent Coefficient Percent  

Age (Years)      

15-19 0.00216*** -34.296 -0.000792 12.572 -21.724 

20-24 0.00  0.00   

25-29 0.000459*** -7.2861 0.0011549 -18.315 -25.601 

30-34 0.000655*** -10.393 0.0010974 -17.402 -27.795 

35-39 -0.000379*** 6.0247 0.0018557* -29.428 -23.403 

40-49 0.000145*** -2.3027 0.0037359** -59.245 -61.548 

Gender      

Male 0.00  0.00   

Female 0.000453*** -7.1859 0.0038112 -60.438 -67.624 

Education level      

None 0.000124 -1.9685 0.00038862 -6.1628 -8.131 

Primary 0.00  0.00   

Secondary 0.0000563 -0.89271 0.0011594 -18.386 -19.279 

Tertiary+ -0.0014889*** 23.611 0.00022552 -3.5763 20.035 

Marital Status      

Never Married 0.000403 -6.3837 0.0014417 -22.862 -29.246 

Married 0.00  0.00   

Widowed -0.000132*** 2.1033 -0.0000793 1.2586 3.362 

Divorced/Separated 0.001613*** -25.592 -0.00013664 2.1669 -23.425 

# of sexual partners      

0 0.000532 -8.4421 -0.0012578 19.947 11.505 

1 0.00  0.00   

2+ 0.000465* -7.3845 -.00058452 9.2694 1.885 

Residence      

Rural 0.00  0.00   

Urban 0.001482*** -23.507 -.0010425 16.532 -6.975 

Region      

Central 1 0.00  0.00   

Central 2 -1.1422e-06 0.01811 0.0008337 -13.222 -13.204 

Kampala 0.0003067* -4.8554 0.0012513 -19.844 -24.699 

East Central 0.0000431 -0.6836 0.0008742 -13.864 -14.548 

Eastern -0.0009428*** 14.952 0.0016567 -26.271 -11.319 

North East -0.0011876*** 18.834 -0.0002359 3.7419 22.576 

West Nile -0.0015796*** 25.049 0.0000610 -.96834 24.081 

North Central -0.0000336 0.53415 0.000918 -14.558 -14.024 

South West 0.0000111 -.1762 0.00069642 -11.044 -11.220 

Western 0.0002785* -4.4175 -0.00021104 3.3467 -1.071 

Subtotal 0.0034456*** -54.64 -0.009751*** -266.751 -321.392 

Constant   -0.026573 421.39  

Total  -54.64 -0.009751*** 154.64 100.000 
* = significant at 0.05; ** = significant at 0.01; *** = significant at <0.001 
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5.0  CHAPTER FIVE: DISCUSSION  

5.1  Introduction  

HIV/AIDS indicator Information is needed for critical decision making including resource 

allocation and to evaluate the impact of interventions implemented to avert or minimise 

further spread of the HIV virus. The granularity of available information and its precision 

however, determine the level of details available for policy makers and program managers 

to make decisions as well as the confidence with which they make the decisions. The 

more granular and precise the information is, the greater the level of detail that is available. 

This study aimed at generating more precise HIV prevalence estimates at district level in 

Uganda for HIV/AIDS disease monitoring using advanced statistical techniques. 

The HPE and SAE methods were applied to obtain the HIV prevalence estimates for 

districts. The methods were applied to population survey data (2011 and 2016); routine 

health facility data; LQAS data and; census data to obtain the estimates. To apply the 

HPE methodology, health facility data was adjusted based using the population survey 

design for its selection bias. Health facility data comprise individuals who access health 

facilities, facilities that report to the national DHIS2 and those in urban and easily 

accessible location and therefore may not represent the general population. A 

multivariable logistic regression model was applied to population survey data to establish 

the factors associated with HIV positivity while the Blinder-Oaxaca decomposition method 

was used to display the contribution of survey participants’ characteristics and the 

coefficients of the characteristics to the change in HIV prevalence between 2011 and 

2016.  

A discussion of the findings of this study, implications for existing related literature and 

future research are presented under the following subheadings: i) Comparability of routine 
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health facility HIV testing and population survey data; ii) District HIV prevalence estimates 

based on: (a) HPE, (b) SAE methodologies and; iii) Contributing factors to change in HIV 

prevalence between 2011 and 2016. 

5.2  Comparability of Routine Health Facility and Population Survey data 

Population surveys and health facility HIV testing data are often used complimentarily to 

monitor the HIV/AIDS epidemic. Due to their inherent limitations, adjustment methods are 

applied to combine the data sets to obtain HIV/AIDS indicator estimates including HIV 

prevalence. Combining the datasets however, requires understanding the differences or 

comparability of the data sources.  

This study computed HIV prevalence ratio among individuals tested in a health facility 

compared to those tested in a community setting. Findings show that HIV prevalence 

among health facility testers was 1.8 times higher compared to those tested in a 

community setting. Prevalence ratio was more than 2-fold higher among males; 

individuals aged 15-19 and 40-49 years; never married; and those who reported no sexual 

partners in the 12 months preceding the survey. Other population subgroups who had 

more than two fold HIV prevalence ratio were 30-39 years, previously married, no 

education and urban residence. In terms of socio-demographic characteristics, none of 

the population subgroups tested in a health facility had lower HIV prevalence compared 

to those tested in a community setting.  

These findings are consistent with findings from many studies in Sub-Saharan Africa that 

have found higher HIV prevalence among individuals tested in health facilities compared 

to those tested in community setting [112–116]. Earlier studies attributed higher HIV 

prevalence among health facility testers to: ill health [112,115–117]; recent risky sexual 



80 
 

behaviour [117] among individuals seeking health care; and fear of health workers not 

respecting privacy and confidentiality of personal information [118,119]. For example, the 

higher prevalence among males tested in health facilities compared to females may be 

attributed to the higher proportion of the women tested in a health facility being those 

seeking antenatal services, who we would not expect to differ from the community testers 

in terms of HIV prevalence. While many males would be at the health facility for reasons 

of ill-health, some of which would be HIV-related. 

The differences in HIV prevalence estimates among individuals tested in a health facility 

compared to those tested in a community setting therefore implies that to combine the 

datasets, the methodology applied needs to take into account these differences. Zaba et 

al proposed use of relative HIV prevalence ratios based on fertile and infertile women to 

adjust HIV prevalence estimates for women from general population surveys [41].   Other 

methods proposed in literature include adjusting for the differences in age specific fertility 

by HIV sero-status [57] and adjusting for differences in HIV prevalence by fertility risk 

category and parity [57]. Use of age specific fertility however led to underestimation of HIV 

prevalence among women in the general population in an earlier study [57]. This was 

attributed to the fact that sentinel sites for ANC data excluded health facilities offering only 

family planning services. To overcome these limitations, inclusion of facilities offering 

family planning services as part of the sentinel surveillance sites is recommended [57].  

Other approaches used to obtain HIV prevalence, such as the SPECTRUM software 

package, are continuously updated incorporating emerging information on HIV/AIDs 

dynamics from participating countries [18,66]. Recent updates include use of PMTCT data 

to adjust for indicator estimates and matching it with previous estimates that only used 

ANC data to adjust the HIV/AIDS indicator estimates [120]. The software provides age 
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and gender adjusted estimates [17,18]. The major limitation of the SPECTRUM software 

however is the comparability of estimates with those produced in the previous 

frameworks/years especially before the inputs changed. 

Findings from this study support taking into account the socio-demographic differences in 

HIV prevalence among individuals tested in a facility setting. That is, in addition to age 

and gender differences, sexual activity/experiences including the number of concurrent 

sexual partners and marital status need to be incorporated in the models to obtain more 

reliable HIV prevalence estimates. 

5.3  Application of the Hybrid Prevalence Estimation Methodology 

In this study, the HPE methodology was applied to the 2011 UAIS and the DHIS2 data to 

obtain district HIV prevalence estimates. The HPE methodology uses a weighting factor 

to combine a small population survey sample with routine health facility data to obtain a 

point estimate and the 95% confidence interval [10,23,78]. The methodology is applicable 

to overcome the limitations and biases associated with using population survey and 

DHIS2 data independently to obtain estimates for decision making at district levels.  

Propensity to test for HIV generated using multivariable logistic regression was used to 

combine the population survey and DHIS2 prevalence data [23]. To combine the datasets, 

DHIS2 data was adjusted using the population survey design to obtain larger 

denominators for each district [23]. The comparability of the estimates with population 

survey and DHIS2 data was assessed using the Bland Altman analysis [104,110].  

The estimates obtained from the HPE methodology were similar and consistent with 

survey-based estimates but had narrower confidence intervals compared to estimates 

from population survey and DHIS2 data [23].  Overall, standard errors of the district 
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prevalence estimates were reduced by 29% compared to standard errors of the direct 

population survey estimate. Application of the HPE methodology to obtain immunization 

coverage for districts that utilized LQAS surveys in Benin and Madagascar found up to 

6% reduction in the standard errors [78]. These findings imply that the methodology can 

be used to provide policy makers and program managers with more reliable and efficient 

estimates for decision-making. 

The HPE methodology combines a small survey sample with routinely collected service 

delivery data to obtain indicator estimates. Low resourced settings have challenges of 

conducting large and regular population surveys to obtain data for planning and decision-

making, especially at lower administrative levels [121–123]. Applying this methodology 

therefore will bridge this gap of unavailability of information amidst scarce resources. 

The methodology uses three parameters: 1) HIV prevalence among individuals tested in 

a health facility; 2) Prevalence among those tested in a community setting during the 

population surveys and 3) an annealing factor, propensity to test for HIV in a health facility, 

all of which may vary from district to district. The knowledge and variation of these 

quantities given the available data, determines the quality and variance associated with 

the estimates and hence the efficiency of the estimates as explained by Hedt et al [10]. 

For example, for districts with high coverage of HIV testing in a health facility, HIV 

prevalence from the population survey had no impact on the HPE estimates whereas for 

those with lower health facility HIV testing coverage, HPEs were dependent and very 

similar to population survey estimates irrespective of the survey sample size.  

To generate the propensity to test for HIV in a health facility, multi-level logistic regression 

model was applied. The model incorporates individual and district level contextual effects 

as well as any correlation effects [124–126]. This ensures that both individual and district 
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level contextual factors for HIV variation are included in the model. Studies elsewhere 

have found neighbourhood as well as contextual level factors, including the level of 

urbanisation of the area, to influence HIV distribution [80,127,128].  It is also important to 

note that factors that influence health facility access such as education level and ill health 

are also risk factors for HIV positivity [129–132].  

Furthermore, to obtain the HPEs, the denominators for health facility testing data were 

adjusted based on the design of the population survey data. Other studies have used 

population census [126] and data from routine services such as child immunization which 

have a near universal coverage to define denominators for population level parameter 

estimates [133]. Population censuses are however, conducted after ten years and 

therefore may not reflect HIV dynamics in the period between the censuses. The poor 

documentation and reporting of routine data in low resource settings implies that routine 

service delivery data even when coverage appears to be universal may not be appropriate 

for computation of denominators even for interventions with near universal coverage. 

In summary, this study presents a robust, simple and easy to apply annealing 

methodology to obtain more precise and efficient HIV prevalence estimates for districts in 

Uganda. The procedure is applied at no additional data collection costs other than the 

effort to clean and manage the data. The methodology can therefore be applied to 

combine population survey data such as the DHS and routine service delivery data to 

obtain health indicator estimates for other social services.  

5.4  Application of the Small Area Estimation methodology 

The SAE methodology was applied to obtain HIV prevalence estimates for districts using 

auxiliary information from antenatal HIV testing and community LQAS surveys. The FH 
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model was applied to obtain HIV prevalence estimates for districts using antenatal HIV 

prevalence as a predictor, while the BHF model was applied to obtain HIV prevalence 

estimates, using community LQAS survey data as auxiliary predictors. The SAE 

techniques borrow information from neighbouring areas through linking models [134–137].  

Overall, the FH model and BHF Model estimates had average standard errors reduced by 

37.5% and 33.1% respectively. The estimates were similar to the direct survey estimates 

although the BHF model estimates were more highly correlated with the direct survey 

estimates (𝛽1 = 0.73, 𝑟2=0.891) compared to the correlation between the FH model and 

the direct survey estimates (𝛽1 = 0.27, 𝑟2=0.477). This finding was contrary to the theory 

on SAE methodology [105]. Regional estimates for both the HF and BHF were generally 

similar to regional direct survey prevalence estimates [8]. The lower correlation of the FH 

model estimates with direct survey estimates compared to the BHF model estimates 

versus direct survey estimates may be attributed to the aggregated nature of the area-

level covariates which mask any variations or heterogeneity of units within the district. The 

heterogeneous spread of HIV disease is well documented in many studies [8,22,34]. 

The coefficient of variation of both the BHF and FH model estimates were computed and 

used to compare variation of the estimates. The CV of the BHF estimates were larger than 

the CV of the FH model estimates implying that FH model estimates were more precise 

compared to the BHF model estimates. Coefficient of variation expresses the sampling 

variability of the model estimates from the point estimate [138]. Covariates for the unit 

level model comprise units across the district that are documented to be heterogeneous 

[22]. BHF model would therefore be preferred to the FH models since it incorporates 

variance of the model explanatory variables. 
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In Uganda, districts plan, implement and monitor interventions on behalf of the central 

government. However, information for planning is sparse as there are insufficient 

resources to collect representative data for monitoring social services at the district-level. 

This study demonstrates that it is possible to apply the SAE methodology, using available 

sources of data with no additional costs of data collection, to generate more precise 

estimates at district-levels consistent with findings from earlier studies [22,139,140].  

Although antenatal HIV prevalence is often applied to monitor HIV/AIDS impact in settings 

with generalised epidemics, it contains information on: health facilities located in urban 

areas [4]; government aided facilities [3];  younger and more educated women [1,2]; and 

excludes non-pregnant women and men [41]. These limitations imply that antenatal 

survey data may not accurately be used to explain the general population HIV prevalence 

distribution. 

District HIV prevalence estimates obtained using the SAE methods were consistent with 

regional HIV prevalence estimates based on direct survey estimates. That is, districts with 

higher HIV prevalence were those from regions with higher HIV prevalence. For example 

Kaborale district in Western region; Masaka and Mpigi in central 1 region; and Mbarara in 

south western region [8]. These districts are more urban and are also major transport 

corridors for truck drivers. Masaka district is also inhabited by fishing communities, who 

are documented to have elevated HIV prevalence compared to other population 

subgroups [14,90]. 

Overall, the district HIV prevalence estimates obtained in this study were more precise 

compared to the direct survey estimates. The standard errors were improved by 37.5%, 

33.1% and 29% for the FH model, BHF Model and HPE methodologies respectively 

compared to the direct survey based estimates. While the regression based methods lead 
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to larger improvement in the standard errors, the HPE methodology is equally appealing 

and may be applicable in the absence of predictor data. Our findings further show that the 

availability of individual level predictor data provides more precise and reliable estimates 

for decision-making. 

5.5  Contribution of Factors to Change in HIV Positivity between 2011 and 2016. 

Using Blinder-Oaxaca decomposition method, the contribution of survey participants’ 

characteristics (endowments) as well as the coefficients of the characteristics to change 

in HIV prevalence between 2011 and 2016 surveys were assessed. Descriptive analysis 

was used to assess the composition of survey participants and their HIV prevalence in the 

2011 and 2016 surveys. Factors associated with HIV positivity were assessed using the 

pooled logistic regression. 

The analysis results show that HIV prevalence reduced from 7.3% in 2011 to 6.0% in 2016 

among individuals aged 15-49 years representing an 18% decline in HIV prevalence. 

Prevalence decreased in all population subgroups except among individuals who had no 

formal education; individuals with no sexual partners in the 12 months preceding the 

survey and among individuals aged 40-49 years.  

Factors associated with a significant reduction in HIV prevalence include never being 

married compared to those who were married, secondary and tertiary level of education 

compared to primary level of education and being in the age group 15-19 years compared 

to the age 20-24 years. These socio-demographic sub groups represent individuals who 

learn and adopt new practices/behaviours, contributing to significant reductions in HIV 

prevalence. 
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Both the characteristics (endowments) of individuals surveyed and the coefficients of the 

characteristics had a significant contribution on the reduction in HIV prevalence between 

the two surveys. Changes in the population endowments (composition) that led to 

significantly larger change in HIV prevalence include young age (15-19 years), tertiary 

level of education, being previously married and urban residence.  

While the coefficients contribute up to 154.6% of the increase in HIV prevalence between 

the two survey time points, the characteristics of the survey participants contribute 54% 

reduction in HIV prevalence between the two survey time points. The change in the 

characteristics (“endowments”) of the survey participants refers to the differences in the 

composition of survey participants in the 2011 survey compared to the participants in the 

2016 survey. Coefficient effects refers to change in HIV prevalence in 2016 if the effects 

of the coefficients in 2011 were maintained [28]. This finding implies that if the effects of 

the socio-demographic characteristics in 2011 were maintained there would be an overall 

increase HIV prevalence. Reduction in HIV prevalence may therefore be attributed to the 

HIV prevention, care and treatment interventions having direct impact on the 

characteristics of the survey participants in 2011. 

In Uganda, a decline in HIV prevalence has been observed in earlier studies among 

women accessing ANC services [37,128] and among rural communities surveyed in 

western Uganda [39,141]. Key factors highlighted in these studies for the decline in HIV 

prevalence include change in sexual behaviour such as reduction in the number of sexual 

partners [90]. In this study, although the proportion of individuals with two or more sexual 

partners increased, there was a significant reduction in HIV prevalence among this 

population category. Studies elsewhere have attributed reducing or minimizing multiple 

sexual relationships to the adoption of acceptable and desirable behaviours following new 
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information on the realities of the HIV epidemic including the modes of transmission and 

prevention [35,142].  

Additionally, effective interventions such as male circumcision were rolled out in Uganda 

in 2010, following studies that showed its effectiveness against HIV incidence [143] as 

well its acceptability as an HIV prevention tool [144,145]. Another key intervention was 

the test and treat policy rolled out in 2013 that recommended initiation of ART irrespective 

of CD4 count for individuals who tested HIV positive. This followed evidence of minimized 

chances of passing on the virus to un-infected sexual partner if the HIV positive individual 

was taking ART optimally [15,79,146–150]. The rollout of these interventions following the 

2011 survey may therefore explain the reduction in HIV prevalence in the general 

population observed in the 2016 survey. 

Increase in HIV prevalence on the other hand among individuals aged 40-49 years is 

attributable to cumulative cohort effect given that this group comprise both new incident 

cases as well as individuals infected earlier in their lives. This is compounded further by 

the effectiveness of the HIV treatment interventions that has enabled HIV infected 

individuals to live longer with the infection [15,53,79].  

HIV prevalence among young people aged 15-19 years is argued to provide a better 

reflection of the nature of the HIV/AIDS epidemic in any population [79,151]. Prevalence 

in this age group is therefore often used as an indicator of the level of new infections since 

this population sub-group is newly exposed to risky behaviours such as initiation of sex 

[152–157].  In this study, although the proportion of young people (15-25 years) 

participating in the survey increased from 40% in 2011 to 48% in 2016, HIV prevalence 

decreased significantly from 2.4% to 1.2% and 5.3% to 3.3% among individuals aged 15-

19 years and 20-24 years respectively. Additionally, the change in composition of young 
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people was significantly associated with change in HIV prevalence. Individuals aged 15-

19 years contributed to 37% reduction in HIV prevalence between 2011 and 2016.  

The large reduction in HIV prevalence among young people and the significant 

contribution to overall change in HIV prevalence has been attributed to both increased 

sensitivity to new information and the higher likelihood to adopt or change behaviour 

[1,41,158]. For example, DREAMs – an HIV intervention program targeting young people 

aged 15-24 years was rolled out in many countries in sub Saharan Africa including 

Uganda due to the evidence of high infection rates in the subgroup but also their higher 

likelihood to adapt to new preventive behaviours [159]. 

There was an increase in HIV prevalence among individuals with no formal education and 

those who reported no sexual partner in the 12 months preceding the survey, although 

the composition of these population categories decreased between the two surveys. 

Increased HIV prevalence may be attributed to lack of specific programs that target them. 

More specifically individuals who report no sexual relationships may be perceived to be at 

low risk of new infection yet they just concealing these relationship. Earlier studies have 

found higher prevalence of sexual relationships among individuals who report lack of any 

[35,73]. 

5.6 Strengths of the Study 

Multilevel logistic regression and SAE models applied in this study have several 

advantages over classical logistic regression models. These include adjusting for cluster 

level correlation through the random effects component and inclusion of predictors at both 

individual and cluster levels. This enables more explicit modelling of the available data to 

obtain the prevalence estimates for districts; factors associated with HIV positivity and the 
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contribution of the factors to change in positivity. The weighting factor, propensity to test 

for HIV in a health facility, that was used to combine the population survey and health 

facility HIV testing data was also generated using multilevel logistic regression model.  

The study applied the HPE and SAE methodologies using available data with no additional 

costs for data collection to obtain more precise HIV prevalence estimates for districts to 

aid planning and decision-making. These methodologies can therefore be applied in low 

resource settings where such information and resources to collect data is a challenge.   

5.7 Study Limitations 

The study applied multilevel logistic regression and SAE models, these models assume 

independence of the random area effects. This is unlikely to hold since district boundaries 

are set arbitrarily without any regard to the availability of services within the district. 

Additionally, individuals tend to seek health care services in places that are convenient or 

offer better quality services. This implies that estimates within a district may not be a true 

reflection of the HIV prevalence situation in the district. 

This study used population survey data that are prone to missingness due to refusal to 

participate/respond. This may have affected the precision of the results since the effective 

sample size used to estimate HIV prevalence for each district is substantially reduced. 

Additionally, the results may also be biased since those who refuse to participate may 

have characteristics different from those who participated in the survey.  

DHIS2 data includes individuals who may have tested multiple times which can lead to 

use of incorrect denominators for individuals tested at health facilities thus increasing bias 

of the estimates obtained. Additionally, some health facilities, especially those that are 
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privately owned and those located in hard to reach areas, do not report their data to the 

national DHIS2.  

Population survey data consists of self-reported, stigmatizing, and sensitive information 

such as “previously tested for HIV”, “previous test result” and “number of sexual partners”. 

There is a likelihood of underreporting this information as well as preference by 

respondents to report only desirable experiences. For example, individuals who received 

a positive HIV test result or had previously tested multiple times may not want to share 

such information.  

The reasons for not testing at a health facility was not captured during the survey, it was 

therefore not possible to ascertain the reasons for low coverage of facility HIV testing 

observed in the surveys especially among men and young people aged 15-24 years. 

The study used data from two time points (2011 and 2016 surveys) only. Availability of  

more data points would enable validation of the trend and assessing the contribution of 

each of the factors to change in prevalence between 2011 and 2016 observed in the study. 
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6.0  CHAPTER SIX: CONCLUSIONS, IMPLICATIONS AND AREAS FOR FURTHER 

RESEARCH 

6.1 Conclusions  

Information for decision making for districts in Uganda are sparse, resulting in inefficient 

allocation of resources. This is largely due to the lack of resources to conduct large and 

regular surveys to monitor the status of interventions. Through this study, use of available 

data to generate estimates to inform planning and decision making was explored. The 

findings show that it’s feasible to use existing population survey and routine facility HIV 

testing data either combined through the HPE method or as auxiliary variables in the SAE 

models to obtain more precise health indicator estimates for district level planning and 

decision making.  

Additionally, while health facility HIV testing data is biased, i.e. contains information on 

only individuals who visit health facilities for services, population survey sample size at 

the district level is not adequate. The study therefore explored the comparability of these 

two dataset to inform using them complementarily [34]. The study found a two-fold 

increase in HIV prevalence among facility testers compared to those tested in a 

community setting. The prevalence ratio was higher among some population categories 

such as male, age groups 15-19, never married and those who had no sexual partners in 

the 12 months preceding the survey. These findings imply that to use the datasets to 

complement each other, there is need to take into account these differences.  

This study further demonstrates that using facility and other available data as auxiliary 

information increases the precision of the district level estimates by up to 38% compared 

to estimates obtained based on only individuals surveyed in the district. Availability of 

individual/unit level auxiliary information such as those obtained using LQAS surveys as 
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was the case in this study leads to greater increase in the precision and reliability of the 

estimates compared to estimates based on aggregate district level auxiliary information.  

The HPE methodology presents another appealing approach for obtaining estimates 

when survey sample sizes are small. Application of the methodology in this study presents 

two benefits: i) estimates with improved precision (up to 29% reduction in standard errors) 

compared to direct survey estimates and ii) computation of the standard errors of routine 

health facility data whose denominator is directly difficult to ascertain.  

Although there have been extensive efforts and investments in HIV prevention based on 

knowledge of risk factors for new HIV infection and therefore prevalence, more research 

on the contribution of the factors/characteristics and the coefficient of the characteristics 

to change in HIV prevalence are needed. This knowledge will enable focusing in areas 

where the most impact can be realised.  In this study, use of the decomposition analysis 

demonstrated that it’s possible to isolate the contribution of the characteristics as well as 

the coefficient of the characteristics to identify those with the highest contribution to 

change in HIV prevalence. Young age group (15-19 years), individuals with higher level 

of education, those who were previously married and those who had two or more sexual 

partners had a larger contribution to the reduction in HIV prevalence observed. Similarly, 

the effects of the coefficient of the age group 40-19 years had a larger contribution to the 

reduction in HIV prevalence. 

The SAE models and all the statistical methods implemented in this research can be 

carried out in freely available software such as R and STATA. The methods can directly 

be implemented in any software that is able to handle analysis of complex survey design 

data. To implement the methodologies, advanced or routine training may not be required. 
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6.2 Implication of the findings to HIV prevention policy  

It is established from the findings in this research that pooling of multiple sources of data 

leads to gains in accuracy of estimates (>28% reduction in standard errors of the 

estimates compared to direct survey estimates), implying more accurate information on 

the level of HIV spread at districts available at no additional data collection costs. Many 

districts in Uganda are short of resources to assess the impact of social service 

interventions in their settings yet they are mandated to monitor service delivery on behalf 

of the central government including HIV services. While routine data is available to support 

monitoring, the limitations as highlighted in this and earlier research imply that they cannot 

be used to inform optimal monitoring of social service delivery impacts.  This research 

therefore brings to the fore tools that both the central government (Ministry of Health) and 

District health managers can use to evaluate the impact of HIV prevention interventions. 

Multiple surveys are carried out by donor agencies in conjunction with the districts. The 

surveys may contain richer HIV risk factor variables that can be used with the tools tested 

and used in this research to improve monitoring of social services.  

Furthermore, this research also provides population level estimates of HIV prevalence 

and it shows that prevalence varies significantly across districts in Uganda. It therefore 

presents critical information for HIV prevention prioritization in the country. The current 

country HIV prevention strategies emphasize concentrating prevention and treatment 

interventions to areas with higher HIV prevalence and among most at risk populations. 

For example, the country has been stratified into 3 categories (Sustained, Scale-up and 

Centrally supported) by development partners, USAID and CDC, in conjunction with 

government. More resources and support is being offered to districts categorised as scale-

up and less into those that are only receiving central support. The levels of support within 
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each category is also defined to be similar. However, within the categories, there is limited 

information on level of HIV spread, thus hindering prioritization of the highly impacted 

districts within the same category. Information on HIV prevalence from this research can 

therefore be used to prioritize and expand interventions in districts with higher HIV 

prevalence. 

6.3 Areas for further Research 

Results from this doctoral work demonstrate that, it is feasible to obtain more reliable 

information for decision-making at lower administrative levels at no additional data 

collection costs. To extend this work, the following areas are proposed: 

a) The only disaggregation considered before applying the HPE methodology was 

gender. Findings from objective 3 show that there were differences in HIV prevalence 

between facility and non-facility testers by among others age, gender, education level 

and marital status. It is therefore prudent to consider further disaggregation while 

combining the datasets. 

b) Differences in HIV prevalence by venue of testing was established, this could be 

incorporated as prior information while combining the data sets. Applying the HPE 

methodology incorporating Bayesian methods therefore needs to be considered to 

assess whether it has any impact in the estimates obtained.  

c) Due to missing data limitations, we were unable to explore the contribution of more 

critical HIV risk factors such as condom use during last high risk sex and age at sexual 

debut or marriage. Application of missing data methods needs to be considered to 

overcome the missing data problem to include more HIV related auxiliary information 

in the SAE models as well increase the effective analysis sample size for the HPE 

methodology. This will also enable an assessment of the contribution of these risk 
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factors to change in HIV prevalence over time. Additionally, missing methods are 

widely developed, integrating these methods within the Hybrid Prevalence Estimation 

(HPE) and Small Area Estimation (SAE) methods needs to be explored. 

d) The Hybrid Prevalence Estimation (HPE) and Small Area Estimation (SAE) methods 

incorporate auxiliary/ supplemental information through different approaches. While 

the HPE methodology combines the data sources linearly, SAE methods implemented 

in this research incorporate auxiliary information as predictors at unit and/or target area 

level. A formal assessment and comparison of the methods via a simulation study 

would highlight differences in the estimates obtained from the methodologies. 
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Appendix IV: District HIV prevalence 

estimates allowing for for spatial 

correlation between the district 

Region/ 

District 

Estimate LCL UCL 

Central 1    

Bukomansimbi 0.091 0.064 0.118 

Butambala 0.083 0.054 0.113 

Gomba 0.060 0.032 0.089 

Kalangala 0.096 0.065 0.126 

Kalungu 0.084 0.056 0.112 

Lwengo 0.077 0.051 0.103 

Lyantonde 0.075 0.046 0.104 

Masaka 0.096 0.070 0.122 

Mpigi 0.083 0.057 0.109 

Rakai 0.082 0.059 0.104 

Ssembabule 0.054 0.031 0.076 

Wakiso 0.056 0.044 0.068 

Central 2    

Buikwe 0.069 0.044 0.093 

Buvuma 0.066 0.037 0.095 

Kayunga 0.065 0.041 0.089 

Kiboga 0.073 0.048 0.098 

Kyankwanzi 0.063 0.038 0.088 

Luwero 0.075 0.049 0.100 

Mityana 0.065 0.042 0.087 

Mubende 0.069 0.048 0.090 

Mukono 0.065 0.046 0.085 

Nakaseke 0.070 0.044 0.097 

Nakasongola 0.076 0.046 0.105 

East Central     

Bugiri 0.027 0.011 0.044 

Busia 0.069 0.047 0.091 

Buyende 0.016 0.005 0.026 

Iganga 0.034 0.017 0.052 

Jinja 0.050 0.033 0.066 

Kaliro 0.034 0.013 0.056 

Kamuli 0.039 0.022 0.056 

Luuka 0.048 0.024 0.072 

Mayuge 0.053 0.036 0.071 

Namiyango 0.067 0.041 0.094 

Namutumba 0.026 0.007 0.044 

Eastern    

Amuria 0.051 0.031 0.071 

Budaka 0.039 0.015 0.063 

Bududa 0.039 0.016 0.062 

Bukedea 0.039 0.016 0.062 

Bukwo 0.037 0.013 0.060 

Bulambuli 0.054 0.030 0.078 

Butaleja 0.016 0.000 0.033 

Kaberamaido 0.036 0.021 0.052 

Kapchorwa 0.049 0.020 0.078 

Katakwi 0.066 0.042 0.089 

Kibuku 0.032 0.012 0.051 

Kumi 0.042 0.021 0.063 

Kween 0.063 0.038 0.088 

Manafwa 0.030 0.015 0.044 

Mbale 0.053 0.039 0.067 

Ngora 0.018 0.004 0.031 

Pallisa 0.033 0.015 0.051 

Serere 0.027 0.010 0.043 

Sironko 0.051 0.029 0.072 

Soroti 0.042 0.026 0.057 

Tororo 0.064 0.046 0.082 

    

Kampala 0.069 0.060 0.079 

Karamoja    

Abim 0.056 0.030 0.081 

Amudat 0.054 0.026 0.081 

Kaabong 0.045 0.026 0.064 

Kotido 0.048 0.019 0.077 

Moroto 0.020 0.001 0.038 

Nakapiripirit 0.007 0.000 0.018 

Napak 0.008 0.000 0.020 

Northern    

Agago 0.067 0.045 0.090 

Alebtong 0.058 0.032 0.084 

Amolatar 0.049 0.029 0.069 

Amuru 0.044 0.020 0.068 

Apac 0.069 0.048 0.090 

Dokolo 0.063 0.037 0.088 

Gulu 0.080 0.054 0.106 
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Kitgum 0.061 0.038 0.084 

Kole 0.054 0.031 0.077 

Lamwo 0.065 0.039 0.092 

Lira 0.053 0.032 0.074 

Nwoya 0.062 0.034 0.091 

Otuke 0.056 0.027 0.084 

Oyam 0.059 0.036 0.082 

Pader 0.077 0.050 0.104 

South Western    

Buhweju 0.053 0.024 0.081 

Bushenyi 0.067 0.043 0.092 

Ibanda 0.065 0.040 0.089 

Isingiro 0.052 0.030 0.075 

Kabale 0.066 0.043 0.090 

Kanungu 0.076 0.050 0.102 

Kiruhura 0.058 0.035 0.080 

Kisoro 0.029 0.009 0.049 

Mbarara 0.087 0.062 0.112 

Mitooma 0.062 0.036 0.088 

Ntungamo 0.067 0.044 0.090 

Rubirizi 0.079 0.049 0.108 

Rukungiri 0.074 0.049 0.099 

Sheema 0.082 0.056 0.108 

West Nile    

Adjumani 0.033 0.013 0.054 

Arua 0.034 0.024 0.044 

Koboko 0.027 0.011 0.043 

Maracha 0.010 0.000 0.021 

Moyo 0.037 0.020 0.054 

Nebbi 0.043 0.027 0.058 

Yumbe 0.023 0.010 0.036 

Zombo 0.040 0.021 0.059 

Western     

Buliisa 0.049 0.020 0.078 

Bundibugyo 0.016 0.001 0.031 

Hoima 0.059 0.038 0.081 

Kabarole 0.089 0.063 0.115 

Kamwenge 0.035 0.017 0.052 

Kasese 0.023 0.010 0.037 

Kibaale 0.054 0.037 0.072 

Kiryandongo 0.050 0.027 0.073 

Kyegegwa 0.062 0.038 0.086 

Kyenjojo 0.070 0.046 0.093 

Masindi 0.055 0.033 0.076 

Ntoroko 0.078 0.048 0.108 
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ABSTRACT
Growing demand for use of Health Facility (HF) HIV testing data, in addition to other testing data to
obtain district level HIV prevalence requires understanding the comparability of these various
sources. We analysed the 2011 Uganda AIDS indicator survey data to assess: the proportion of
people tested for HIV across Uganda by venue of testing; HIV prevalence ratio for those tested in
a HF compared to those tested in community setting; [Katz, D., Baptista, J., Azen, S. P., & Pike,
M. C. (1978). Obtaining confidence intervals for the risk ratio in cohort studies. International
Biometric Society, 34(3), 469–474. https://doi.org/10.2307/2530610] and factors associated with
HIV positivity in each subgroup. Of the 11,685 individuals, 8978 (77.1%) had ever tested for HIV
in a HF. Fifty nine per cent tested in a HF in the 12 months preceding the survey (female: 5507,
72.7% versus male: 1413, 34.9%). HIV prevalence ratio was 1.8 times among those tested in a HF
compared to those tested at community setting (10.9% [95% CI: 10.0–11.7] versus 6.2% [95% CI:
5.4–7.0]). Among HF testers, older age group, previously married and having no sexual partner
was associated with significantly higher HIV prevalence. Using facility testing data for planning
and decisions should take into consideration the elevated and varying HIV prevalence among
individuals accessing HIV testing services at HFs as well as differences in their social-
demographic characteristics.
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Introduction

Population sero-surveys and facility-based HIV testing
including testing during antenatal care attendance pro-
vide the main sources of data for monitoring the HIV/
AIDS epidemic. National population surveys are used
to generate accurate estimates of population level HIV/
AIDS indicators at national or regional levels while ante-
natal and other health facility-based testing data are used
to obtain HIV/AIDS indicator estimates at district level
although they possess biases including reporting on
only individuals who access health facilities (Eaton
et al., 2014; Fabiani et al., 2003; Gregson, S. Dharmayat
et al., 2015; Musinguzi et al., 2009; Wilson et al., 2017).

Hybrid approaches use these data sources to comp-
lement each other and hence overcome the limitations
of using them independently, to obtain HIV prevalence
estimates. The use of hybrid approaches however,
requires knowledge of the comparability of the data
sources. Population-based surveys, contain information
on HIV testing including testing venues, that can be ana-
lysed to determine how HIV testing data from health
facilities can be used to complement data from

population survey or other sources to obtain more accu-
rate indicator estimates.

HIV Testing Services (HTS) and approaches have
evolved overtime and are broadly categorised as health
facility and community-based (Ministry of Health
Uganda, 2016; Uganda AIDS Commission, 2017;
UNAIDS, September 2016). In Uganda, community-
based HIV testing refers to testing offered in homes,
social gatherings/events, in educational establishments
and at workplaces, to individuals who do not access
health facilities whereas health facility-based HIV testing
(Provider-Initiated Testing and Counselling (PITC)) is
offered at health facilities as part of health care (Ministry
of Health Uganda, 2016).

World Health Organization (WHO) developed the
first policy to guide health facility based testing in 2007
(World Health Organization, & Joint United Nations
Programme on HIV/AIDS, 2007). By 2012, more than
42 (∼80%) of the 52 countries in Africa had adopted it
in their national HTS policies (Lule et al., 2019). In
Uganda, PITC is implemented in all hospitals, Health
Centre (HC) IV, HC III and in more than 30% of HC
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II (Uganda AIDS Commission, 2017). See Appendix 1
for more details regarding health services provided
by the different levels of health centres.

Several studies have found higher HIV prevalence and
linkage to care among individuals tested at a health facility
compared to those tested in a community setting (Govin-
dasamy et al., 2015; Leon et al., 2014; Lugada et al., 2010;
Montoy et al., 2016; Roura et al., 2013; Wanyenze et al.,
2008, 2009), and others have found similar HIV preva-
lence estimates for community-based testing during a
population surveys and those tested in health facility
during antenatal care (Gonese et al., 2010; Judith et al.,
2001; Musinguzi et al., 2009; Wilson et al., 2017).

We analysed data from the 2011 UAIS to address two
questions. First, what proportion of people have tested for
HIV across Uganda, and where have they tested? Second,
how does the HIV prevalence compare between those
who have tested in a health facility and those who have
tested in a community setting. We also investigate factors
associated withHIV positivity in each of these subgroups.

Methods

During the UAIS 2011 survey, the country was divided
into 10 geographical regions. Survey sample sizes were
allocated equally across regions. Clusters were randomly
selected from each region with probability proportional
to number of households in a cluster (Ministry of
Heath and ICF international, 2012). A systematic sample
of 25 households was selected from each cluster and all
adults present in the selected households who consented
to participate in the survey were interviewed and blood
drawn for HIV testing (Ministry of Heath and ICF inter-
national, 2012). More details about the survey are avail-
able from https://dhsprogram.com.

We analysed data of 11,685 individuals aged 15–49
years, who reported having ever tested for HIV before
the survey.

During the survey, respondents were asked “Have you
ever been tested to see if you have the AIDS virus?”. If they
answered “yes”, additional questions relating to period of
the most recent test, and receipt of test results were
asked. Women were asked questions relating to antennal
attendance; “Were you offered a test for the AIDS virus as
part of your antenatal care?” If they answered “yes”,
additional questions regarding place of testing and
receipt of test results were asked.

Study variables

(1) HIV status. HIV testing was conducted for all con-
senting individuals and results provided to the

respondent at home. Only final test results (either
1 = Positive or 0 = Negative) were provided.

(2) Testing venue (1 = Health facility or 0 = community
setting):
Tested in a health Facility: Individuals who had ever

tested for HIV in a health facility and received test results
prior to the survey. This includes women who tested
during antenatal care. Health facilities include hospitals;
public HC II, III and IV; private hospitals/clinics; and
organisations offering HIV/AIDS care and treatment
services.

Tested in a community setting: Individuals ever
tested during community events, at their homes or
work places before the survey. It also includes individuals
who were tested in standalone voluntary counselling and
testing centres not offering general healthcare.
(3) Explanatory/independent variables: area of residence

(1 = urban, 2 = rural), gender (1 =male, 2 = female),
age group (15–19, 20–29, 30–39 and 40–49-years),
marital status (never married, married/cohabiting
and previously married-widowed/separated/
divorced), highest level of education (none, primary,
secondary or higher), number of sexual partners
including husband/wife in the 12 months preceding
the survey (0, 1 and 2 or more), employment status
(employed, not employed), and distance to nearest
health facility in kilometres (categorised into <2,
2–5, 5 or more).

Statistical analysis

We computed the proportion tested for HIV; prevalence
by venue of testing; and HIV Prevalence Ratio (PR) and
the 95% confidence intervals for health facility compared
to community testing using the Katz methodology
(Appendix 2) (Katz et al., 1978; Koopman, 1984). We
also assessed factors associated with HIV positivity in
each subgroup using multilevel logistic regression. We
further compared HIV prevalence among those tested
in a health facility and community; (a) overall and (b)
among those tested in the 12 months preceding the sur-
vey. All analysis was carried out using Stata release 15
(StataCorp, 2017) and weighted by population sampling
weights.

Results

Of the 11685 (female: 7647, 65.1%) individuals, 4789
(41.3%) were aged 20–29 years, 1216 (9.9) % had no
formal education, 1375 (11.1%) were previously mar-
ried and 1097 (9.7%) reported that they had two or
more sexual partners in the 12 months preceding the
survey.
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Of those who tested in a health facility, 6396 (70.9%)
were female, 3894 (43.5%) were aged 20–29 years, 6609
(73.7%) were married/cohabiting and 6980 (77.4%) had
only one sexual partner. Of the 2707 tested for HIV in
a community setting, 1251 (45.3%) were female, 895
(33.9%) were aged 20–29 years, 1560 (59.0%) were mar-
ried or cohabiting while 1669 (62.8%) had one sexual
partner (Table 1).

Prevalence of ever testing by venue of testing

Of the 11,685 individuals, 8978 (77.1%) had tested for
HIV in a health facility (female: 6396, 84.0% versus
male: 2582, 64.2%) (Appendix 3). Testing in a health
facility was higher among individuals aged 20–29
years (3894, 81.2%), no education (1007, 82.3%), mar-
ried or cohabiting (6609, 80.8%) and among those
with one sexual partner in the 12 months preceding

the survey (6 980, 80.6%). In contrast, testing in a health
facility was lower among males (2582, 64.2%), age
group 15–19 years (953, 65.1%), never married (1301,
61.4%) and among those who had no sexual partners
in the 12 months preceding the survey (1252, 65.4%)
(Appendix 3).

HIV prevalence by venue of testing

HIV prevalence was 9.9% (95% CI: 9.2–10.7) and 5.8%
(95% CI: 4.8–6.8) among those tested in a health facility
and in a community setting respectively (Table 2). Preva-
lence among those tested in a health facility was highest
in age group 40–49 years (15.0%, 95% CI: 12.9–17.1);
previously married 25.7% (95% CI: 22.6, 28.7); and in
those who had no sexual partner in the 12 months pre-
ceding the survey (15.7%, 95% CI: 13.4–18.1)
(Table 2). Prevalence among those tested in a

Table 1. Socio-demographic characteristics of study participants.
Overall Tested in health facility Tested in community

Characteristic n = 11685 (%) n = 8978 (%) n = 2707 (%)

Gender
Male 4038 (34.9) 2582 (29.1) 1456 (54.7)
Female 7647 (65.1) 6396 (70.9) 1251 (45.3)
Age
15–19 1498 (12.8) 953 (10.8) 545 (19.5)
20–29 4789 (41.3) 3894 (43.5) 895 (33.9)
30–39 3422 (29.3) 2716 (30.3) 706 (26.1)
40–49 1976 (16.6) 1415 (15.4) 561 (20.5)
Education Level
No Education 1216 (9.9) 1007 (10.6) 209 (7.7)
Primary 6406 (55.1) 5003 (55.9) 1403 (52.2)
Secondary+ 4063 (35.0) 2968 (33.5) 1095 (40.1)
Marital status
Never married 2159 (18.6) 1301 (14.8) 858 (31.3)
Married/Cohabiting 8169 (70.3) 6609 (73.7) 1560 (59.0)
Previously married 1357 (11.1) 1068 (11.5) 289 (9.8)
Number of sexual partners in 12 months preceding survey
0 1957 (16.2) 1252 (13.7) 705 (24.5)
1 8649 (74.1) 6980 (77.4) 1669 (62.8)
2+ 1079 (9.7) 746 (8.9) 333 (12.8)
Currently working
No 2894 (24.2) 2219 (24.3) 675 (23.8)
Yes 8791 (75.8) 6759 (75.7) 2032 (76.2)
Distance to nearest HF
<2 2441 (21.7) 1920 (22.2) 521 (20.0)
2–5 4823 (40.7) 3696 (40.6) 1127 (40.8)
5+ 4009 (33.7) 3040 (33.3) 969 (35.2)
Don’t Know 412 (3.9) 322 (3.9) 90 (3.9)
Area of residence
Rural 8870 (75.8) 6845 (76.0) 2025 (75.4)
Urban 2815 (24.1) 2133 (24.0) 682 (24.6)
Region
Central 1 1151 (12.2) 889 (12.3) 262 (12.2)
Central 2 1177 (10.6) 861 (10.0) 316 (12.8)
Kampala 1464 (9.0) 1068 (8.4) 396 (11.0)
East Central 1013 (8.8) 722 (8.2) 291 (10.5)
Mid-Eastern 901 (7.6) 732 (8.0) 169 (6.3)
North East 1134 (9.2) 875 (9.0) 259 (10.0)
West Nile 1220 (6.4) 896 (6.0) 324 (7.6)
Mid Northern 1394 (12.5) 1107 (12.9) 287 (11.3)
South Western 1024 (11.3) 853 (12.2) 171 (8.0)
Mid-Western 1207 (12.4) 975 (12.9) 232 (10.5)

Note: Percentages are weighted by population survey weights.
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community setting was higher among previously
married and those who had 2 or more sexual partners
in the 12 months preceding the survey (8.2%, 95% CI:
5.1–11.3).

HIV prevalence by testing venue among those
who tested in the 12 months preceding survey

Of the 11,685 individuals included in the analysis, 6920
(59.2%) tested in a health facility in the 12 months pre-
ceding the survey (female: 5507, 72.7% versus male:
1413, 34.9%). HIV prevalence among health facility tes-
ters was 10.9% (95% CI: 10.0–11.7) compared to 6.2%
(95% CI: 5.4–7.0) among individuals tested in a commu-
nity setting (Table 3).

HIV PR was 1.8 (95% CI: 1.6, 2.1) for those tested
in a health facility compared to those tested in a

community setting. PR was 3.8 (95% CI: 2.4, 6.0)
for those who had no sexual partner in the 12
months preceding the survey; 2.7 (95% CI: 1.9, 3.9)
among males; 3.2 (95% CI: 1.3, 8.0) for age group
15–19 years; 2.4 (95% CI: 1.3, 4.5) for those with
no education; and 2.2 (95% CI: 1.2, 4.2) for never
married (Table 3).

Among health facility testers, the odds of testing
HIV positive during the survey was significantly
higher in age group 40–49 years compared to 20–29
years (aOR; 2.92, 95% CI: 2.28–3.73); previously mar-
ried versus married/cohabiting (aOR; 3.25, 95% CI:
2.66, 4.12); and for those who had no sexual partner
versus those who had one (aOR; 1.55, 95% CI: 1.20,
2.00). HIV positivity was significantly lower among
females compared to males (aOR: 0.78, 95% CI:
0.62, 0.97); age group 15–19 compared 20–29 years

Table 2. HIV prevalence distribution overall and by venue of testing.

Characteristic

Overall (N = 11685)

Ever tested for HIV in

Health facility Community

n# Weighted prevalence (95% CI) n# Weighted prevalence (95% CI) n# Weighted prevalence (95% CI)

Total 1002 9.0 (8.4, 9.6) 850 9.9 (9.2, 10.7) 152 5.8 (4.8, 6.8)
Gender
Male 300 7.8 (6.8, 8.8) 227 9.4 (8.1, 10.8) 73 4.9 (3.7, 6.1)
Female 702 9.6 (8.9, 10.4) 623 10.2 (9.3, 11.0) 79 6.9 (5.2, 8.5)
Age
15–19 50 3.6 (2.5, 4.8) 42 4.7 (3.1, 6.3) 8 1.7 (0.5, 2.9)
20–29 314 6.9 (6.0, 7.7) 268 7.2 (6.3, 8.2) 46 5.4 (3.7, 7.2)
30–39 382 11.9 (10.6, 13.1) 334 13.2 (11.7, 14.7) 48 6.7 (4.7, 8.8)
40–49 256 13.3 (11.6, 15.0) 206 15.0 (12.9, 17.1) 50 9.0 (6.5, 11.6)
Education Level
No Education 123 10.4 (8.6, 12.3) 112 11.6 (9.4, 13.8) 11 5.0 (1.9, 8.0)
Primary 614 10.1 (9.3, 11.0) 523 11.0 (10.0, 12.0) 91 6.9 (5.3, 8.4)
Secondary 265 6.8 (5.9, 7.7) 215 7.6 (6.5, 8.8) 50 4.5 (3.2, 5.9)
Marital status
Never married 89 4.5 (3.4, 5.6) 69 5.6 (4.2, 7.1) 20 2.7 (1.3, 4.2)
Married/Living together 622 7.9 (7.2, 8.6) 529 8.4 (7.6, 9.1) 93 6.0 (4.7, 7.3)
Previously married 291 23.4 (20.8, 26.0) 252 25.7 (22.6, 28.7) 39 14.3 (9.9, 18.8)
Number of sexual partners in 12 months preceding survey
0 219 11.9 (11.2, 13.5) 189 15.7 (13.4, 18.1) 30 4.5 (2.8, 6.3)
1 672 8.1 (7.5, 8.8) 580 8.7 (7.9, 9.5) 92 5.8 (4.5, 7.1)
2+ 111 10.7 (8.6, 12.8) 81 11.8 (9.0, 14.5) 30 8.2 (5.1, 11.3)
Currently working
No 205 7.2 (6.1, 8.3) 178 8.1 (6.8, 9.4) 27 4.1 (2.5, 5.8)
Yes 797 9.6 (8.9, 10.3) 672 10.5 (9.7, 11.4) 125 6.3 (5.1, 7.5)
Distance to nearest HF
<2 222 9.3 (7.9, 10.7) 192 10.1 (8.5, 11.7) 30 6.4 (3.7, 9.1)
2–5 374 8.1 (7.3, 9.0) 316 9.0 (8.0, 10.1) 58 5.2 (3.8, 6.6)
5+ 375 9.8 (8.8, 10.8) 315 10.9 (9.7, 12.1) 60 6.3 (4.6, 7.9)
Don’t Know 31 9.0 (5.2, 12.9) 27 10.5 (5.7, 15.3) 4 4.0 (0.0, 8.1)
Area of residence
Rural 737 8.7 (8.1, 9.4) 624 9.6 (8.8, 10.3) 113 5.9 (4.7, 7.0)
Urban 265 9.9 (8.5, 11.3) 226 11.2 (9.5, 12.9) 39 5.5 (3.4, 7.7)
Region
Central 1 144 13.0 (10.7, 15.2) 123 14.3 (11.6, 16.9) 21 8.5 (4.4, 12.5)
Central 2 116 9.9 (8.1, 11.7) 99 11.4 (9.1, 13.7) 17 6.0 (3.1, 8.9)
Kampala 116 7.8 (6.2, 9.3) 94 9.0 (7.0, 11.0) 22 4.4 (2.4, 6.4)
East Central 65 7.1 (5.4, 8.9) 52 8.0 (5.8, 10.2) 13 5.0 (2.2, 7.8)
Mid-Eastern 50 5.4 (3.9, 6.9) 41 5.3 (3.7, 7.0) 9 5.6 (2.0, 9.2)
North East 84 6.7 (5.0, 8.4) 71 7.7 (5.5, 9.8) 13 3.6 (1.5, 5.7)
West Nile 67 6.0 (4.5, 7.5) 54 6.5 (4.7, 8.3) 13 4.8 (2.2, 7.4)
Mid Northern 133 9.7 (7.9, 11.5) 124 11.5 (9.3, 13.7) 9 2.9 (0.9, 4.9)
South Western 110 10.5 (8.5, 12.4) 94 10.9 (8.7, 13.1) 16 8.3 (4.2, 12.4)
Mid-Western 117 9.9 (8.0, 11.7) 98 10.2 (8.1, 12.2) 19 8.6 (4.7, 12.5)

# – Number HIV positive, Denominators are presented in Table 1. HIV prevalence estimates are weighted by population survey weights.
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(aOR: 0.67, 95% CI: 0.45, 0.99); secondary versus pri-
mary education (aOR: 0.64, 95% CI: 0.52, 0.80) and
rural versus urban residence (aOR; 0.59, 95% CI:
0.43, 0.80) (Table 4).

For those tested in a community setting, the odds
of testing HIV positive was significantly higher for
females compared to males (aOR; 1.62, 95% CI:
1.21, 2.15); previously married versus married/coha-
biting (aOR: 2.05, 95% CI: 1.44, 2.92); and among
those who had two or more sexual partners com-
pared to those who had one (aOR; 1.95, 95% CI:
1.37, 2.76). The likelihood of a positive test result
was significantly lower among those aged 15–19
years versus age group 20–29 years (aOR: 0.34, 95%
CI: 0.17, 0.70) (Table 4). Further analysis comparing
HIV prevalence among those tested in a health

facility in 12 months preceding the survey with
those tested in a community setting are presented
in Appendix 4.

Prevalence of testing for HIV in a health facility in
the 12 months preceding survey

Prevalence of testing for HIV in a health facility in the 12
months preceding the survey was higher among females
(5507, 72.7%); age group 20–29 years (3221, 67.1%);
married/cohabiting (5204, 63.7%); and in those who
reported one sexual partner in the 12 months preceding
the survey (5585, 64.8%). Testing was lower among
males (1413, 34.9%); age group 15–19 years (724,
50.1%); age group 40–49 (866, 43.4%); never married
(891, 42.5%); and among those who had two or more

Table 3. Proportion tested for HIV in a health facility in the 12 months preceding the survey and HIV prevalence by testing venue.

Characteristic

Tested in health facility in 12 months preceding the
survey Tested in community setting

HIV prevalence ratio (95% CI)*
Number
tested (%) n# Weighted prevalence (95% CI) n# Weighted prevalence (95% CI)

Total 6920 59.0 722 10.9 (10.0, 11.7) 100 6.2 (5.4, 7.0) 1.8 (1.4, 2.2)
Gender
Male 1413 34.9 169 12.6 (10.6, 14.7) 37 4.6 (3.0, 6.2) 2.7 (1.9, 3.9)
Female 5507 72.7 553 10.4 (9.5, 11.3) 63 7.8 (5.7, 9.9) 1.3 (1.0, 1.7)
Age
15–19 724 50.1 37 5.4 (3.5, 7.4) 5 1.7 (1.9, 3.3) 3.2 (1.3, 8.0)
20–29 3221 67.1 225 7.2 (6.2, 8.2) 35 6.7 (4.2, 9.2) 1.1 (0.8, 1.5)
30–39 2109 62.0 286 14.7 (12.9, 16.4) 30 6.3 (3.9, 8.6) 2.3 (1.6, 3.3)
40–49 866 43.4 174 20.3 (17.4, 23.2) 30 10.3 (6.5, 14.0) 2.0 (1.4, 2.8)
Education level
No Education 782 63.7 98 13.3 (10.7, 15.9) 10 5.5 (1.9, 9.1) 2.4 (1.3, 4.5)
Primary 3917 61.3 446 12.1 (10.9, 13.2) 60 7.5 (5.4, 9.5) 1.6 (1.2, 2.1)
Secondary 2221 55.5 178 8.0 (6.7, 9.3) 30 4.8 (3.0, 6.6) 1.7 (1.1, 2.4)
Marital status
Never married 891 42.5 54 6.4 (4.5, 8.2) 11 2.9 (0.8, 5.1) 2.2 (1.2, 4.2)
Married/Cohabiting 5204 63.7 445 8.8 (7.9, 9.7) 67 6.8 (5.1, 8.5) 1.3 (1.0, 1.7)
Previously married 825 61.5 223 29.7 (26.1, 33.3) 22 13.5 (7.8, 19.1) 2.2 (1.5, 3.3)
Number of sexual partners in 12 months
preceding survey

0 872 45.1 166 20.2 (17.1, 23.4) 20 5.3 (2.9, 7.8) 3.8 (2.4, 6.0)
1 5585 64.8 499 9.3 (8.4, 10.1) 60 6.3 (4.5, 8.1) 1.5 (1.1, 1.9)
2+ 463 43.2 57 12.8 (9.4, 16.3) 19 7.7 (4.2, 11.3) 1.7 (1.0, 2.7)
Currently working
No 1820 64.3 158 8.7 (7.2, 10.2) 21 3.9 (2.1, 5.8) 2.2 (1.4, 3.5)
Yes 5100 58.0 564 11.6 (10.6, 12.6) 79 7.1 (5.4, 8.8) 1.6 (1.3, 2.0)
Distance to nearest HF
<2 1493 62.0 171 11.3 (9.4, 13.2) 18 6.2 (2.6, 9.7) 1.8 (1.1, 2.9)
2–5 2852 59,3 256 9.4 (8.1, 10.6) 34 5.5 (3.5, 7.4) 1.7 (1.2, 2.4)
5+ 2341 58.5 275 12.5 (11.0, 14.0) 44 7.2 (5.0, 9.4) 1.7 (1.3, 2.4)
Don’t Know 234 55.8 20 10.0 (4.8, 15.2) 4 6.0 (0.1, 11.8) 1.7 (0.6, 4.7)
Area of residence
Rural 5284 59.6 530 10.5 (9.6, 11.4) 77 6.3 (4.8, 7.7) 1.7 (1.3, 2.1)
Urban 1636 59.2 192 12.1 (10.1, 14.1) 23 6.2 (2.9, 9.5) 2.0 (1.3, 3.0)
Region
Central 1 662 57.5 95 14.8 (11.7, 17.9) 14 9.6 (4.0, 15.2) 1.5 (0.9, 2.6)
Central 2 713 60.2 81 11.0 (8.5, 13.5) 11 6.1 (2.3, 9.9) 1.8 (1.0, 3.3)
Kampala 803 54.1 81 10.3 (7.8, 12.7) 13 5.1 (2.1, 8.1) 2.0 (1.1, 3.6)
East Central 547 55.0 48 9.8 (7.0, 12.5) 8 4.8 (1.4, 8.3) 2.0 (1.0, 4.2)
Mid-Eastern 544 60.5 31 5.4 (3.5, 7.3) 10 7.1 (2.8, 11.4) 0.8 (0.4, 1.5)
North East 711 63.4 62 7.6 (5.4, 9.8) 11 7.5 (2.9, 12.0) 1.0 (0.5, 1.9)
West Nile 680 54.8 47 7.6 (5.3, 9.8) 9 5.3 (1.8, 8.8) 1.4 (0.7, 2.9)
Mid Northern 886 62.8 106 12.5 (9.8, 15.1) 6 2.6 (0.4, 4.9) 4.8 (2.1, 10.8)
South Western 639 62.5 86 13.4 (10.6, 16.2) 9 9.7 (3.2, 16.2) 1.4 (0.7, 2.6)
Mid-Western 735 60.8 85 11.6 (9.1, 14.1) 9 6.3 (2.1, 10.6) 1.8 (0.9, 3.6)

# – number HIV positive. *HIV prevalence ratio comparing health facility and community testers.
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sexual partners in the 12 months preceding the survey
(463, 43.2%) (Table 3).

Discussion

We analysed data from 2011 UAIS, to estimate the pro-
portion of individuals ever tested for HIV; prevalence by
testing venue; HIV PR for those tested in a health facility
to those tested in a community setting; and assessed fac-
tors associated with HIV positivity for each subgroup.

Findings show that 59.0% of the respondents tested
for HIV in a health facility in the 12 months preceding
the survey. Overall HIV PR was 1.8. PR was 2 or more
times higher among males; age groups 15–19, 30–39
and 40–49 years; those with no education; never or pre-
viously married; and among those who had no sexual
partner in the 12 months preceding the survey.

Higher HIV prevalence among health facility com-
pared to community-based testing found in this study
is consistent with findings elsewhere (Chirawu et al.,
2010; Govindasamy et al., 2015; Lugada et al., 2010;
Sharma et al., 2015; Silvestri et al., 2011). For example,
in a rural community in East Central Uganda, HIV
prevalence was 2.7 (17.3% vs. 7.1%) times higher in the
clinic-based compared to home-based arm (Lugada

et al., 2010) while in Zimbabwe, positivity rates were
32.9% and 18.8% for clinic and community-based arms
respectively (Chirawu et al., 2010). These findings
demonstrate higher HIV prevalence (∼2-fold) in health
facility testing compared to prevalence based on HIV
testing from a community setting.

Furthermore, HIV prevalence was 3.6% (10.9% vs
7.3%) higher and 1.9% (5.4% vs 7.3%) lower among indi-
viduals tested in health facility and those tested in a com-
munity setting respectively compared to overall
prevalence in the general population (Ministry of
Heath and ICF international, 2012).

Higher HIV prevalence among health facility com-
pared to community-based testing have been attributed
to ill health among individuals accessing health facilities
in many studies (Chirawu et al., 2010; Sharma et al.,
2016; Silvestri et al., 2011; Ssebunya et al., 2018). Other
studies attributed higher HIV prevalence among health
facility testers to a desire by individuals to know status
after a risky sexual behaviour (Ssebunya et al., 2018).

In this study, we observed similar HIV prevalence
(PR=1.1) for those tested at a health facility compared
to those tested at community setting for the age group
20–29 years. This age group comprise mainly newly mar-
ried individuals who have a desire to have children and

Table 4. Factors associated with HIV prevalence by venue of testing.

Characteristic

Overall Tested in health facility Tested in community

cOR (95% CI) aOR (95% CI) aOR (95% CI) aOR (95% CI)

Gender (Reference group: Male)
Female 1.25 (1.09, 1.44)* 1.21 (1.03, 1.43)* 0.78 (0.62, 0.97)* 1.62 (1.21, 2.15)*
Age (Reference group: 20–29)
15–19 0.48 (0.35, 0.66)* 0.53 (0.38, 0.75)* 0.67 (0.45, 0.99)** 0.34 (0.17, 0.70)*
30–39 1.86 (1.58, 2.18)* 1.70 (1.43, 2.03)* 1.96 (1.60, 2.42)* 1.24 (0.89, 1.74)
40–49 2.28 (1.90, 2.72)* 1.89 (1.55, 2.31)* 2.92 (2.28, 3.73)* 1.17 (0.80, 1.69)
Education Level (Reference group: Primary)
No Education 1.09 (0.86, 1.38) 0.86 (0.68, 1.10) 0.91 (0.69, 1.19) 0.70 (0.41, 1.19)
Secondary 0.61 (0.52, 0.72)* 0.72 (0.60, 0.86)* 0.64 (0.52, 0.80)* 0.85 (0.61, 1.18)
Marital status (Reference Group: Married/Living together)
Never married 0.49 (0.39, 0.63)* 0.80 (0.58, 1.1) 0.93 (0.64, 1.37) 0.74 (0.43, 1.27)
Previously married 3.33 (2.81, 3.96)* 2.76 (2.27, 3.35)* 3.25 (2.66, 4.12)* 2.05 (1.44, 2.92)*
Number of sexual partners in 12 months preceding survey (Reference Group: 1)
0 1.52 (1.27, 1.81)* 1.32 (1.07, 1.63)* 1.55 (1.20, 2.00)* 1.01 (0.67, 1.53)
2+ 1.39 (1.11, 1.74)* 1.43 (1.12, 1.82)* 1.07 (0.77, 1.50) 1.95 (1.37, 2.76)*
Currently working (Reference Group: Not employed)
Employed 1.34 (1.13, 1.61)* 1.02 (0.84, 1.24) 1.03 (0.83, 1.28) 0.99 (0.65, 1.50)
Distance to nearest HF (Reference Group: <2Km)
2–5 0.80 (0.66, 0.98)**
5+ 1.02 (0.83, 1.25)
Don’t Know 0.79 (0.53, 1.19)
Area of residence (Reference Group: Urban)
Rural 0.84 (0.69, 1.03) 0.62 (0.47, 0.82)* 0.59 (0.43, 0.80)* 0.75 (0.46, 1.23)
Region (Reference Group: Central 1)
Central 2 0.75 (0.56, 1.02) 0.74 (0.53, 1.02) 0.75 (0.51, 1.10) 0.71 (0.41, 1.21)
Kampala 0.60 (0.43, 0.84)* 0.49 (0.32, 0.75)* 0.53 (0.33, 0.86)* 0.47 (0.23, 0.93)*
East Central 0.45 (0.31, 0.66)* 0.46 (0.31, 0.66)* 0.58 (0.37, 0.90)* 0.30 (0.15, 0.60)*
Mid-Eastern 0.40 (0.25, 0.64)* 0.44 (0.27, 0.71)* 0.37 (0.23, 0.62)* 0.53 (0.24, 1.14)
North East 0.54 (0.38, 0.77)* 0.58 (0.40, 0.82)* 0.56 (0.37, 0.84)* 0.53 (0.30, 0.95)*
West Nile 0.38 (0.26, 0.56)* 0.36 (0.23, 0.56)* 0.38 (0.22, 0.64)* 0.33 (0.18, 0.63)*
Mid Northern 0.72 (0.52, 1.01) 0.80 (0.56, 1.13) 0.78 (0.53, 1.16) 0.59 (0.33, 1.11)
South western 0.82 (0.60, 1.14) 0.87 (0.62, 1.22) 0.93 (0.62, 1.38) 0.65 (0.38, 1.14)
Mid-western 0.73 (0.53, 102) 0.78 (0.55, 1.11) 0.82 (0.54, 1.24) 0.69 (0.40, 1.17)

*p-value<0.01, **P-value<0.05, cOR- unadjusted Odds Ratio, aOR-Adjusted Odds Ratio.
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are therefore more likely to visit a health facility for ante-
natal or child health reasons and not a recent high-risk
sexual behaviour or ill health. Similarly, HIV PR for mar-
ried/cohabiting individuals and those who had one sex-
ual partner was close to 1, (i.e., 1.3, and 1.5
respectively). These population sub groups are more
likely to be in stable sexual/family relationship and there-
fore are more likely to visit a health facility for antenatal
or family health reasons and thus less likely to test HIV
positive. Additionally, in sub-Saharan Africa, caring for
sick family members are often delegated to women
who attend to/take care of sick family members seeking
health care. This phenomenon may explain the PR (∼1),
observed among females who had tested at health facili-
ties compared to those tested at a community setting.

Several studies have also found lower fertility among
HIV positive women compared to their HIV negative
counterparts (Gregson et al., 2002; Zaba et al., 2000).
This implies that women who visit health facilities for
antenatal reasons are less likely to test HIV positive,
similar to findings in this study.

Additionally, this study found higher HIV PR among
never-married individuals; previously married; and those
with no sexual partners tested at health facilities com-
pared those tested at a community setting. This may be
attributed to ill health or a recent risky sexual behaviour
in these population subgroups as noted above.

Regarding factors associated with HIV positivity,
similar factors were found for those tested in a health
facility and those testing in a community setting for all
socio-demographic characteristics except gender.
Among those tested in a health facility, HIV positivity
was significantly lower among females compared to
males. However, positivity was significantly higher
among females tested in a community setting compared
to males consistent with findings elsewhere (Amornkul
et al., 2009; Kwesigabo et al., 2000; World Health Organ-
ization, 2015; Zaba et al., 2000). Lower positivity rates
among females tested at health facilities compared to
males may be attributed to males seeking care at health
facilities due to ill health, while women may visit health
facilities for antenatal or other family health reasons as
noted above.

We also observed higher HIV positivity rates among
individuals who reported no sexual partner compared
to those who had only one partner in the 12 months pre-
ceding the survey irrespective of the venue of testing.
Higher HIV positivity rates in this subgroup may be
attributed to concealment of existing or earlier sexual
relationships consistent with a study in Uganda, that
found never and previously married individuals had
more sexual partners compared to those who were mar-
ried (Nalugoda et al., 2014).

Although prevalence of health facility testing was gen-
erally low at 59%, testing was lower among males, indi-
viduals who had two or more sexual partners, those
with primary or lower level of education consistent
with findings from other studies (Amornkul et al.,
2009; Manda et al., 2015; Mekonnen et al., 2015; Mtenga
et al., 2015; Mtowa et al., 2017; Muyunda et al., 2018;
Nalugoda et al., 2014). The proportion of males tested
in a health facility was only 34.9% compared to 72.7%
of females. In Uganda, there is almost universal HCT
coverage among women seeking antenatal and postnatal
services (>95%) (Uganda Bureau of Statistics (UBOS)
and ICF International Inc, 2012), accounting for higher
testing rates among females compared males found in
this study. We also observed lower testing rates in age
groups 15–19years and 40–49 years consistent with
other studies in Sub-Saharan Africa (Staveteig et al.,
2017). The low testing rates in older age groups has
been attributed to reluctance by health workers to prior-
itise testing for older age groups and poor health seeking
behaviour among youths and older persons (Kiplagat,
2018). Other well-documented barriers for HCT access
by men and youth include fear to find out ones test
results; avoiding to divulge personal information to
health workers (Facha et al., 2016; Mohlabane et al.,
2016).

Limitations

This study used population survey data, many limit-
ations including, recall of information such as, when
and where the last HIV test was conducted may be
influenced by the respondent’s personal experiences
during the test and whether the experience was desirable.
Individuals may prefer not to report negative experiences
such as positive HIV test result during a previous test.
Reasons for testing for HIV at a health facility or com-
munity setting were not captured during the survey.

Conclusions

We found higher HIV prevalence among individuals
who tested in a health facility compared to those tested
in a community setting. HIV PR was more than a two-
fold in males; age groups 15–19 and 40–49 years; never
married and those who had no sexual partners in the
12 months preceding the survey while prevalence of
facility testing was lower in these population subgroup
groups. Higher HIV prevalence among specific popu-
lation subgroups accessing health facilities and the low
testing rates in those population subgroups call for con-
tinuous review of Health Management Information Sys-
tem (HMIS) data to inform scaling up of HIV testing
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interventions. Additionally, HMIS data comprise data
from public health facilities only, excluding private
health facilities accessed by wealthier and more educated
individuals whose HIV prevalence rates may be different
from that of the general population.
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Appendices

Appendix 1. Health care classification in Uganda

(1) Health Center (HC) II is the lowest level of service deliv-
ery. It is located at parish level. It forms the first contact
with the formal health sector for the community. It pro-
vides Primary Health Care (PHC) and outpatient clinical
services to about 5000 people. It has no inpatient and lab-
oratory services and is headed by a nurse.

(2) Health Center (HC) III is located in the sub-Counties,
provides PHC, laboratory, clinical outpatient as well as
maternity services. Its catchment population is 20,000
people. It is a referral facility for the community and
HC II.

(3) Health Center (HC) IV is located at the county level or
sub-district level and covers a population of 100,000
people. It provides PHC, clinical, maternity, laboratory,
blood transfusion and emergency surgery services. It is a
referral facility for the community, HC II and III.

Appendix 2. Method for computing
confidence interval

Let X and Y be independent binomial variates based on the
sample sizes m and n and parameters p1 and p2, respectively.
Let the, We computed the prevalence ratio confidence intervals
using the Katz et al. (1978) method as follows.

Letting T = (X/m)/(Y/n), then the random variable ln (T)
is approximately normally distributed with approximate mean
ln (u) and estimated variance
ŝ2 = ((1/x)− (1/m))+ ((1/y)− (1/n)).

The approximate two sided 1− a/2 confidence interval for
u is given by

{t∗ exp (−Z1−a/2)∗ŝ, t∗ exp (Z1−a/2)∗ŝ},

where Z1−a/2 is the 1− a/2 percentile of the standard normal
distribution, and t is the observed value of T.

10 J. OUMA ET AL.

https://doi.org/10.1371/journal.pone.0186316
https://doi.org/10.1371/journal.pone.0186316
https://www.unaids.org/sites/default/files/country/documents/UGA_2018_countryreport.pdf
https://www.unaids.org/sites/default/files/country/documents/UGA_2018_countryreport.pdf
https://www.unaids.org/sites/default/files/country/documents/UGA_2018_countryreport.pdf
https://doi.org/10.2471/BLT.07.042580
https://doi.org/10.1111/j.1365-3156.2009.02417.x
https://doi.org/10.1097/QAD.0000000000001337
https://doi.org/10.1097/QAD.0000000000001337
https://doi.org/10.1097/00002030-200012010-00014
https://doi.org/10.1097/00002030-200012010-00014


Appendix 3. Prevalence of ever testing for HIV by testing venue

Characteristic
Overall

HIV test taken in

Health facility Community

N n Weighted percentage n Weighted percentage
Total 11685 8978 77.1 2707 22.9
Gender
Male 4038 2582 64.2 1456 35.8
Female 7647 6396 84.0 1251 16.0
Age
15–19 1498 953 65.1 545 34.1
20–29 4789 3894 81.2 895 18.8
30–39 3422 2716 79.6 706 20.5
40–49 1976 1415 71.7 561 28.3
Education level
No Education 1216 1007 82.3 209 17.7
Primary 6406 5003 78.3 1403 21.7
Secondary+ 4063 2968 73.7 1095 26.3
Marital status
Never married 2159 1301 61.4 858 14.5
Married/Cohabiting 8169 6609 80.8 1560 19.2
Previously married 1357 1068 79.8 289 20.2
Number of sexual partners in last 12 months
0 1957 1252 65.4 705 34.6
1 8649 6980 80.6 1669 19.4
2+ 1079 746 69.9 333 30.0
Currently working
No 2894 2219 77.5 675 22.5
Yes 8791 6759 77.0 2032 23.0
Distance to nearest HF
<2 2441 1920 78.9 521 21.1
2–5 4823 3696 77.0 1127 23.0
5+ 4009 3040 76.0 969 24.0
Don’t Know 412 322 77.0 90 23.0
Area of residence
Rural 8870 6845 77.2 2025 22.8
Urban 2815 2133 76.7 682 23.4
Region
Central 1 1151 889 77.2 262 22.8
Central 2 1177 861 72.4 316 27.6
Kampala 1464 1068 72.2 396 27.8
East Central 1013 722 72.5 291 27.5
Mid-Eastern 901 732 81.0 169 19.0
North East 1134 875 75.4 259 24.6
West Nile 1220 896 72.8 324 27.2
Mid Northern 1394 1107 79.4 287 20.6
South Western 1024 853 83.6 171 16.4
Mid-Western 1207 975 80.5 232 19.5

Note: Coverage proportions are weighted using population survey weights.

Appendix 4. Factors associated with HIV positive among those tested in the 12 months preceding the
survey

Characteristic

Overall Tested in health facility Tested in community

cOR (95% CI) aOR (95% CI) aOR (95% CI) aOR (95% CI)
Gender (Reference group: Male)
Female 1.05 (0.85, 1.29) 1.16 (0.92, 1.47) 1.00 (0.77, 1.29)* 1.76 (1.00, 3.10)*
Age (Reference group: 20–29)
15–19 0.67 (0.45, 0.99)* 0.59 (0.40, 0.88)* 0.68 (0.45, 1.03) 0.34 (0.12, 0.96)*
30–39 1.78 (1.43, 2.22)* 1.56 (1.25, 1.94)* 1.66 (1.31, 2.10)* 1.03 (0.59, 1.80)
40–49 2.45 (1.88, 3.19)* 1.96 (1.51, 2.55)* 2.09 (1.58, 2.77)* 1.49 (0.82, 2.71)
Education level (Reference group: Primary)
No Education 1.03 (0.76, 1.40) 0.82 (0.61, 1.11) 0.88 (0.64, 1.20) 0.60 (0.28, 1.37)
Secondary 0.59 (0.48, 0.75)* 0.66 (0.52, 0.83)* 0.61 (0.47, 0.78)* 0.93 (0.64, 1.61)
Marital status (Reference group: Married/Living together)
Never married 0.60 (0.43, 0.85)* 0.74 (0.50, 1.11) 0.85 (0.55, 1.31) 0.46 (0.19, 1.15)
Previously married 3.26 (2.53, 4.19)* 2.53 (1.94, 3.28)* 2.76 (2.08, 3.66)* 1.64 (0.88, 3.05)

(Continued )
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Continued.

Characteristic

Overall Tested in health facility Tested in community

cOR (95% CI) aOR (95% CI) aOR (95% CI) aOR (95% CI)
Number of sexual partners in 12 months preceding survey (Reference group: 1) sig 10%
0 1.89 (1.46, 2.46)* 1.93 (1.00, 1.75) 1.39 (1.02, 1.90)* 1.28 (0.63, 2.60)
2+ 1.31 (0.94, 1.82) 1.36 (0.99, 1.88) 1.15 (0.79, 1.67) 1.98 (1.05, 3.75)**
Currently working (Reference group: Not employed)
Employed 1.21 (0.96, 1.52) 1.01 (0.81, 1.25) 1.01 (0.79, 1.29) 0.94 (0.54, 1.65)
Distance to nearest HF (Reference group: <2 Km)
2–5 0.72 (0.55, 0.93)*
5+ 1.07 (0.82, 1.39)
Don’t Know 0.89 (0.51, 1.56)
Area of residence (Reference group: Urban)
Rural 0.80 (0.63, 1.02) 0.61 (0.44, 0.85)* 0.58 (0.41, 0.82)* 0.90 (0.39, 2.06)
Region (Reference group: Central 1)
Central 2 0.69 (0.47, 1.03)** 0.68 (0.46, 1.00)** 0.68 (0.45, 1.04) 0.66 (0.25, 1.71)
Kampala 0.66 (0.43, 1.01)** 0.54 (0.33, 0.88)* 0.51 (0.30, 0.87)* 0.75 (0.24, 2.38)
East Central 0.58 (0.35, 0.97)* 0.54 (0.34, 0.86)* 0.58 (0.36, 0.97)* 0.41 (0.15, 1.13)
Mid-Eastern 0.36 (0.20, 0.64)* 0.46 (0.27, 0.78)* 0.38 (0.21, 0.68)* 0.76 (0.30, 1.94)
North East 0.54 (0.34, 0.85)* 0.61 (0.40, 0.94)* 0.54 (0.34, 0.86)* 1.02 (0.44, 2.37)
West Nile 0.38 (0.21, 0.68)* 0.38 (0.22, 0.65)* 0.34 (0.19, 0.62)* 0.51 (0.19, 1.38)
Mid Northern 0.78 (0.51, 1.19) 0.74 (0.48, 1.13) 0.78 (0.50, 1.22) 0.36 (0.13, 1.01)
South western 0.86 (0.56, 1.32) 0.94 (0.61, 1.45) 0.87 (0.55, 1.38) 1.27 (0.49, 3.30)
Mid-western 0.72 (0.46, 1.15) 0.78 (0.49, 1.22) 0.75 (0.46, 1.22) 0.83 (0.31, 2.26)
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Abstract

Background: National or regional population-based HIV prevalence surveys have small sample sizes at district or
sub-district levels; this leads to wide confidence intervals when estimating HIV prevalence at district level for
programme monitoring and decision making. Health facility programme data, collected during service delivery is
widely available, but since people self-select for HIV testing, HIV prevalence estimates based on it, is subject to
selection bias. We present a statistical annealing technique, Hybrid Prevalence Estimation (HPE), that combines a
small population-based survey sample with a facility-based sample to generate district level HIV prevalence
estimates with associated confidence intervals.

Methods: We apply the HPE methodology to combine the 2011 Uganda AIDS indicator survey with the 2011
health facility HIV testing data to obtain HIV prevalence estimates for districts in Uganda. Multilevel logistic
regression was used to obtain the propensity of testing for HIV in a health facility, and the propensity to test was
used to combine the population survey and health facility HIV testing data to obtain the HPEs. We assessed
comparability of the HPEs and survey-based estimates using Bland Altman analysis.

Results: The estimates ranged from 0.012 to 0.178 and had narrower confidence intervals compared to survey-
based estimates. The average difference between HPEs and population survey estimates was 0.00 (95% CI: − 0.04,
0.04). The HPE standard errors were 28.9% (95% CI: 23.4–34.4) reduced, compared to survey-based standard errors.
Overall reduction in HPE standard errors compared survey-based standard errors ranged from 5.4 to 95%.

Conclusions: Facility data can be combined with population survey data to obtain more accurate HIV prevalence
estimates for geographical areas with small population survey sample sizes. We recommend use of the
methodology by district level managers to obtain more accurate HIV prevalence estimates to guide decision
making without incurring additional data collection costs.

Keywords: Combining, Bias, Population survey, Health Information System, Hybrid Prevalence Estimate,
District Health Information System
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Background
Accurate data are needed for monitoring health pro-
grammes and interventions and for appropriate allocation
of resources. In most of sub-Saharan Africa (SSA), where
the HIV/AIDS epidemic is generalized, national popula-
tion surveys, such as AIDS Indicator Surveys (AIS), are
preferred to provide reliable health indicator estimates for
programme monitoring [1]. The surveys are however de-
signed to provide estimates at national and regional levels,
but small sample sizes at district or sub-district levels lead
to less reliable indicator estimates, that have wider confi-
dence intervals [1–4].
Health Information Systems such as the District Health

Information System (DHIS2) provide another source of
information that can be used for monitoring the HIV/
AIDS epidemic. This data is collected more regularly,
available at more decentralized levels, e.g. districts and
costs less to collect. WHO, UNAIDS and other develop-
ment partners recommend use of routine facility data in
addition to other data sources to monitor programme per-
formance, assess intervention coverage and measure levels
of disease in a population [5]. Use of routine health facility
data informed the adjustments in HIV prevalence esti-
mates in many countries in Eastern and Southern Africa
[6]. Several other studies highlight the utility of data from
routine service delivery in informing service delivery deci-
sions [7, 8]. Routine service delivery data, however, are
collected only on individuals who attend/access health fa-
cilities and thus provide potentially biased estimates of
population indicators.
In addition, development partners and ministries of

health in middle and low-income countries have invested
in electronic health information systems including the
DHIS2, to improve the quality and timeliness of data from
the systems. In Uganda, Ministry of Health (MoH) with
support from development partners conduct quarterly re-
views to validate data reported into DHIS2 [9]. With this
investment, there is a need to find ways to utilize this
source of information to inform service delivery decisions.
Combining routine data with a relatively small sample of
respondents from population survey data has been found
to produce more accurate indicator estimates [10, 11].
Statistical models in packages such as SPECTRUM or

THEMBISA attempt to use both routine and population
survey data to calculate HIV/AIDS indicators. Model in-
puts such as ANC prevalence, mortality, number of indi-
viduals on ART and recent HIV prevalence when not
available, complicate their use [12]. A simpler and more
robust method may be easier to use and give good results.
Larmarange and Bendaud obtained district level estimates

from population survey data from 17 countries using a ker-
nel density approach implemented in PrevR [13]. In dis-
tricts with inadequate number of observations in the survey
sample, estimates were obtained based on observations

from neighboring districts or administrative units and were
categorized as “uncertain” estimates [13]. Using a similar
approached, PrevR, UNAIDS found “uncertain” estimates
in up to 86% of the districts in Mozambique and in 79% of
the districts in Uganda [13, 14].
In this study, we explore use of the readily available

health facility service delivery data in combination with
population survey data to obtain more accurate HIV
prevalence estimates at district level for monitoring in-
terventions and disease impact in the general population.
We implement the Hybrid Prevalence Estimation (HPE)
methodology to obtain HIV prevalence estimate and
95% confidence interval for districts in Uganda. The esti-
mation process accounts for sample size limitations as-
sociated with population survey data at district level and
self-selection bias associated with health facility testers, a
limitation that many researchers have not been able to
address adequately [2–4, 15–18].

Methods
Data sources
We analyzed data from the 2011 Uganda AIDS Indi-
cator Survey (UAIS) and health facility HIV testing
data from the national DHIS2 collected during 2011.
UAIS data was downloaded from the Measure DHS
website www.measuredhs.com after obtaining consent
from ICF/Macro international, while health facility
testing data was extracted from the DHIS2 hosted at
MoH after obtaining written permission from MoH.
Ethical clearance to conduct this study was obtained
from the University of Witwatersrand Human Re-
search Ethics Committee (HREC) and Uganda Na-
tional Council for Science and Technology (UNCST).

Uganda AIDS Indicator survey
The UAIS is a nationally representative, population-based,
HIV serological survey, designed to provide HIV prevalence
estimates at national and regional levels [19]. The survey
used a two-stage cluster sampling design. For the 2011 sur-
vey, Uganda was divided into 10 geographical regions each
consisting of 8–15 neighboring districts. Clusters were ran-
domly selected from each region with probability propor-
tional to number of households in the cluster. The
estimated number of households per cluster were projec-
tions from the 2002 National Population and Housing Cen-
sus (NPHC) [20]. Clusters were enumeration areas from
the 2002 NPHC. Sample sizes were allocated equally across
the 10 geographical regions. A systematic sample of 25
households were then selected from each cluster using the
2002 NPHC sampling frame. All adults present in the se-
lected household and who consented to participate in the
survey were interviewed [19]. More details about the survey
are available from www.measuredhs.com.

Ouma et al. BMC Public Health          (2020) 20:379 Page 2 of 14

http://www.measuredhs.com
http://www.measuredhs.com


For this study, a total of 19,475 individuals (8532 men
and 10,943 women) aged 15–49 years and tested for HIV
during the survey were considered. Variables included in
the analysis were (i) at cluster level: area of residence
(urban/rural) and region of the country and at (ii) individ-
ual level: respondents’ gender, marital status, education
level attained, number of sexual partners including hus-
band/wife in the 12months preceding the survey, employ-
ment status and distance to nearest health facility.
A multilevel logistic regression model was fitted to the

UAIS data to obtain the respondents’ probability of testing
for HIV in a health facility. The model was fitted using a
total of 470 clusters. The average number of observations
per cluster were 45(min = 11 and max = 64). Unequal sam-
ple selection probabilities were accounted for by incorpor-
ating scaled sampling weights. Carle’s methodology was
applied to adjust/scale the sampling weights [21]. The
models were fitted using maximum likelihood method in
Stata statistical software, release 15 [22].
Survey respondents were considered to have tested for

HIV at a health facility if they reported that they tested for
HIV in health facility and received their test results in the
12months preceding the survey. Pregnant or breastfeeding
women who tested for HIV during antenatal care attend-
ance and individuals who tested at an HIV care centre
such as The AIDS Support Organization (TASO) and
AIDS Information Centre (AIC) were included in the ana-
lysis. Health facilities included facilities owned and man-
aged by government (public) and private organizations
that reported HIV testing data to the national DHIS2.

Health facility data
Health facility HIV testing data comprised of data re-
ported to the national DHIS2. The system was developed
to provide accurate, timely and quality routine data for
monitoring and planning for the health sector in Uganda
[9, 23]. Training and technical support from development
partners and MoH has led to improvement in the quality
and reliability of data in the system [9]. Aggregated HIV
testing data is reported by health facilities to the DHIS2
on a monthly basis. The data includes HIV testing at all
inpatient and outpatient departments in health facilities.
For 2011 reporting period, data was disaggregated by age
(i.e. 0–14, 15–49 and 50+ years) and gender (male and fe-
male). For this study, we considered males and females
aged 15–49 years.
Indicators considered for this analysis were: number of

individuals who were tested and received their HIV test
results (A) and number of individuals who tested HIV
positive (B). For ANC data, we considered number of
pregnant women counseled, tested and received their HIV
test results (C) at first antenatal visit and the number who
tested HIV positive (D). HIV counseling and testing algo-
rithm in Uganda recommends HIV testing for any

individual whose most recent negative HIV test result was
conducted more than 3 months prior to the current visit
to the health facility [24]. Some individuals may test mul-
tiple times within a year but may not disclose to health
workers resulting in double counting, a key limitation for
this study. Furthermore, some pregnant women may test
for HIV before seeking antenatal care and test again dur-
ing antenatal attendance leading to double counting in the
data reported to the national DHIS2.
Variables based on DHIS2 data were defined as

follows;

– Total number of individuals tested for HIV = (A +C)
– Number HIV positive = (B +D)
– Total number of males tested for HIV = males in A
– Number of males tested HIV positive = males in B
– Total number of females tested for HIV = (females

in A) + C
– Number of female tested HIV positive = (females

in B) +D

Addressing possible bias in health facility data
Routine facility data collected as part of service delivery
consists of individuals who self-select, limiting its’ use for
general population health indicator monitoring. To obtain
general population indicator estimates, some researchers
have used census projections as denominators, however
this approach often results in coverage estimates that are
greater than 100% [25]. Population surveys are preferred
to obtain health indicator denominators since their design
takes into account population distribution in the country
[25–28]. The UAIS comprise two subpopulations, namely
individuals who tested for HIV in a health facility in the
12months preceding the survey (the facility testers) and
those who did not test for HIV in a health facility (the
non-facility testers) for the same period. We assume that
the UAIS estimates of HIV prevalence for those who
tested for HIV in a health facility and for those who did
not test for HIV in a health facility are accurate at regional
levels, since estimates of domain proportions from a
multistage survey are unbiased. We apply this assumption
to adjust the denominators of the DHIS2 data so that at
the regional level, DHIS2 HIV prevalence estimates are
similar to UAIS prevalence estimates. The adjustment
process was carried out as follows:

1. We obtained the HIVs prevalence k̂ f among health
facility testers in each region in the UAIS data.

2. We adjusted denominators in the DHIS2 data for
each region using nrajdusted ¼ npos

k̂ f

, where npos is the
observed number of individuals who tested HIV
positive in each region in the DHIS2 data.
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3. Calculated an adjustment factor (δf) for each region,

using δ f ¼ nrajdusted
nr

, where nr is the observed number
of individuals who tested for HIV in each region
from the DHIS2 data.

4. We applied the adjustment factor (δf), to obtain
ndajdusted, the adjusted number of individuals who

tested for HIV in a health facility at district level
using, ndajdusted ¼ δ f �nd, where nd is the observed
number of individuals tested for HIV at district level.

5. HIV prevalence (Pf) based on DHIS2 adjusted data
in the district was then obtained as a ratio of npos,
the total observed positives and nadjusted the
adjusted number of individuals who tested for HIV
in the district, i.e. P f ¼ npos

ndajdusted

Hybrid prevalence estimation methodology
We consider n individuals in the UAIS to include nc indi-
viduals who tested for HIV at a health facility during the
12months preceding the survey and know their test result
and nc individuals who did not test for HIV at a health
facility and therefore do not know their HIV status. i.e.
n ¼ nc þ nc . Using health facility prevalence computed in
step 5 above, we computed district HIV prevalence as a
weighted average of prevalence from DHIS2 data, Pf and
prevalence among individuals who did not test for HIV in
a health facility, P̂s estimated from the UAIS data.

P̂ ¼ π̂cP f þ 1−π̂cð ÞP̂s ð1Þ

where;
P̂ – HPE/combined estimate, π̂c – the estimated prob-

ability of testing for HIV in a health facility, Pf− Adjusted
HIV prevalence for individuals tested at a health facility
and P̂s – HIV prevalence for individuals tested during
the survey and had not tested for HIV in a health facility
in the 12 months preceding the survey. We estimated π̂c

from UAIS data using multilevel logistic regression
adjusting for both individual and cluster level factors.
Applying this model, we account for clustering at cluster
level [25]. Although the probability of testing for HIV in
a health facility was obtained at individual level, we used
average district level probability of testing to combine
the estimates. Since average probability of HIV testing is
obtained from a survey sample containing both facility
and non-facility testers, we estimate the variance and
standard errors (SE) for the HPE respectively as follows;

Var P̂
� � ¼ 1

n
P̂s 1−P̂s
� �

1−π̂cð Þ þ 1−π̂cð Þ P f −P̂s
� �2n o

and SE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
var P̂

� �q

ð2Þ

We assess accuracy of the HPEs compared to survey-
based prevalence estimates by computing the percentage
change in standard errors. We further assessed agree-
ment of the estimates obtained using the HPE method-
ology with those from population survey method (Direct
population survey estimate) using a Bland Altman ana-
lysis [26, 27].
All analysis was carried out in Stata statistical analysis

software, Release 15 [22] and R version 3.5.0 [28].

Results
Of the 19,475 individuals, 6729 (34.6%) tested for HIV in
a health facility in the 12 months preceding the survey.
HIV prevalence among those who tested in a health fa-
cility was 0.084 compared to 0.068 among those who did
not test in a health facility (Table 1).
From health facility data, national (unadjusted) HIV

prevalence was 0.058 (Male: 0.057 Female: 0.059). A total
of 4,758,991 (female: 73.7%) individuals were tested for
HIV in a health facility. (Table 1). DHIS2 HIV positivity
by gender is presented Additional file 1: Appendix 1.

Weighting/annealing factor
Overall (national) average propensity to test in a health fa-
cility was 0.35 (male: 0.27, female:0.41). It ranged from
0.001 to 0.95 (Fig. 1). Mid Northern region had the high-
est average propensity to test for HIV in health facility,
0.44 (male: 0.40 and female: 0.49) while Mid-Eastern re-
gion had the lowest, 0.25 (male: 0.16, female: 0.32) (Fig. 1).

Hybrid prevalence estimates
HIV prevalence was highest in Central 1 region (0.11) and
lowest in Mid-Western and Mid-Eastern regions (0.04 in
each region). District level HPEs ranged from 0.01 to 0.18.
Average HIV prevalence by region were; Central 1: 0.11
(min; 0.06, max; 0.18), Central 2: 0.10 (0.08, 0.17), East
Central: 0.05 (0.02, 0.09), Mid-Eastern: 0.04 (0.01, 0.09),
Mid Northern: 0.09 (0.05, 0.14), Mid-Western: 0.08 (0.03,
0.16), North East:0.04 (0.04, 0.10), South West: 0.08 (0.04,
0.13) and West Nile: 0.04 (0.03, 0.07) (Table 2). Table 2
also presents HPE, survey and DHIS2 based district HIV
prevalence estimates by district.
Figure 2 presents HIV prevalence maps in; both sexes

(map a); in males (map b); and in females (map c). HPEs
had similar patterns for both sexes, males and females
consistent with the regional level prevalence estimates
from population survey in Table 1. Districts in Central 1
region, Mid northern region, Island, and those along
lake shores had higher overall, male and female HIV
prevalence estimates (Fig. 2, and Additional file 1: Ap-
pendix 2) while districts in mid-eastern and West Nile
region had lower HIV prevalence estimates. HPEs were
not calculated for two districts (Bukwo in mid-eastern
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region and Ntoroko in mid-western region) because
UAIS data points was not available for those districts.
Figure 3 compares district HIV prevalence estimates

from population survey and HPE while in Fig. 4, we
compare HPE and the adjusted DHIS2 data for se-
lected districts. Prevalence comparison between HPE
and survey for all districts is presented in Additional
file 1: Appendix 3. The figures show that HPEs had
narrower confidence intervals compared to direct sur-
vey estimates indicating an improvement in the preci-
sion of the estimates.

Of the 110 districts, 51 (46.4%) had lower HPEs (point
estimates) and 59 (53.6%) had higher HPE compared to
the survey-based district prevalence estimates (Fig. 3,
Additional file 1: Appendix 3).
HPEs were however lower than the DHIS2 prevalence

estimates in 74 (67.3%) and higher in 36 (32.7%) of the
districts in Uganda (Fig. 4, Additional file 1: Appendix 4).
A joint comparison of the HP estimates with both

survey-based and health facility-based prevalence esti-
mates show that 33 (30.0%) of the districts had lower
HPEs while 18 (16.4%) had higher estimates compared

Table 1 Regional level HIV prevalence estimates

Region Population Survey prevalence (in proportion) (Number HIV+) Health Facility
Prevalence
(Number
HIV+)a

Overall Tested in Health Facility Not tested in health-Facility

Central 1 0.106 (185) 0.123 (74) 0.096 (111) 0.094 (40,880)

Central 2 0.090 (166) 0.079 (57) 0.096 (109) 0.070 (36,125)

East Central 0.057 (108) 0.081 (39) 0.048 (69) 0.037 (17,207)

Kampala 0.071 (156) 0.080 (62) 0.066 (94) 0.098 (25,447)

Mid-Eastern 0.041 (88) 0.042 (24) 0.041 (64) 0.040 (13,926)

North East 0.053 (98) 0.053 (45) 0.052 (53) 0.026 (15,106)

Mid Northern 0.083 (159) 0.099 (81) 0.071 (78) 0.076 (39,559)

Mid-Western 0.083 (170) 0.089 (63) 0.080 (107) 0.062 (52,102)

West Nile 0.048 (88) 0.055 (33) 0.045 (55) 0.031 (7758)

South Western 0.080 (149) 0.103 (64) 0.069 (85) 0.053 (29,338)

National 0.073 (1367) 0.084 (542) 0.068 (825) 0.058 (277,448)

NOTE: Regional HIV Prevalence from population survey and health facility testing data
aHIV prevalence from the unadjusted health facility data

Fig. 1 Propensity to test for HIV in a health facility
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Table 2 HPE HIV prevalence estimates, (HPE, Survey and unadjusted DHIS2)

Region and
District

HPE Population Survey Facility Data
(unadjusted)Estimate (95% CI) Estimate (95% CI)

Central 1

Bukomansimbi 0.064 (0.027, 0.101) 0.074 (0.021, 0.127) 0.083

Butambala 0.103 (0.017, 0.190) 0.124 (0.000, 1.000) 0.063

Gomba 0.090 (0.036, 0.144) 0.158 (0.060, 0.257) 0.063

Kalangala 0.138 (0.064, 0.212) 0.195 (0.000, 1.000) 0.135

Kalungu 0.142 (0.065, 0.219) 0.102 (0.025, 0.179) 0.086

Lwengo 0.143 (0.090, 0.195) 0.157 (0.090, 0.223) 0.105

Lyantonde 0.121 (0.012, 0.229) 0.109 (0.000, 1.000) 0.085

Masaka 0.178 (0.129, 0.227) 0.156 (0.096, 0.216) 0.131

Mpigi 0.097 (0.065, 0.129) 0.108 (0.059, 0.158) 0.101

Rakai 0.081 (0.053, 0.109) 0.076 (0.042, 0.109) 0.067

Sembabule 0.072 (0.037, 0.106) 0.067 (0.015, 0.118) 0.078

Wakiso 0.107 (0.090, 0.124) 0.096 (0.070, 0.123) 0.094

Central 2

Buikwe 0.083 (0.060, 0.106) 0.079 (0.042, 0.116) 0.086

Buvuma 0.170 (0.102, 0.238) 0.185 (0.096, 0.273) 0.085

Kayunga 0.069 (0.041, 0.096) 0.065 (0.030, 0.100) 0.049

Kiboga 0.090 (0.035, 0.145) 0.063 (0.008, 0.117) 0.069

Kyankwanzi 0.111 (0.049, 0.173) 0.128 (0.054, 0.203) 0.045

Luwero 0.094 (0.066, 0.123) 0.080 (0.044, 0.117) 0.075

Mityana 0.136 (0.097, 0.175) 0.104 (0.058, 0.151) 0.125

Mubende 0.077 (0.053, 0.101) 0.094 (0.056, 0.132) 0.057

Mukono 0.090 (0.063, 0.116) 0.092 (0.054, 0.129) 0.069

Nakaseke 0.073 (0.038, 0.109) 0.083 (0.025, 0.141) 0.083

Nakasongola 0.083 (0.041, 0.125) 0.076 (0.018, 0.134) 0.088

East Central

Bugiri 0.037 (0.019, 0.055) 0.027 (0.008, 0.045) 0.029

Buyende 0.055 (0.020, 0.091) 0.044 (0.006, 0.081) 0.033

Iganga 0.062 (0.037, 0.087) 0.054 (0.025, 0.082) 0.035

Jinja 0.088 (0.064, 0.112) 0.090 (0.056, 0.124) 0.057

Kaliro 0.036 (0.001, 0.071) 0.046 (0.000, 0.098) 0.023

Kamuli 0.051 (0.034, 0.068) 0.058 (0.033, 0.082) 0.036

Luuka 0.023 (0.005, 0.042) 0.018 (0.000, 0.037) 0.018

Mayuge 0.042 (0.023, 0.062) 0.092 (0.043, 0.140) 0.036

Namayingo 0.089 (0.043, 0.135) 0.093 (0.035, 0.151) 0.079

Namutumba 0.037 (0.011, 0.062) 0.038 (0.000, 0.076) 0.030

Kampala 0.076 (0.067, 0.085) 0.071 (0.058, 0.084) 0.098

Mid Eastern

Budaka 0.065 (0.018, 0.111) 0.050 (0.007, 0.093) 0.029

Bududa 0.025 (0.000, 0.055) 0.046 (0.006, 0.087) 0.014

Bulambuli 0.026 (0.000, 0.055) 0.023 (0.000, 0.053) 0.040

Busia 0.068 (0.038, 0.097) 0.074 (0.037, 0.112) 0.063

Butaleja 0.026 (0.003, 0.049) 0.026 (0.001, 0.052) 0.018
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Table 2 HPE HIV prevalence estimates, (HPE, Survey and unadjusted DHIS2) (Continued)

Region and
District

HPE Population Survey Facility Data
(unadjusted)Estimate (95% CI) Estimate (95% CI)

Kapchorwa 0.092 (0.000, 0.186) 0.097 (0.000, 1.000) 0.021

Kibuku 0.036 (0.000, 0.074) 0.014 (0.000, 0.040) 0.027

Kween 0.013 (0.000, 0.032) 0.007 (0.000, 0.022) 0.022

Manafwa 0.034 (0.014, 0.055) 0.034 (0.006, 0.062) 0.035

Mbale 0.037 (0.022, 0.052) 0.035 (0.015, 0.055) 0.070

Pallisa 0.012 (0.002, 0.022) 0.007 (0.000, 0.019) 0.021

Sironko 0.051 (0.022, 0.079) 0.050 (0.020, 0.080) 0.030

Tororo 0.071 (0.044, 0.097) 0.069 (0.041, 0.098) 0.044

Mid Northern

Agago 0.080 (0.047, 0.113) 0.046 (0.011, 0.081) 0.071

Alebtong 0.066 (0.035, 0.097) 0.058 (0.016, 0.100) 0.068

Amolatar 0.108 (0.058, 0.159) 0.158 (0.079, 0.237) 0.078

Amuru 0.059 (0.027, 0.091) 0.028 (0.000, 0.061) 0.043

Apac 0.062 (0.043, 0.080) 0.052 (0.022, 0.082) 0.081

Dokolo 0.070 (0.041, 0.099) 0.055 (0.015, 0.094) 0.061

Gulu 0.090 (0.066, 0.113) 0.100 (0.049, 0.151) 0.086

Kitgum 0.081 (0.042, 0.121) 0.083 (0.024, 0.141) 0.072

Kole 0.047 (0.023, 0.070) 0.029 (0.001, 0.057) 0.051

Lamwo 0.088 (0.041, 0.134) 0.121 (0.043, 0.198) 0.071

Lira 0.108 (0.079, 0.138) 0.111 (0.066, 0.157) 0.098

Nwoya 0.123 (0.033, 0.212) 0.163 (0.000, 1.000) 0.052

Otuke 0.136 (0.048, 0.224) 0.128 (0.000, 1.000) 0.075

Oyam 0.066 (0.043, 0.089) 0.068 (0.035, 0.100) 0.058

Pader 0.140 (0.088, 0.192) 0.165 (0.090, 0.239) 0.087

Mid Western

Buliisa 0.065 (0.013, 0.117) 0.038 (0.000, 0.785) 0.065

Bundibugyo 0.032 (0.010, 0.054) 0.032 (0.000, 0.071) 0.028

Hoima 0.075 (0.050, 0.100) 0.086 (0.051, 0.121) 0.053

Kabarole 0.159 (0.124, 0.194) 0.137 (0.094, 0.180) 0.099

Kamwenge 0.065 (0.037, 0.093) 0.054 (0.023, 0.086) 0.050

Kasese 0.066 (0.046, 0.085) 0.050 (0.027, 0.073) 0.050

Kibaale 0.068 (0.045, 0.091) 0.079 (0.046, 0.113) 0.049

Kiryandongo 0.059 (0.019, 0.098) 0.071 (0.016, 0.126) 0.048

Kyegegwa 0.118 (0.058, 0.177) 0.127 (0.056, 0.198) 0.046

Kyenjojo 0.077 (0.047, 0.106) 0.121 (0.071, 0.172) 0.070

Masindi 0.063 (0.035, 0.091) 0.060 (0.023, 0.097) 0.062

North East

Abim 0.066 (0.004, 0.128) 0.098 (0.000, 1.000) 0.031

Amudat 0.090 (0.000, 0.204) 0.049 (0.000, 0.899) 0.022

Amuria 0.102 (0.067, 0.138) 0.102 (0.056, 0.148) 0.039

Bukedea 0.044 (0.014, 0.074) 0.045 (0.002, 0.088) 0.022

Kaabong 0.037 (0.016, 0.057) 0.021 (0.000, 0.044) 0.022

Kaberamaido 0.081 (0.045, 0.117) 0.061 (0.020, 0.102) 0.034
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to both the survey and health facility-based prevalence
estimates.

Precision of HPE and population survey estimates
Standard errors of the HPEs were generally lower com-
pared to SEs from survey-based estimates (Fig. 5). Of the
districts, 105 (95.5%) had lower HPE SEs compared to
SEs from survey-based estimates. Overall, the HPE
standard errors were decreased by 28.9% (95% CI: 23.4–
34.4) compared to survey-based standard errors.

Similarity of HPE and survey-based estimates
On average, there is no difference between survey and
HPE estimates, 0.0 (95% CI: − 0.04,0.04) (Fig. 6a). Aver-
age difference for males was − 0.01 (95% CI: − 0.05,0.03)
while for females was 0.00 (95% CI: − 0.06,0.06). Al-
though there seems to be a bias (0.01) when assessing
the agreement between HP and survey-based estimates
for males (Fig. 6b), the 95% confidence interval of the
difference between the estimates are narrow. Addition-
ally, there was no systematic pattern of the points as the
average of the estimates increases.

Table 2 HPE HIV prevalence estimates, (HPE, Survey and unadjusted DHIS2) (Continued)

Region and
District

HPE Population Survey Facility Data
(unadjusted)Estimate (95% CI) Estimate (95% CI)

Katakwi 0.074 (0.041, 0.107) 0.080 (0.034, 0.126) 0.035

Kotido 0.052 (0.009, 0.095) 0.046 (0.000, 0.096) 0.017

Kumi 0.040 (0.023, 0.057) 0.025 (0.000, 0.051) 0.024

Moroto 0.041 (0.014, 0.069) 0.065 (0.000, 0.132) 0.023

Nakapiripirit 0.049 (0.002, 0.097) 0.038 (0.000, 0.792) 0.018

Napak 0.075 (0.018, 0.132) 0.073 (0.003, 0.143) 0.023

Ngora 0.046 (0.015, 0.078) 0.061 (0.014, 0.108) 0.020

Serere 0.049 (0.029, 0.069) 0.046 (0.014, 0.077) 0.028

Soroti 0.089 (0.060, 0.118) 0.058 (0.019, 0.097) 0.034

South Western

Buhweju 0.035 (0.000, 0.077) 0.022 (0.000, 0.592) 0.025

Bushenyi 0.096 (0.060, 0.132) 0.079 (0.036, 0.123) 0.068

Ibanda 0.065 (0.027, 0.102) 0.053 (0.002, 0.104) 0.059

Isingiro 0.102 (0.061, 0.143) 0.112 (0.064, 0.160) 0.045

Kabale 0.043 (0.024, 0.063) 0.037 (0.010, 0.064) 0.035

Kanungu 0.077 (0.042, 0.112) 0.084 (0.036, 0.131) 0.047

Kiruhura 0.095 (0.046, 0.144) 0.086 (0.025, 0.148) 0.072

Kisoro 0.053 (0.015, 0.091) 0.059 (0.012, 0.105) 0.026

Mbarara 0.101 (0.068, 0.134) 0.124 (0.072, 0.177) 0.059

Mitooma 0.097 (0.042, 0.151) 0.076 (0.012, 0.140) 0.069

Ntungamo 0.063 (0.040, 0.085) 0.062 (0.030, 0.095) 0.050

Rubirizi 0.133 (0.067, 0.199) 0.140 (0.044, 0.236) 0.057

Rukungiri 0.082 (0.053, 0.111) 0.076 (0.038, 0.115) 0.064

Sheema 0.095 (0.056, 0.134) 0.124 (0.063, 0.185) 0.069

West Nile

Adjumani 0.044 (0.020, 0.067) 0.039 (0.012, 0.065) 0.023

Arua 0.043 (0.031, 0.056) 0.049 (0.030, 0.069) 0.035

Koboko 0.048 (0.019, 0.077) 0.063 (0.025, 0.102) 0.025

Maracha 0.029 (0.001, 0.058) 0.007 (0.000, 0.019) 0.014

Moyo 0.033 (0.011, 0.055) 0.037 (0.005, 0.069) 0.019

Nebbi 0.068 (0.045, 0.091) 0.070 (0.042, 0.098) 0.036

Yumbe 0.026 (0.010, 0.042) 0.027 (0.006, 0.048) 0.014

Zombo 0.056 (0.031, 0.082) 0.040 (0.011, 0.069) 0.050
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The mean difference between the HPE and DHIS2 esti-
mates was 0.01 (95% CI: − 0.05,0.06) (Fig. 7a). Average dif-
ference for males was − 0.01 (95% CI: − 0.07, 0.06) while
for females was 0.02 (95% CI: − 0.05, 0.09), (Fig. 7b and c
respectively). The size of the difference increased with in-
crease in the mean of the estimates. This is seen from the
wider variability of the points about the no-difference
(zero) line as the values of the average of the estimates in-
crease (Fig. 7a-c). The average difference was 0.02 and
confidence intervals were wider when comparing HPEs
and survey-based estimates for females (Fig. 7c).

Discussion
In this study, we implement a novel approach, the Hy-
brid Prevalence Estimation methodology to obtain HIV
prevalence estimates for districts in Uganda. We com-
bined DHIS2 HIV testing data with information of non-
facility testers from the 2011 UAIS data to obtain district
level HIV prevalence estimates.

Although national population surveys are the gold
standard for calculating population level health indicators,
district level estimates from these surveys are less accurate
due to the reduced sample sizes at district or lower ad-
ministrative levels. The demand for accurate indicator es-
timates at district or lower administrative levels for
programme monitoring motivates use of innovative ap-
proaches to provide the estimates. We obtained district
level HIV prevalence estimates by combining population
survey information with DHIS2 data using a Hybrid
Prevalence Estimation methodology. Our estimates had
narrower confidence intervals compared to estimates from
the population survey at the district level, consistent with
findings elsewhere [10, 11]. The HPE was calculated from
three parameters; 1) Prevalence in the health facility sam-
ple, 2) prevalence among non-facility testers from the
population survey sample and 3) the propensity to test for
HIV in a health facility from the population survey sam-
ple. We also observed that HIV prevalence estimate

Fig. 2 District Hybrid Prevalence Estimates. Maps created based on study data using Stata Statistical Software: Release 15. User licence was
acquired before using the software
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Fig. 3 District prevalence estimates from combined and population survey data. P_survey- survey based prevalence estimate while P_HPE is HIV
prevalence based on the HPE methodology

Fig. 4 District prevalence estimates from combined and DHIS2 data. P_HIS- Health facility-based prevalence estimate while P_HPE is HIV
prevalence based on the HPE methodology
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obtained using the HPE methodology was similar to the
population survey HIV prevalence estimates for male and
females combined, and for males only while it was lower
for females. Additionally, UAIS based prevalence estimates
were generally higher while DHIS2 prevalence estimates
were lower than the consistent with findings elsewhere
[29].
In the UAIS, the population can be divided into two do-

mains: 1) those that have access to health facilities, get
tested for HIV, and are linked to appropriate care if found
HIV positive, and 2) those that do not access health facil-
ities and may remain unknown in the health care system.
Barriers to health care access for the latter subpopulation
may include factors such as low/no education and not

being in stable sexual relationship that also increase the
risk of HIV transmission [30, 31]. Combining survey with
DHIS2 data therefore generates more precise indicator es-
timates that can be used to improve planning and service
delivery for the general population at district levels where
service delivery decision are implemented.
Facility level data has known limitations including selec-

tion bias, as it is not a random sample from the population
for measuring general population level prevalence [15, 16,
18, 32]. Studies in Uganda [33, 34], Tanzania [35] and
Zambia [36, 37], have also found facility-based antenatal
HIV testing data has biased estimates of HIV prevalence’
and therefore not appropriate for calculating HIV/AIDS in-
dicators including HIV prevalence in the general

Fig. 5 Standard errors of estimates from survey and the HPE

Fig. 6 Difference plot comparing HPE and Direct survey estimates. PREV_HIS- HIV Prevalence based on health facility data, PREV_hp-HIV
prevalence based on the HPE methodology while PREV_dom- HIV prevalence based on survey data only
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population. The HPE methodology requires use of a small
population survey sample [10, 11] to correct for bias in in-
dicator estimates from health facility testing data. We used
Uganda AIDS indicator survey data to correct for the bias
in DHIS2 so as to obtain the HIV prevalence estimates for
districts in Uganda. Other population surveys such as the
demographic and health surveys can be similarly combined
with facility-based data to obtain general population indi-
cator estimates for planning and decision making, espe-
cially in low resourced environments where resource
constraint limits collection of large sample sizes.
We applied a weighting factor, propensity to test in a

health facility, calculated using multilevel logistic regres-
sion to combine the two data sources. Individuals and clus-
ter level predictors of testing for HIV were included in the
model. Predictors of access to testing or health care system
may also impact HIV disease risk as noted elsewhere [10].
Multilevel logistic regression is also appropriate for the
UAIS design and enables inclusion of both individual and
cluster level risk factors in the modelling process. The
model also accounts for clustering [21, 25, 38].
There was no difference in prevalence estimates from

the HPE and Survey based approaches but confidence
intervals of the HPEs were narrower, demonstrating effi-
ciency of the HPE methodology in obtaining population
level estimates as observed elsewhere [11, 18, 39].

Strengths and limitations
We applied multilevel modeling which has multiple advan-
tages over classical models including use of HIV risk factors
at individual and cluster levels. We used data from the
2011 UAIS, a more recent survey, the Population HIV Im-
pact Assessment (PHIA), completed in 2017 was not pub-
licly available at the time of this study. DHS data are prone
to refusal to participate, this may have bias on the results of
this study as those who refuse to participate may have char-
acteristics different from those who participated in the
study. Furthermore, this study was limited to complete case

analysis thus reducing the effective sample size used for the
analysis. DHIS2 data includes individuals who may have
tested multiple times which can lead to the use of wrong or
unrepresentative denominators for individuals tested at
health facilities. Studies elsewhere report repeat testing ran-
ging from 3 to 13% [40, 41]. We further note that some
health facilities, especially privately owned, do not report
their data to the national DHIS2 further lowering the rep-
resentativeness of health facility HIV testing data.

Conclusions
The growing demand for accurate information for
programme management and policy formulation will re-
quire strategies that use all the available information effi-
ciently with little or no additional resource investments.
Countries and development partners continue to build
and strengthen DHIS2 through capacity building and
regular data quality assessments. We applied a simple tool,
HPE methodology, to support efficient use of DHIS data
in combination with small survey samples to obtain more
accurate indicator estimates at district or lower adminis-
trative levels. HPE obtained in this study had reduced
standard errors (by 28.8%) compared to survey-based esti-
mates demonstrating improved accuracy and reliability of
the estimates. We therefore recommend use of the meth-
odology to combine DHIS2 data with population survey
data to obtain population level indicator estimates for
lower administrative levels where the survey samples are
small for accurate indicator estimation.
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estimates.

Fig. 7 Difference plot comparing HPE and DHIS2 estimates. PREV_HIS- HIV Prevalence based on health facility data, PREV_hp-HIV prevalence
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Abstract

Background

Model-based small area estimation methods can help generate parameter estimates at the

district level, where planned population survey sample sizes are not large enough to support

direct estimates of HIV prevalence with adequate precision. We computed district-level HIV

prevalence estimates and their 95% confidence intervals for districts in Uganda.

Methods

Our analysis used direct survey and model-based estimation methods, including Fay-Herriot

(area-level) and Battese-Harter-Fuller (unit-level) small area models. We used regression

analysis to assess for consistency in estimating HIV prevalence. We use a ratio analysis of

the mean square error and the coefficient of variation of the estimates to evaluate precision.

The models were applied to Uganda Population-Based HIV Impact Assessment 2016/2017

data with auxiliary information from the 2016 Lot Quality Assurance Sampling survey and

antenatal care data from district health information system datasets for unit-level and area-

level models, respectively.

Results

Estimates from the model-based and the direct survey methods were similar. However,

direct survey estimates were unstable compared with the model-based estimates. Area-

level model estimates were more stable than unit-level model estimates. The correlation

between unit-level and direct survey estimates was (β1 = 0.66, r2 = 0.862), and correlation

between area-level model and direct survey estimates was (β1 = 0.44, r2 = 0.698). The error

associated with the estimates decreased by 37.5% and 33.1% for the unit-level and area-

level models, respectively, compared to the direct survey estimates.
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Conclusions

Although the unit-level model estimates were less precise than the area-level model esti-

mates, they were highly correlated with the direct survey estimates and had less standard

error associated with estimates than the area-level model. Unit-level models provide more

accurate and reliable data to support local decision-making when unit-level auxiliary infor-

mation is available.

Introduction

Model-based small area estimation (SAE) methods can help monitor the impact of public

health interventions and appropriately allocate resources in small geographical areas where the

domain-specific sample is not large enough to support direct estimates of adequate precision.

Other terms used to refer to small geographical areas include “small domain” or “local area”

[1]. SAE methods link a study/outcome variable with auxiliary data from other sources to pro-

duce more precise indicator estimates than direct-survey estimates (i.e., design-based estimates

based on survey data alone) for the target local area.

Sources of auxiliary information may include routine administrative data from Health

Information Systems (HMIS), censuses or other surveys. However, external covariate data are

limited for predicting local area estimates. For example, routine data only capture information

from individuals who interact with health facilities [2–4]. A study combining national popula-

tion survey and routine data found a 28 improvement in the precision of the estimates [5].

General population censuses, on the other hand, are conducted decennially and do not capture

information in the interim or information about HIV/AIDS risk factors such as number of

sexual partners or condom use during last high-risk sex [6–12], rendering these censuses

unsuitable for assessing outcomes that change rapidly. Annual HIV risk factor surveys with

adequate level of precision, such as in the community Lot Quality Assurance Surveys (LQAS)

conducted annually in Uganda districts, help generate timely and reliable estimates of district-

level HIV prevalence.

The LQAS methodology is recommended as a tool for monitoring public health interven-

tions [13, 14]. In Uganda, the LQAS methodology is used to monitor district-level health ser-

vice interventions annually [15, 16].

Model-based SAE methods are classified into two types: 1) Unit-level models such as the

Battese-Harter-Fuller model [17], which links the study or outcome variable with unit or indi-

vidual-level auxiliary variables (e.g. HIV status as an outcome and individuals’ sex as the auxil-

iary variable) and 2) Area-level models such as the Fay-Herriot model [1], which links the

study variable with summary or aggregate data of the auxiliary variable at the target geographi-

cal area (e.g., direct survey-based HIV prevalence as the outcome and percent of individuals

who are women in a district as the auxiliary variable). Area-level models are applied if individ-

ual or unit-level covariate data are not available [18, 19] and are more popular than unit-level

SAE methods because of the ease in accessing aggregate area-specific covariate information.

Area-level models assume homogeneity of units within an area and ignore internal variability

between and units within the area. Unit-level model parameters are estimated more accurately

using sampling unit-level observations [1]. Unit-level models are efficient and are associated

with small mean square errors (MSEs) compared to the area-level models [20].

SAE studies in Africa have been limited to area-based models to estimate institutional births

in Ghana [21]; to identify unmet need for contraceptives in Ghana [22], and to estimate HIV
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prevalence in South Africa [23]. To our knowledge, our study is the first to use unit-level mod-

els to estimate local HIV prevalence in Uganda.

Uganda’s HIV prevalence distribution varies across geographical regions and among popu-

lation groups. National HIV prevalence is 6.2% among persons aged 15–64 years (women,

7.6%; men, 4.7%) and varies from 3.1% to 8.0% across regions [24]. Availability of district-level

prevalence information is therefore critical for resources allocation and decision-making.

We applied unit-level and area-level models to estimate HIV prevalence for districts in

Uganda. We compared the precision of the model-based estimates to direct survey estimates

and the precision of the unit-level model to the area-level model estimates. Our findings

include several alternative district-level estimates that may be helpful for monitoring district-

level HIV/AIDS intervention programs.

Methods

Data sources

Uganda Population HIV Impact Assessment. The Uganda Population HIV Impact

Assessment (UPHIA) 2016–2017 used a two-stage, stratified cluster-sampling design. In the

first stage, 520 enumeration areas (EAs) or clusters were randomly selected using probability

proportional to the number of households in the cluster; in the second stage, a sample of 25

households were randomly selected using equal probabilities from each EA. The EAs were

based on the 2014 National Population and Housing Census (NPHC) [25]. Uganda’s Ministry

of Health conducted the survey with technical support from ICAP at Columbia University,

Centers for Disease Control and Prevention, and ICF/Macro International. For detailed survey

information, see the official survey report [24]. For our study, we analyzed data from 16,828

adults aged 15–64 years from 70 districts; participants provided written informed consent

were tested for HIV during the survey.

Lot quality assurance sampling surveys. In Uganda, annual LQAS surveys are used to

obtain district-level indicator estimates for monitoring health interventions [26]. In LQAS,

each program area is defined to be a district subdivided into 4–7 supervision areas (SA). SA

comprise either a sub-county or neighboring sub-counties with similar socioeconomic charac-

teristics. Using probability proportional to the number of households in the village, survey

staff randomly select a sample of 19 villages for districts with 5–7 SAs and 24 villages for those

with four SAs. A minimum sample of 19 and 24 respondents per SA for districts with 5–7 and

four SAs, respectively, are selected to maintain the combined SA misclassification (Alpha

+ Beta) errors to<15%. These sample sizes enable computation of district (program)-level

coverage with <10% error margin for indicators [27]. A reference household is randomly

identified using equal probability sampling within the SA and the next nearest household from

the exit of the reference household is selected to start the survey. Eligible and consenting adult

respondents are interviewed from selected households. Parallel sampling is applied to select

eligible respondents for the following population categories: mothers of children aged 0–59

months, youth aged 15–24 years, women aged 15–49 years, and men aged 15–54 years. A sam-

ple of 19 or 24 respondents are selected for each of the population groups. The design does not

permit selection of youth, men, and women from the same household because similar indica-

tors are assessed in these population groups. For full details, see the survey reports [16]. We

analyzed data from youth, men, and women.

Other sources of covariate data. Summary district level covariate data were obtained

from the NPHC 2014 [28], and HIV prevalence from antenatal care attendance was obtained

from the District Health Information System version 2 (DHIS2) [29]. Variables obtained from

the NPHC 2014 include district population density, percentage of the population living in
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urban areas, and proportion of individuals who accessed a health facility in the 12 months pre-

ceding the survey.

Statistical analysis

We computed district-level HIV prevalence estimates for 70 districts that conducted both

UPHIA and LQAS surveys in 2016 using direct survey, area-level SAE models, and unit-level

SAE models. We further assessed the estimates for consistency in estimating HIV prevalence

and compared the precision of the estimates via the confidence intervals and the coefficient of

variation of the estimates.

1. Direct survey estimates. If yij is the HIV status (positive, 1; negative, 0) of the j-th indi-

vidual in the i-th district and pi is the proportion of HIV-positive people in district i, then tak-

ing into account the sampling weights, the direct estimate of district HIV prevalence is

obtained as follows:

pi ¼ A=B ð1:1Þ

Where A ¼
X

i

X

j
wijyij and B ¼

X

i

X

j
wij and i = 1,2, . . . ,m, j = 1,2, . . . ,Ni.

Wherem is the number of districts and Ni is the number of individuals in district i.
Using the direct survey estimate (Eq 1.1), we used the UPHIA 2016–2017 dataset to com-

pute weighted district HIV prevalence estimates and associated standard errors (SE) based on

the sampled observation from each district. More details about the survey weights are available

[24]. SE were computed using standard survey estimation (linearization) methods.

2. Area-level model estimation. The multivariate Fay-Herriot model [1] is the most com-

monly used explicit area-level model to estimate area parameters when area-level auxiliary

data are available. In area-level models, the outcome obtained from direct estimation is

regressed against summary/aggregate explanatory variables that are available only at the

administrative/geographical area of interest [18]. The model is defined in two stages: develop-

ing a sampling model for the direct survey estimates and applying a linking model to obtain

area-level parameter estimates.

2.1.Model estimation and prediction. Taking yi ¼ gð�yiÞ, assuming g(.) is a logit link func-

tion, and relating it to a vector of p area-level covariates, zi, where zi =(z1i,z2i, . . . ,zpi) for them
areas, the linking model for the area-level parameter θi is defined as

θi ¼ zi
Tβ þ υi ð2:1Þ

Where: β = (β1,β2, . . . ,βp)
T is a p × 1 vector of regression coefficients and u

0

is are area-specific

random effects assumed to be independent and identically distributed (i.i.d.) with E(υi) = 0

and var ðuiÞ ¼ s2
v ði:e:; ui � N ð0; s

2
vÞÞ. The area-level random effects, υi, capture the unstruc-

tured heterogeneity among the areas (districts) not explained by the sampling error variance.

The unbiased direct estimator of θi is obtained using a sampling model in model 2.2.

θ̂ i ¼ θi þ ei ð2:2Þ

for i = 1,2, . . . ,m, ei ~ N (0,ψi). Where ei is the sampling error with known sampling variance,

Var (ei) = ψi and E(ei) = 0 for all areas.

Model 2.2 is referred to as the sampling model because θi is unobservable and is estimated

based on the sampled observations in the area.
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Combining 2.1 and 2.2, we obtain the mixed model

θ̂ i ¼ zi
Tβ þ υi þ ei ð2:3Þ

Where uieNð0; s
2
vÞ, ei ~ N(0,ψi), i = 1,2,. . .,m and υi is independent of ei

The Fay-Herriot, area-level model estimate is then obtained as a weighted combination of

the direct (ŷ i) and regression-synthetic estimators (ziTb).

θ̂FH
i ¼ γ̂ iθ̂ i þ ð1� γ̂ iÞzi

Tβ ð2:4Þ

Where: ĝ i ¼
ŝ2
v

ŝ2
vþs

2
i

The weighting component is the ratio of the model error variance to the total variance.

From Eq 2.4, the estimate ŷFHi tends to ŷ i for large values of the model variance (ŝ2
v) and tends

to ziTb for small values of the model variance relative to s2
i . Model parameters and SE are esti-

mated using maximum likelihood methods [18, 30].

2.2. Auxiliary variables for the area-level model. Variants of the area-level model were fitted

with different combinations of the predictor variables as shown in S1 File. The general popula-

tion direct HIV prevalence estimate (pi) was found to be related to HIV prevalence from ANC

attendance (PANCi) yi = logit(pi) and zi = logit(pANCi). This model had the lowest value of the

Akaike Information Criterion (AIC) (Table 1 in S1 File). The models were fitted using the SAE

package in R version 3.6.2 [31].

3. Unit-level model estimation. When unit-level or individual-level auxiliary data Xij ¼

ðxij1; xij2; ; xij3; . . . :xijq; Þ for a vector of q auxiliary variables are available, the Battese-Harter-

Fuller [17] unit-level model is often applied to obtain small area parameter estimates. Under

the unit-level model, data for both the outcome and the explanatory variables are available for

each population element in the district, irrespective of the administrative area/domain of inter-

est [18].

3.1.Model estimation and prediction. Letting pij be the probability of individual j from dis-

trict i being HIV positive (pij ¼ Prðyij ¼ 1 j xij; miÞ, where yij corresponds to the HIV status of

individual i in district, a logistic regression model with area-level effect is used to estimate pi
[18, 32].

logitðpijÞ ¼ log
pij

1 � pij

 !

¼ Xt
ijβþ ui þ eij ð3:1Þ

Where yij is assumed to be independent Bernoulli (pij) conditioned on pij’s with area random

effects υi; β is the vector of regression model parameters. υi is assumed to be independent and

identically distributed with E(υi) = 0 and Var ðuiÞ ¼ s2
v .

Assuming absence of area-level auxiliary information, the indirect estimators of district

HIV prevalence, based on model 3.1 is the empirical best predictor obtained as follows:

p̂i ¼
1

Ni

X

j2S
yij þ

X

j2S0
p̂ij

n o
ð3:2Þ

Where p̂ij ¼
exp ðẐ ijÞ

1þexp ðẐ ijÞ
and Ẑ ij ¼ b̂iXtij þ v̂i

The component
X

j2S
yij, is the sum of ni values of HIV infection for sampled individuals

from the i-th district while
X

j2S0
p̂ij is the sum over the estimated probability of infection for

the non-sampled individuals in district i, and Ni corresponds to number of individuals in each
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district. Model fitting and parameter estimation were implemented using the SAE [31] pack-

age in R software, version 3.6.2 [31]

The MSE of p̂i is obtained using the parametric bootstrap estimation method for finite pop-

ulations [33, 34] as described in S2 File.

3.2. Auxiliary variables for the unit-level model. Auxiliary variables from the 2016 LQAS

data include age group in years (15–19, 20–24, 25–34, 35–44, and�45), sex (male and female),

level of education (none, primary, secondary, and tertiary), marital status (single, married, and

previously married: widowed/divorced/separated) and number of sexual partners including

spouse in the 12 months preceding the survey (0, 1, and�2). We selected these variables

because they were significantly associated with HIV positivity in our previous study [6].

4. Comparison of the unit-level and area-level model estimates. We used summary sta-

tistics, regression analysis, and graphical assessment for consistency to compare estimates from

direct, area-level, and unit-level models. We assessed gain in precision of the model-based esti-

mates compared to the direct survey estimates using the coefficient of variation of the estimate

and ratio of the MSE. We further computed ratios of the unit-level model and the area-level

model estimates to assess for improvement in precision of the unit-level model estimates.

Ethics approval and consent to participate

Ethical clearance to conduct this study was obtained from the University of Witwatersrand

Human Research Ethics Committee (HREC), clearance Certificate number M171053. Further

clearance was obtained from the Uganda National Council for Science and Technology (UNCST)

with registration number HS2366. Data for the study were obtained from surveys conducted in

Uganda. The study was a secondary analysis of data, so consent to participate is not applicable.

Results

Selected characteristics of survey participants

For both surveys, most respondents were women, had incomplete primary education, were mar-

ried/cohabiting, and had one sexual partner in the 12 months preceding the surveys (Table 1).

HIV prevalence estimates

HIV prevalence estimates for the districts included in the analysis are summarized in Table 2.

District-specific estimates with 95% confidence intervals are presented in S1 Table. On aver-

age, direct survey estimates were higher (mean = 0.064, SD = 0.034) than area-level

(mean = 0.056, SD = 0.018) and unit-level model (mean = 0.058, SD = 0.026) estimates. Direct

survey estimates also had a higher variation than the model-based estimates, with minimum

and maximum values of 0.010 and 0.148, respectively. The estimates from the area-level model

had the least variation (Table 2).

Unit-level model HIV prevalence estimates Fig 1C had a similar pattern compared to the

direct survey prevalence estimates (Fig 1A). HIV prevalence estimates based on the area-level

model had the least recognizable pattern between districts (Fig 1B) consistent with the sum-

mary statistics in Table 2. HIV prevalence was generally higher in districts in Central, South

Western, and Northern regions of Uganda and in districts bordering lakes.

Model diagnostics

We regressed model-based estimates against direct survey estimates to assess bias and reliabil-

ity of the model-based estimates. The bias diagnostics plot also presents a scatter plot of the

estimates and shows the effect of extreme values in the estimates. Unit-level model estimates
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were strongly correlated with the direct survey estimates (β1 = 0.66; r2 = 0.862; Fig 2B) com-

pared to area-level model estimates (β1 = 0.44; r2 = 0.698; Fig 2A).

Precision and consistency of HIV prevalence estimates

The model-based estimates were similar to the direct survey estimates, but the point esti-

mates had less variation compared to the direct survey estimates (Fig 3A and 3C). We also

note that direct survey estimates were significantly different (i.e., they were either higher

or lower) compared with model-based estimates for small survey sample sizes Fig 3A and

3C), demonstrating the shrinkage of the model-based estimates toward the point esti-

mates. However, direct survey and model-based estimates tended to be similar with

Table 1. Characteristics of respondents.

UPHIA 2016 LQAS 2016

Characteristic Weighted % (n = 16,862) %(n = 34,109)

Sex

Male 47.9 (7,302) 48.5 (16,545)

Female 52.1 (9,560) 51.5 (17,562)

Age, years

15–19 23.9 (3,649) 23.5 (7,997)

20–24 18.6 (2,859) 24.6 (8,403)

25–34 25.2 (4,190) 23.3 (7,946)

35–44 16.3 (2,885) 18.8 (6,407)

45–64 14.4 (3,279) 9.8 (3,356)

Education level#

No education 7.8 (1,582) 7.4 (2,530)

Incomplete primary 43.7 (7,663) 42.6 (14,538)

Primary 16.2 (2,604) 23.2 (7,905)

Incomplete secondary 24.0 (3,695) 17.1 (5,845)

Complete secondary+ 8.3 (1,218) 9.7 (3,291)

Marital status##

Never married 31.1 (4,620) 33.5 (11,435)

Married/cohabiting 55.7 (9,775) 61.6 (21,022)

Widowed 3.5 (705) 1.5 (524)

Separated 9.8 (1,728) 3.3 (1,127)

Number of sexual partners in last 12 months###

0 14.1 (2,131) 31.5 (9,723)

1 70.2 (10,261) 57.5 (17,760)

�2 15.6 (2,125) 11.0 (3,410)

Notes: UPHIA 2016 survey data weighted using the population survey weight. Abbreviations: UPHIA, Uganda

Population-Based HIV Impact Assessment; LQAS, Lot Quality Assurance Surveys. Data missing for #-101, ##-39 and

###-2345 respondents.

https://doi.org/10.1371/journal.pone.0253375.t001

Table 2. Summary of district-level HIV prevalence estimates in Uganda.

Mean (SD) Minimum Maximum First Quartile (Q1) Second Quartile (Q2) Third Quartile (Q3)

Direct survey 0.064 (0.034) 0.010 0.148 0.038 0.055 0.089

Area-level model 0.056 (0.018) 0.0157 0.096 0.042 0.058 0.067

Unit-level model 0.058 (0.026) 0.004 0.142 0.042 0.042 0.074

https://doi.org/10.1371/journal.pone.0253375.t002
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increasing survey sample sizes in the districts. For example, Nwoya district with survey

sample of 44 individuals, the HIV prevalence estimate was 0.127 (95% CI: 0.000–1.000),

0.062 (95% CI: 0.034–0.091), and 0.075 (95% CI: 0.039–0.111), whereas for Mbale district

with a survey sample of 874 individuals, the estimates were 0.054 (95% CI, 0.028), 0.051

(95% CI: 0.029, 0.072), and 0.046 (95% CI: 0.029, 0.063) for direct survey, area-level and

unit-level models respectively (S1 Table). The average improvement in the precision of the

estimates was 37.5% and 33.1% for the unit-level and area-level model, respectively (data

not shown).

The coefficient of variation of the direct survey estimates were generally larger and had

a higher variation compared to the coefficient of variation of the model-based estimates

irrespective of the survey sample size in the districts (Fig 3B and 3D). Table 3 summarizes

the coefficients of variation and shows that the mean coefficient of variation for direct sur-

vey estimates was 138.0% (346.9) compared to 22.4% (7.5) for the area-level and 23.7%

(18.5) unit-level models.

Assuming estimates are considered as reliable for decision making if the coefficient of

variation is <20% [31], then <50% of the districts have reliable data for decision making

based on the direct survey estimates, whereas >50% of the districts would have reliable data

based on the SAE methods (Table 3). Specifically, only 14 (20%), 36 (51.4%), and 36 (51.4%)

of the districts would have reliable information for decision making based on direct survey

estimates, area-level model estimates, and unit-level model estimates, respectively (data not

shown).

Consistency of model-based estimates

Unit-level model estimates varied more than the area-level model estimates (Fig 4A). Addi-

tionally, the coefficients of variation of the unit-level model estimates were consistently larger

for districts with small survey sample sizes and consistently smaller for districts with large sur-

vey sample sizes (Fig 4B). Implying that the unit-level model estimates converge more rapidly

to the point estimate compared to the area-level model estimates as the survey sample sizes in

the districts increased.

Fig 1. Comparison of HIV prevalence estimates in Uganda. Fig 1 presents district-level prevalence estimates: (a) Direct survey estimates, (b) area-level model estimates,

and (c) unit-level model estimates. Scales for each of the maps were maintained to show the extent of extreme values. Unshaded areas represent district that did not

complete LQAS surveys in 2016.

https://doi.org/10.1371/journal.pone.0253375.g001
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Discussion

Study findings show the feasibility of applying SAE models to population survey data with auxil-

iary information from community LQAS surveys and DHIS2 data to obtain more precise HIV

prevalence estimates for districts in Uganda. Both the unit-level and area-level model estimates

were similar to the direct survey estimates, although the unit-level model estimates were more

correlated with the direct survey estimates compared to area-level model estimates. A graphical

assessment shows that the model-based estimates were close to the direct survey estimates, were

less polarized, and had no extreme values/outliers. Mapping model-based HIV prevalence esti-

mates shows a similar pattern between the unit-level estimates and the direct survey estimates.

Estimates for all approaches were generally similar to regional survey prevalence estimates [24].

The coefficient of variation of both the unit-level and area-level model estimates were lower

than the coefficient of variation of the direct survey estimates. However, the coefficient of vari-

ation of the unit-level model estimates were larger than the coefficient of variation of the area-

level model estimates, which suggests that area-level model estimates were more precise. Coef-

ficient of variation is computed as a ratio of the SE to the mean and expressed as a percentage.

It therefore expresses the sampling variability of the estimates from the point estimate, imply-

ing that estimates with large coefficients of variation would be considered over-dispersed and

therefore unreliable for decision-making.

Although population surveys provide more accurate national and regional information, they

yield only partial information for district-level planning and allocating resources. Uganda, like

many other low and middle-income countries, lacks the resources to collect representative data

for monitoring social services at the district-level; however, in Uganda’s de-centralized

Fig 2. Correlation of model and direct survey estimates of HIV prevalence in Uganda. Regression and scatter plot of (a) area-level model estimates compared to direct

survey estimates and (b) unit-level model estimates compared to direct survey estimates.

https://doi.org/10.1371/journal.pone.0253375.g002
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Fig 3. HIV prevalence estimates and the coefficient of variation of direct survey and model-based estimates in Uganda. HIV prevalence estimates (on the left) and the

coefficient of variation (on the right) for direct survey and model-based estimates with the districts sorted in ascending order of the survey sample sizes. (a) direct survey

compared to area-level model estimates using the Fay-Herriot (FH) model, (b) coefficient of variation for direct survey and area-level model estimates, (c) direct survey

compared to unit-level model estimates using the Battese-Harter-Fuller (BHF) model, and (d) coefficient of variation for direct survey and unit-level model estimates.

https://doi.org/10.1371/journal.pone.0253375.g003

Table 3. Summary of coefficient of variation of HIV prevalence estimates in Uganda�.

Mean (SD) Minimum Maximum First Quartile (Q1) Second Quartile (Q2) Third Quartile (Q3)

Direct survey 138.0 (346.9) 13.3 1974.8 21.9 28.0 40.2

Area-level model 22.4(7.5) 13.3 54.6 17.5 19.9 19.7

Unit-level model 23.7 (18.5) 5.6 133.8 12.4 19.7 27.7

�Omitting the outlier district (Kalangala) from the analysis did not affect the model-based or direct survey estimates (results not presented). Abbreviations: SD, Standard

Deviation.

https://doi.org/10.1371/journal.pone.0253375.t003
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governance model, districts plan, implement, and monitor interventions on behalf of the central

government. Using simple methods to generate more precise HIV prevalence estimates for dis-

tricts will therefore augment district-level decision making. Application of SAE methods else-

where in Africa have shown more precise district-level estimates [21–23] as observed in our

study.

We note that the unit-level model estimates were highly correlated with direct survey esti-

mates, although they were less precise compared to the area-level model estimates, which is

contrary to SAE’s methodological theory [18]. Lower correlation of the area-level model esti-

mates with direct survey estimates compared to the unit-level model estimates versus direct

survey estimates may be attributed to the aggregated area-level covariates, which mask any

internal variations or heterogeneity of units. The heterogeneous spread of HIV is well docu-

mented in literature [6, 23, 24]. For example, HIV prevalence is higher in urban areas com-

pared to rural areas [6, 23, 24]. Similarly, females have a higher HIV positivity compared to

males although the differences between males and females varies by age group [24]. The differ-

ence is wider for the younger age group 15–24 years and converges with increasing age [24]. It

is therefore important to take into consideration, this internal differences in obtaining the esti-

mates as demonstrated by the BHF model applied in this study.

Additionally, use of antenatal data for HIV prevalence monitoring in the general popu-

lation has limitations and biases including selection bias of routine data. Antenatal HIV

surveillance data excludes non-pregnant women and men and includes information from

health facilities in urban and easily accessible areas [35]; public health facilities that report

to national HMIS system [20]; younger and more educated women who have higher ante-

natal care attendance rates [36–38]. These limitations imply that the antenatal survey data

may not accurately reflect the general population HIV prevalence distribution as observed

in our study.

Overall improvement in the precision of the estimates was 37.5% and 33.1% for the unit-

level and area-level model, respectively. A study combining population survey with routine

data found 28% improvement in the precision of estimates but lower correlation with

Fig 4. Area-level and unit-level model-based estimates of district HIV prevalence in Uganda. (a) HIV prevalence estimates and (b) the coefficient of variation for area-

level and unit-level model-based estimates with the districts sorted in ascending order of the survey sample sizes.

https://doi.org/10.1371/journal.pone.0253375.g004
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estimates based on routine data [5]. Use of risk factor data, representative of the general popu-

lation, therefore improves the precision of the estimates compared to combining routine and

survey data or use of more aggregate information.

Study findings were consistent with regional HIV prevalence estimates based on survey

data. Districts with higher HIV prevalence were from regions with overall higher HIV preva-

lence (e.g., Kaborale district in Western region; Masaka and Mpigi in central 1 region; and

Mbarara in South Western region) as observed in the national level survey [24]. These districts

are urban and are major transport corridors for truck drivers. Masaka district also is inhabited

by fishing communities, which typically have higher HIV prevalence [8, 9, 39, 40].

Although the model-based methods assume independence of area random effects, indepen-

dence is unlikely to hold between neighboring districts. Spatial estimation approaches attempt

to solve this, although these methods have their own limitations [23]. Borders and boundaries

are arbitrary, and individuals tend to seek healthcare services in neighboring districts or even

other regions that are convenient or offer better quality services. For example, some districts in

Uganda do not have Health Centre IV or hospitals, which are known to provide better quality

healthcare and a broad range of health services [23]. Furthermore, 40 out of 112 districts in the

country did not conduct LQAS surveys in 2016; this implies that BHF model estimates could

not be obtained for these districts limiting the breath of model evaluation.

Data-driven district-level decision making for HIV programs requires precise and reliable

estimates, but survey sample sizes from population surveys are significantly smaller for dis-

tricts than for regions. Our study shows that with external auxiliary data, estimates that are

more precise can be obtained, but precision depends on whether the information is available

at the sampling unit level or area level. Unit-level model estimates, although less precise than

area-level estimates, were more consistent with direct survey estimates. This application also

promotes use of annual community LQAS data, which is readily available to district service

managers. SAE models also can be developed in freely available software, such as R and

STATA. Models that use both area-level and unit-level covariates to obtain SAE could help

provide more precise and accurate HIV prevalence estimates in other settings.
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Abstract 

Introduction  

Key to the strategies to curb the further spread of the HIV/AIDS virus is knowledge of the areas 

where efforts and resources can be re-directed. Interventions to avert the risk of infections among 

the high-risk population groups and enable them adopt risk reduction strategies are well developed. 

However to achieve the greatest impact, decomposition analysis can be applied to identify and 

quantify the contribution of variables and/or their coefficients to change in HIV prevalence over 

time. We applied the methodology to assess the change in HIV prevalence among adults aged 15-

49 years tested for HIV during the 2011/12 and 2016/17 population surveys in Uganda.  

Methods 

We carried descriptive analysis to assess change in HIV prevalence, pooled logistic regression to 

assess factors associated with HIV positivity and logistic decomposition analysis to determine the 

contribution of the factors and their coefficients to change in HIV prevalence.  All analyses were 

weighted using survey design weights.  

Results  

More individuals aged 15-19 and 20-24 years; males; individuals with secondary or tertiary level 

of education; previously married; individuals with one and those with 2+ sexual partners 

participated in the 2016/17 survey compared to 2011/12. Overall, HIV prevalence dropped by 

18%. Both endowments and the coefficients of the characteristics had a significant contribution to 

reduction in HIV prevalence. The coefficients of age group 40-49 years contributed 59.2% of the 

reduction in HIV prevalence (p value<0.001).  

Conclusion 

Contribution of the characteristics of surveyed participants as well as the coefficients of the 

characteristics on change in HIV prevalence bring to the fore salient factors that underscore HIV 

spread. Targeting these population subgroups based on their specific and possible contribution to 

HIV prevalence will fasten the pace at which zero new infections occur in the general population. 

Other population categories to target include individuals with higher level of education, those who 

were previously married and those who have two or more sexual partners.  



Introduction  

Global efforts to halt further spread of the HIV Virus and end the pandemic has led to a general 

decline in new infections. By 2019, the annual number of new infections globally reduced by 40 

percent from 2.8 million in 1998 to an estimated 1.7million in 2019 [1]. In Uganda the annual 

number of new infections reduced by 52 percent from 110,000 in 1990 to 53,000 in 2019 [1]. 

Although prevalence, the number of people living with HIV, has not realized a matched reduction 

over the years mainly due to the effective Anti-Retroviral Treatment (ART) that has enabled people 

to live longer with HIV, this reversal (reduction) in the number of new infections implies that it’s 

possible to bring the epidemic to an end. Indeed the UNAIDS set ambitious targets to end the 

epidemic by postulating that if 90 percent of the people living with HIV knew their status; 90 

percent of those who knew their status were on treatment; and 90 percent of those on treatment 

attained viral suppression by 2020, then the epidemic would be brought to an end by 2030[2]. 

While these targets may have not been achieved in many settings, there is extensive progress by 

all countries that adopted it. In Uganda for example achieved 84%, 87% and 88% of the targets 

respectively by 2019[1]. UNAIDS is currently leading the process of updating these targets to 

inform the global response and national strategies to be undertaken between 2021 and 2030[3].  

Key to the strategies to curb the further spread of the HIV/AIDS virus is knowledge of the variables 

or intervention areas where efforts and resources can be re-directed. Many studies have described 

factors associated with decline in HIV prevalence to include increase in condom use and decline 

in casual sex[4–8]. Being male, young people especially young females aged 15-24years [9], 

residence in urban areas, being  previously married are also documented as key contributors to 

higher prevalence[9]. Interventions to avert the risk of new infections and individual enable them 

to embrace risk reduction strategies have been developed. For example, the DREAMS 

(Determined, Resilient, Empowered, AIDS-free, Mentored and Safe) partnership was 

implemented in 10 high burden countries in Sub-Saharan Africa. It was able to achieve up to 40 

percent decline in new HIV infections among young women aged 15-24 years by promoting HIV 

counseling and testing; condom promotion and provision; and improving access to youth friendly 

sexual and reproductive health services[10]. 

Knowledge of the contribution of these factors to reduction in prevalence is also important as this 

will enable identification of the areas were the most impact can be realized. This will further enable 

prioritization of intervention efforts and strategies to increase the impact of the interventions. 



Decomposition analysis can be used to quantify the extent by which these variables contribute to 

changes in prevalence over time. The methodology stratifies the sources of effect of a 

factor/independent variable on an outcome into composition effects and coefficient effects[11]. 

Composition effect (also known as “endowments”) refers to the effect due to the distribution of 

the survey participants by the variable of interest for example gender or age, whereas coefficient 

effect refers to the effect attributable to the coefficients of the variable/characteristic. This 

methodology has been applied in other settings including to assess change in contraceptive 

use[12], change in fertility preferences overtime[13] change in mortality[14],  and uptake of HIV 

counseling and testing overtime[15]. 

We apply the methodology to assess the change in HIV prevalence between 2011/12 and 2016/17 

among adults aged 15-49 years tested for HIV during the population surveys in Uganda. The 

objective of this study was therefore to identify factors associated with change in HIV prevalence 

between 2011 and 2016 and to assess the contribution of the endowments (characteristics) and the 

contribution of the coefficients of the characteristics to change in HIV prevalence.  

Uganda conducts nationally representative population surveys with HIV testing to obtain 

HIV/AIDS indicators including HIV prevalence and uptake of HIV services. The surveys are 

conducted five yearly at household level, providing sufficient time to measure changes in 

HIV/AIDS knowledge, attitudes, behavior and potential changes in HIV prevalence at the 

population level[16]. The first survey was carried out in 2004/05[17] and the subsequent surveys 

were in 2011/12[18] and 2016/17[9]. Data from the population surveys also help to broaden 

understanding of the magnitude, distribution, and trends of HIV infection, as well as coverage of 

HIV treatment and prevention interventions. This study used data from the 2011/12 and 2016/17 

surveys; data from the 2004/05 was not readily accessible.  

  

 

  



Methods 

Datasets for the study 

During the 2011/12 & 2016/17 survey rounds, the country was divided into 10 geographical 

regions comprising 8-15 neighboring districts that share similar language and social demographic 

characteristics. The 10 geographical regions include Central 1, Central 2, Kampala, East-Central, 

Mid-Eastern, North-East, West Nile, Mid-North, Mid-West, and South-West. The surveys used a 

two stage, stratified cluster sampling design where Enumeration Areas (EA) were selected at the 

first stage using probability proportional to the number of households in the area. At the second 

stage, a sample of households were randomly selected from each EA using equal probabilities. All 

adults present in the selected households who consent to participate in the survey were interviewed 

and blood drawn for HIV testing. The 2011/12 survey EAs were based on the 2001 population and 

Housing census[19] while the 2016/17 survey EAs were based on the 2014 national housing and 

population census[20]. More details about the survey design and sample selection are available in 

the survey reports[9,18]. This study was restricted to the analysis of data for individuals aged 15-

49 years who were tested for HIV during the survey.   

Measures/Study variables 

(1) HIV status. The outcome of interest for the study is HIV status. Home-based HIV testing 

was conducted for all consenting individuals and results provided to the respondent at 

home. Only final test results (either 1=Positive or 0=Negative) were provided to the survey 

participants.  

(2) Model explanatory/independent variables: area of residence gender (1=male, 2=female); 

age (15-19, 20-24, 25-29, 30-34, 35-39 and 40-49-years); marital status (never, 

married/cohabiting and previously married-widowed/separated/divorced); highest level of 

education (non, primary, secondary and Tertiary); number of sexual partners including 

husband/wife in the 12 months preceding the survey (0, 1 and 2+); area of residence 

(1=urban, 2=rural); and region of the country (Central 1, Central 2, Kampala, East-Central, 

Mid-Eastern, North-East, West Nile, Mid-North, Mid-West, and South-West) 



Statistical analysis  

Analysis to evaluate participants’ distribution by the socio-demographic characteristics was done 

separately for the UAIS 2011/12 and UPHIA 2016/17 surveys. Descriptive analysis was also 

carried out to assess change in HIV prevalence between the two survey time points. 

Multivariable-pooled logistic regression was used to assess factors associated with HIV positivity 

in the pooled dataset. Multivariable logistic decomposition models were used to determine the 

changes in HIV prevalence and the associated factors across the survey years. The Blinder-Oaxaca 

decomposition method[11,21] was used to display the contribution of the characteristics or their 

coefficients to the change in HIV prevalence. The method partitions the difference in HIV 

prevalence between the two periods into changes in effects and changes in composition and the 

interaction between them. All analyses were weighted to account for complex nature of the survey 

design. Analyses were carried out using STATA V.15.1[22]. 

 

  



Results  

Socio-demographic characteristics 

Table 1 presents the social demographic composition of the survey participants for 2011/12 and 

2016/17 surveys. It shows that, for both surveys, individuals aged 15-19 years, females, those with 

primary level of education, marrieds and individuals who had one sexual partner in the 12 months 

preceding the survey outnumbered the other population subgroups. It also shows that between 

2011/12 and 2016/17, the proportion of individuals aged 15-19 and 20-24 years participating in 

the surveys increased while the proportion of the other age categories (25-29years, 30-34years, 

35-39years and 40-49 years) decreased. The proportion of other population categories participating 

in the survey that increased between the 2011/12 and 2016/17 survey include males; individuals 

with secondary and those with tertiary+ level of education; never married and those who were 

divorced or separated; individuals with one and those with two or more sexual partners; and those 

resident in urban areas (Table 1). 

Of note, 10.2% had no formal and 6.1% had tertiary level of education in 2011/12 while only 6.0% 

had no formal education and 11.4% had tertiary level of education in 2016/17 (Table 1). Similarly, 

25% had no partner and 10.0% had two or more sexual partners in 2011/12, while in 2016/17, 

12.6% and 16.2% of the survey participants had zero and two or more sexual partners respectively 

(Table 1). 

  



Table 1: Background characteristics (weighted) of study participants 

Characteristic Survey period (Weighted percentages) 

Age (Years) 2011/12 (n=19,475) 2016/17 (n=25,420) 

15-19 22.8 25.9 

20-24 17.9 21.0 

25-29 16.6 16.3 

30-34 13.2 12.8 

35-39 12.5 9.9 

40-49 17.0 14.0 

Gender   

Male 44.4 47.5 

Female 55.6 52.5 

Education level   

None 10.2 6.0 

Primary 58.2 55.4 

Secondary 25.5 27.2 

Tertiary+ 6.1 11.4 

Marital Status   

Never Married 29.6 35.7 

Married 60.7 52.4 

Widowed 2.3 1.7 

Divorced/Separated 7.4 10.3 

Number of sexual partners   

0 25.6 12.6 

1 64.4 71.2 

2+ 10.0 16.2 

Residence   

Rural 79.5 70.3 

Urban 20.5 29.7 

Region   

Central 1 11.2 14.0 

Central 2 10.3 12.0 

Kampala 7.8 6.6 

East Central 10.4 9.8 

Eastern 10.5 9.5 

North East 8.1 7.4 

West Nile 6.3 7.2 

North Central 10.3 9.9 

South West 12.0 11.0 

Western 13.2 12.6 

 



Trends in HIV prevalence between the two time points (2011/12 and 2016/17) 

Figure 3 presents the trends in HIV prevalence for selected socio-demographic characteristics. 

Trends for all socio-demographic characteristics are presented in Appendix 1. Overall, HIV 

prevalence dropped from 7.3% in 2011/12 to 6.0% in 2016/17 among individuals aged 15-49yeras. 

Population subgroups with higher (more than average) reduction in HIV prevalence between 

2011/12 and 2016/17 include males (6.1% to 4.3%); age group 20-24 years (5.3% to 3.3%); age 

group 30-34yeras(10.2% to 8.6%); primary level of education (8.0% to 6.6%); having two or more 

sexual partners (9.2% to 6.5%); and individuals who were divorced/separated (16.9% to 13.4%) 

(Figure 1 & Appendix 1). More than average reduction in HIV prevalence was also observed in 

Central 1 region (10.6% to 7.6%); Central 2 (9.0% to 7.4%); West Nile (4.8% to 2.8%) and in 

Western region (8.3% to 5.3%) (Appendix 1).  

Between 2011/12 and 2016/17 surveys, HIV prevalence increased among individuals aged 40-

49years (10.7% to 12.3%); those with no education (9.2% to 9.5%); those with no sexual partners 

(6.3% to 6.6%) and in Eastern region of the country (4.1% to 4.8%) (Figure 1 and Appendix 1). 

  



  

  

  
  

Figure 2: Trends in HIV prevalence between 2011/12 and 2016/17 
Notes: Trends in HIV prevalence by: a) gender; b) highest level of education attained; c) age group; d) number of 
sexual partners in the 12 months preceding the survey; e) Marital status and; f) Area of residence.  
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Factors associated with HIV prevalence among study participants  

We applied a pooled multivariable logistic regression to ascertain the factors associated with HIV 

positivity across the two survey periods; the results are presented in Table 2. It shows that there 

was a significant 16% drop in HIV prevalence in 2016/17 compared to 2011/12 and (p value< 

0.001). Other factors that were significantly associated with change in HIV positivity include age, 

gender, marital status, education level, area of residence and number of sexual partners in the 12 

months preceding the survey. We present the coefficients and standard errors of the factors 

associated with HIV positivity in appendix II. 

HIV positivity was significantly lower among individuals aged 15-19 years compared those aged 

20-24years (aOR: 0.54, 95% CI: 0.44, 0.68); among those with secondary (aOR: 0.85, 95% CI: 

0.74, 0.99) and tertiary (aOR: 0.51, 95% CI: 0.41, 0.62) level of education compared to those with 

primary level of education and; among those never married compared to those who were marred  

at the time of the survey (aOR 0.82, 95% CI: 0.69, 0.97) (Table 2). 

HIV positivity was significantly higher among females compared to males (aOR= 1.37; 95% CI: 

1.20, 1.55); among older age groups compared to those aged 20-24 years (p value<0.001); among 

individuals who were widowed (aOR: 4.62, 95% CI: 3.84, 5.56)  or separated/divorced (aOR: 2.27, 

95% CI: 1.99, 2.59) compared to those who were married and; among those who had two or more 

sexual partners compared to those who had only one (aOR: 1.29, 95% CI: 1.14, 1.46) as shown in 

Table 2. Individuals from urban areas were also more likely to test HIV positive compared to those 

from rural areas (aOR: 1.58, 95% CI: 1.28, 1.94).  

 

  



Table 2: Pooled logistic regression for factors associated with HIV positivity  

Characteristic HIV prevalence (weighted)  

 aOR (95%CI) 

Survey year   

2011/12 1.00  

2016/17 0.84  (0.76, 0.92)*** 

Age (Years)   

15-19 0.54 (0.44, 0.68)*** 

20-24 1.00  

25-29 1.54 (1.30, 1.83)*** 

30-34 2.06 (1.72, 2.46)*** 

35-39 2.41 (2.01, 2.88)*** 

40-49 2.34 (1.98, 2.75)*** 

Gender   

Male 1.00  

Female 1.37 (1.20, 1.55)*** 

Education level   

None 0.85 (0.72, 0.99) 

Primary 1.00  

Secondary 0.85 (0.74, 0.99)* 

Tertiary+ 0.51 (0.41, 0.62)*** 

Marital Status   

Never Married 0.82 (0.69, 0.97)* 

Married 1.00  

Widowed 4.62 (3.84, 5.56)*** 

Divorced/Separated 2.27 (1.99, 2.59)*** 

Number of sexual partners   

0 0.96 (0.85, 1.08) 

1 1.00  

2+ 1.29 (1.14, 1.46)*** 

Residence   

Rural 1.00  

Urban 1.58 (1.28, 1.94)*** 

Region   

Central 1 1.00  

Central 2 0.89 (0.66, 1.22) 

Kampala 0.68 (0.46, 1.00) 

East Central 0.56 (0.36, 0.86)** 

Eastern 0.53 (0.37, 0.75)*** 

North East 0.54 (0.37, 0.79)** 

West Nile 0.39 (0.28, 0.55)*** 

North Central 0.92 (0.67, 1.26) 

South West 0.90 (0.64, 1.28) 

Western 0.79 (0.48, 1.28) 
* = significant at 0.05; ** = significant at 0.01; *** = Significant at <0.001 



Assessing components of change in HIV prevalence between 2011/12 and 2016/17 

We applied logistic decomposition analysis to generate the contribution of the factors and their 

coefficients to change in HIV positivity between 2011/12 and 2016/17 (Table 3). The results show 

that 59.2% of the overall percentage change in HIV positivity was attributable to changes in the 

effects of the age group 40-49years (p value<0.001). The analysis results further show that, change 

in both the characteristics (endowments) and the effects of the characteristics of the survey 

participant’s between 2011/12 and 2016/17 resulted in a reduction in HIV prevalence. The 

contribution of both participants’ characteristics (endowments) and the coefficients were 

statistically significantly (p value< 0.001), (that is the logistic multivariable decomposition model 

was statistically significant). Change in the effects of the characteristics contributed more to the 

reduction in HIV prevalence between the two time points compared to the change in the 

composition of the survey participants.  

We also note that although the changes in the effects/coefficients contributed to a larger reduction 

in HIV prevalence, the contribution of the effects of most of the variables was not statistically 

significant. The study results also show that more than half (59.2%) of the decrease in HIV 

prevalence was attributable to the coefficient of age group 40-49 years (P value: <0.001). In terms 

of coefficients, aged groups 35-39 years (29.4%) and 40-49 years (59.2%) were the variables that 

were significantly associated with change in HIV positivity between 2011/12 and 2016/17. 

 

. 

 

 

  



Table 3. Decomposition of changes in HIV prevalence for the period 2011/12 to 2016/17 

Characteristic 
Due to differences in 

Characteristics (E) 
Due to differences in 

Coefficients (C) 
Total amount 
attributable 

 Coefficient Percent Coefficient Percent  

Age (Years)      

15-19 0.00216*** -34.296 -0.000792 12.572 -21.724 

20-24 0.00  0.00   

25-29 0.000459*** -7.2861 0.0011549 -18.315 -25.601 

30-34 0.000655*** -10.393 0.0010974 -17.402 -27.795 

35-39 -0.000379*** 6.0247 0.0018557* -29.428 -23.403 

40-49 0.000145*** -2.3027 0.0037359** -59.245 -61.548 

Gender      

Male 0.00  0.00   

Female 0.000453*** -7.1859 0.0038112 -60.438 -67.624 

Education level      

None 0.000124 -1.9685 0.00038862 -6.1628 -8.131 

Primary 0.00  0.00   

Secondary 0.0000563 -0.89271 0.0011594 -18.386 -19.279 

Tertiary+ -0.0014889*** 23.611 0.00022552 -3.5763 20.035 

Marital Status      

Never Married 0.000403 -6.3837 0.0014417 -22.862 -29.246 

Married 0.00  0.00   

Widowed -0.000132*** 2.1033 -0.0000793 1.2586 3.362 

Divorced/Separated 0.001613*** -25.592 -0.00013664 2.1669 -23.425 

# of sexual partners      

0 0.000532 -8.4421 -0.0012578 19.947 11.505 

1 0.00  0.00   

2+ 0.000465* -7.3845 -.00058452 9.2694 1.885 

Residence      

Rural 0.00  0.00   

Urban 0.001482*** -23.507 -.0010425 16.532 -6.975 

Region      

Central 1 0.00  0.00   

Central 2 -1.1422e-06 0.01811 0.0008337 -13.222 -13.204 

Kampala 0.0003067* -4.8554 0.0012513 -19.844 -24.699 

East Central 0.0000431 -0.6836 0.0008742 -13.864 -14.548 

Eastern -0.0009428*** 14.952 0.0016567 -26.271 -11.319 

North East -0.0011876*** 18.834 -0.0002359 3.7419 22.576 

West Nile -0.0015796*** 25.049 0.0000610 -.96834 24.081 

North Central -0.0000336 0.53415 0.000918 -14.558 -14.024 

South West 0.0000111 -.1762 0.00069642 -11.044 -11.220 

Western 0.0002785* -4.4175 -0.00021104 3.3467 -1.071 

Subtotal 0.0034456*** -54.64 -0.009751*** -266.751 -321.392 

Constant   -0.026573 421.39  

Total  -54.64 -0.009751*** 154.64 100.000 
* = significant at 0.05; ** = significant at 0.01; *** = significant at <0.001 



Discussion 

This study applied logistic decomposition analysis to assess the contribution of survey 

participants’ characteristics (endowments) as well as the coefficients of the characteristics to 

change in HIV prevalence between 2011/12 and 2016/17 surveys. The study further applied pooled 

multivariable logistic regression to evaluate the factors associated with HIV prevalence. 

Study findings show that overall HIV prevalence reduced from 7.3% in 2011/12 to 6.0% in 

2016/17 among individuals aged 15-49 years tested during the survey representing a 18% decline 

in prevalence. Prevalence decreased in all population subgroups except among individuals with no 

formal education; individuals with no sexual partners in the 12 months preceding the survey and 

among individuals aged 40-49 years. The largest decrease was among individuals aged 20-24 

years, individuals who were divorced/separated and among individuals who had two or more 

sexual partners in the 12 preceding the survey.  

Generally, both the characteristics (endowments) of individuals surveyed and the effects of the 

characteristics had a significant contribution on the reduction in HIV prevalence between the two 

survey period. Changes in the population endowments (composition) that led to significantly larger 

change in HIV prevalence include young age (15-19 years), Tertiary level of education, being 

previously married and urban residence. Change in the characteristics (“endowments”) of the 

survey participants is the change in the composition of survey participants in 2011/12 compared 

to the 2016/17.  While effects of the differing coefficients of the characteristics refer to the 

differences of the coefficients of the characteristics in the two surveys on the overall change in 

HIV prevalence. 

For effects of the coefficients, only differences in coefficients for older age group were likely to 

lead to a statistically significant change in HIV prevalence. Other characteristics with large 

coefficients effects (large differentials leading to large contribution to change in HIV prevalence) 

although may not lead to statistically significant change in HIV prevalence include female gender, 

secondary level of education, not being married, having no sexual partner in the 12 months 

preceding the survey and residence in urban areas. 

A reduction in HIV prevalence have been observed in other studies conducted in Uganda over the 

years irrespective of the source of data. HIV prevalence decline was observed among women 

accessing ANC services[5,23] and among rural communities surveyed in western Uganda[6,24]. 

Key factors highlighted in these studies for the decline include change in sexual behavior such as 



reduction in the number of sexual partners consistent with findings in our study [25]. In this study, 

prevalence decreased by 18% between 2011 and 2016, although the proportion of individuals with 

two or more sexual partners increased from 10% to 16%. Studies elsewhere have noted that 

individuals tend to adopt acceptable and desirable behaviors as they adjust to the realities of the 

epidemic[7,26]. We therefore believe that the decrease in HIV prevalence more than compensates 

for the increase in the proportion of individuals with two or more sexual partners and is attributable 

to adoption of safe sexual practices. Additionally, effective prevention programs such as male 

circumcision were rolled out in Uganda following studies that showed its effectiveness against 

HIV incidence[27] as well its acceptability as an HIV prevention tool[28,29]. The policy on male 

circumcision was rolled out in 2010, just before the 2011 survey in Uganda[30]. Another key 

intervention was the test and treat policy rolled out in 2013 that recommended initiation of ART 

for some population categories irrespective of their CD4 count once they tested HIV positive. This 

was based on the evidence of minimized chances of passing on the virus to un-infected sexual 

partner if the HIV positive individuals was taking ART optimally[31–37].  

Increase in HIV prevalence on the other hand among individuals aged 40-49 years is attributable 

to cumulative effect, given the effectiveness of HIV treatment interventions that has enabled HIV 

infected individuals to leave longer with HIV infection[32,34,38]. The effect of this age group is 

thus likely to contribute more to change in prevalence, as both new incident cases as well as 

individuals infected earlier in their lives (cohort effect) are able to live longer with HIV.  Our 

findings showed that change in coefficients for older age group (40-49 years) were likely to lead 

to a statistically significant change in HIV prevalence. The likelihood of testing HIV positive was 

also significantly associated with older age group in this is study. 

HIV prevalence among young people is argued to provide a better reflection of the nature of 

HIV/AIDS epidemic in any population. It’s therefore often used as an indication of the level of 

new infections as this population sub groups are newly exposed to risky behaviors such as initiation 

of sex and other vulnerabilities[15,39–43].  In our study, although the proportion of young people 

(15-25 years) participating in the survey increased from 40% in 2011 to 48%, HIV prevalence 

decreased significantly from 2.4% to 1.2% and 5.3% to 3.3% among individuals aged 15-19 years 

and 20-24years respectively. Additionally, the change in composition of young people was 

significantly associated with change in HIV prevalence. Individuals aged 15-19 years contributed 

to 37% reduction in HIV prevalence between 2011 and 2016.  



The large reduction in HIV prevalence among young people and the significant contribution to 

overall change in HIV prevalence is attributable to both increased sensitivity to new information 

and the higher likelihood to adopt or change behavior in effect, as highlighted in other 

studies[4,44,45]. HIV programs such as DREAMs were rolled out in many countries in sub 

Saharan Africa including Uganda. The program focused on providing information to young people 

especially young girls on HIV prevention strategies such as delaying sexual initiation, youth 

friendly sexual and reproductive health care as well as condom promotion[10]. The participating 

countries realized between 20-40% reduction in new HIV infections[10]. 

Although results from our study shows that having two or more sexual partners and being 

previously married were significantly associated with higher positivity rates, there were 

statistically significant reduction in HIV prevalence among these population categories. These 

population categories also had statistically signification compositional effect on the reduction in 

HIV prevalence between 2011 and 2016. Multiple concurrent sexual relationships is a key driver 

of HIV distribution in settings where the epidemic is described as generalized[44,46,47].  

Additionally, individuals who were previously married were found to exhibit higher prevalence 

due to a possible infection in an earlier relationship[44,47]. Previously married individuals have 

also been reported to have had multiple sexual relationship compared to those who were married 

in a qualitative study in western Uganda[48].  

Other factors that had a large and significant composition effect on HIV prevalence include female 

gender, tertiary level of education and residence in urban areas. Most studies have shown HIV 

prevalence to be higher among females compared to males[9,18,47,49,50]. Our study show that 

the proportion of females participating in the surveys in 2016 reduced. Due to high levels of 

vulnerabilities including poverty and lack of independence among women in Uganda, 

interventions that focus on this differential are more likely to realize an overall impact in reducing 

HIV prevalence levels.  

Individuals with higher education levels have easy access to information and are thus more likely 

to adjust their sexual behaviors and other HIV risky behavior [4,51]. Our study findings show that 

individuals with tertiary or higher levels of education have signification large contribution to the 

reduction in HIV prevalence. Additionally, the proportion of individuals with tertiary or higher 

levels of education increased between the two survey time points while HIV prevalence reduced 

significantly. 



Strengths and limitations 

We applied multilevel logistic regression analysis which has multiple advantages over classical 

models including adjusting for cluster level correlation through random effects component. 

Multilevel models also allow for inclusion of predictors at both individual and cluster levels. We 

used data from two time points only (i.e 2011 UAIS and the Population HIV Impact Assessment 

(PHIA), conducted in 2017. More data points would enable validation of the results obtained.  Data 

from the population survey conducted in 2004/05 was not readily accessible while the 2019-2020 

survey was interrupted by the COVID19 pandemic.  Population survey data is also characterised 

by non-response especially for sensitive questions like condom use and multiple sexual partners.  

Conclusion  

Composition of the population surveyed as well as the effects of their characteristics/coefficients 

on HIV prevalence bring to the fore salient factors that underscore HIV spread. Despite extensive 

efforts to curb the spread of the virus, some population groups continue to experience higher 

incidences. Targeting these population subgroup based on their specific and possible contribution 

to HIV prevalence reduction and hence incidence will heighten the pace at which zero new 

infections occur in the general population. This study maybe among the first to stratify effects into 

endowments and those arising from the coefficients of the endowments. This is critical for 

identifying intervention areas to focus on to end the HIV epidemic sooner. In particular, focusing 

on young age groups, individuals with higher level of education, those who were previously 

married and those who have two or more sexual partners will have large contribution to change in 

HIV prevalence. Additionally, the change in coefficient of older age group has a large contribution 

on HIV prevalence reduction.  

Ethics 

Ethical clearance for this study was obtained from the University of Witwatersrand Human 

Research Ethics Committee (HREC) and Uganda National Council of Science and Technology 

(UNCST). Permission was also obtained from Ministry of Health, Uganda, and the Measure 

DHS (ORC MACRO). All individual-level data was identified using unique person identifiers 

only.  

Competing interests 



There are no conflicts of interest 

Authors’ contributions  

All authors have read and approved the final manuscript. JO, JJV and JL designed the research. 

JO compiled and analysed the data and wrote the first manuscript draft. All authors provided 

critical content analysis, reviewed and approved the final manuscript.   

Acknowledgements 

We acknowledge the Ugandan Ministry of Health and its partners in conducting the Uganda AIDS 

Indicator Survey, and for the permission to use the dataset 

Funding  

This study was supported through the DELTAS Africa Initiative SSACAB (Grant No. 

107754/Z/15/Z). The DELTAS Africa Initiative is an independent funding scheme of the African 

Academy of Sciences (AAS) Alliance for Accelerating Excellence in Science in Africa (AESA) 

and is supported by the New Partnership for Africa’s Development Planning and Coordinating 

Agency (NEPAD Agency) with funding from the Wellcome Trust (Grant No. 107754/Z/15/Z) and 

the UK government. The views expressed in this publication are those of the authors and not 

necessarily those of the AAS, NEPAD Agency, Wellcome Trust or the UK government. 

 

  



References 

1.  UNAIDS. Global HIV & AIDS statistics — 2020 fact sheet _ UNAIDS. 2020.  

2.  (No Title) [Internet]. [cited 2021 Feb 9]. Available from: 

https://www.unaids.org/sites/default/files/media_asset/90-90-90_en.pdf 

3.  2025 AIDS Targets: 2025 Target setting and 2020-2030 resource needs and impact estimation | 

UNAIDS [Internet]. [cited 2021 Feb 9]. Available from: 

https://www.unaids.org/en/topics/2025_target_setting 

4.  Kilian AHD, Gregson S, Ndyanabangi B, Walusaga K, Kipp W, Sahlmüller G, et al. Reductions in 

risk behaviour provide the most consistent explanation for declining HIV-1 prevalence in Uganda. 

Aids. 1999;13(3):391–8.  

5.  Asiimwe-Okiror G, Opio AA, Musinguzi J, Madraa E, Tembo G, Caraël M. Change in sexual 

behaviour and decline in HIV infection among young pregnant women in urban Uganda. Aids. 

1997;11(14):1757–63.  

6.  Kamali A, Carpenter LM, Whitworth JAG, Pool R, Ruberantwari A, Ojwiya A. Seven-year trends 

in HIV-1 infection rates, and changes in sexual behaviour, among adults in rural Uganda. Aids. 

2000;14(4):427–34.  

7.  Fylkesnes K, Musonda RM, Sichone M, Ndhlovu Z, Tembo F, Monze M. Declining HIV 

prevalence and risk behaviours in Zambia: evidence from surveillance and population-based 

surveys. AIDS. 2001;15(7):907–16.  

8.  Hallett TB, Aberle-Grasse J, Bello G, Boulos LM, Cayemittes MPA, Cheluget B, et al. Declines in 

HIV prevalence can be associated with changing sexual behaviour in Uganda, urban Kenya, 

Zimbabwe, and urban Haiti. Sex Transm Infect. 2006;82(SUPPL. 1):1–8.  

9.  Ministry of Health Uganda. Uganda Population-based HIV Impact Assessment (UPHIA) 2016-

2017: Final Report. [Internet]. Kampala, Uganda; 2019. Available from: 

https://phia.icap.columbia.edu/wp-

content/uploads/2019/07/UPHIA_Final_Report_Revise_07.11.2019_Final_for-web.pdf 

10.  DREAMS: Partnership to Reduce HIV/AIDS in Adolescent Girls and Young Women | U.S. 

Agency for International Development [Internet]. [cited 2021 Feb 13]. Available from: 

https://www.usaid.gov/global-health/health-areas/hiv-and-aids/technical-areas/dreams 

11.  Blinder AS. Wage Discrimination : Reduced Form and Structural Estimates. J Hum Resour. 



1973;8(4):436–55.  

12.  Yussuf MH, Elewonibi BR, Rwabilimbo MM, Mboya IB, Mahande1 MJ. Trends and predictors of 

changes in modern contraceptive use among women aged 15-49 years in Tanzania from 2004-

2016: Evidence from Tanzania Demographic and Health Surveys. PLoS One [Internet]. 2020;15(6 

June):1–14. Available from: http://dx.doi.org/10.1371/journal.pone.0234980 

13.  Ariho P, Nzabona A. Determinants of Change in Fertility among Women in Rural Areas of 

Uganda. 2019; Available from: https://doi.org/10.1155/2019/6429171 

14.  Hong R, Hor D. Factors associated with the decline of under-five mortality in Cambodia, 2000-

2010: Further analysis of the Cambodia Demographic and Health Surveys . DHS Furth Anal 

Reports No 84  [Internet]. 2013;2000–10. Available from: 

http://dhsprogram.com/pubs/pdf/FA84/FA84.pdf 

15.  Phimemon RN, Mahande MJ, Ramadhani HO. Factors Associated with Changes in Uptake of HIV 

Testing among Young Women (age 15-24) in Tanzania from 2003 and 2012. DHS Working 

Papers No. 119. Rockville, Maryland, USA: ICF International. 2015.  

16.  UNAIDS/WHO Working Group on Global HIV/AIDS and STI Surveillance. Monitoring HIV 

impact using Population-Based Surveys. 2015.  

17.  Uganda Ministry of Health. Uganda HIV/AIDS Sero-Behavioural Survey 2004-05. 2004;36; 107. 

Available from: http://pdf.usaid.gov/pdf_docs/Pnadg508.pdf 

18.  Ministry of Heath and ICF international. Uganda AIDS Indicator Survey (AIS) 2011 [Internet]. 

Kampala Uganda and Rockville, Maryland, USA; 2012. Available from: 

http://health.go.ug/docs/UAIS_2011_REPORT.pdf 

19.  Uganda Bureau of Statistics. 2002 Uganda Population and Housing Census Administrative Report. 

2007.  

20.  UBOS. National housing and population census 2014-Area Specific Profiles, Wakiso District. 

2017.  

21.  Powers DA, Yoshioka H, Yun M-S. Mvdcmp: Multivariate Decomposition for Nonlinear 

Response Models. Stata J Promot Commun Stat Stata. 2011;11(4):556–76.  

22.  StataCorp. Stata Statistical Software: Release 15 [Internet]. College Station, TX: StataCorp LLC; 

2017. Available from: https://www.stata.com/ 



23.  Kirungi WL, Musinguzi J, Madraa E, Mulumba N, Callejja T, Ghys P. Trends in antenatal HIV 

prevalence in urban Uganda associated with uptake of preventive sexual behaviour. Sex Transm 

Infect [Internet]. 2006;82(suppl 1 (i36-i41)). Available from: www.stijournal.com 

24.  Shafer LA, Biraro S, Nakiyingi-Miiro J, Kamali A, Ssematimba D, Ouma J, et al. HIV prevalence 

and incidence are no longer falling in southwest Uganda: Evidence from a rural population cohort 

1989-2005. Aids. 2008;22(13):1641–9.  

25.  Mafigiri R, Matovu JKBB, Makumbi FE, Ndyanabo A, Nabukalu D, Sakor M, et al. HIV 

prevalence and uptake of HIV/AIDS services among youths (15-24 Years) in fishing and 

neighboring communities of Kasensero, Rakai District, South Western Uganda. BMC Public 

Health [Internet]. 2017 Dec 14 [cited 2019 Apr 2];17(1):251. Available from: 

http://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-017-4166-2 

26.  Schaefer R, Thomas R, Maswera R, Kadzura N, Nyamukapa C, Gregson S. Relationships between 

changes in HIV risk perception and condom use in East Zimbabwe 2003-2013: Population-based 

longitudinal analyses. BMC Public Health. 2020;20(1).  

27.  Gray R, Kigozi G, Kong X, Ssempiija V, Makumbi F, Wattya S, et al. The effectiveness of male 

circumcision for HIV prevention and effects on risk behaviors in a posttrial follow-up study. Aids. 

2012;26(5):609–15.  

28.  Odoch WD, Kabali K, Ankunda R, Zulu JM, Tetui M. Introduction of male circumcision for HIV 

prevention in Uganda: analysis of the policy process. Heal Res Policy Syst [Internet]. 2015 Jun 20 

[cited 2021 Feb 13];13(1):31. Available from: https://health-policy-

systems.biomedcentral.com/articles/10.1186/s12961-015-0020-0 

29.  Albert LM, Akol A, L’Engle K, Tolley EE, Ramirez CB, Opio A, et al. Acceptability of male 

circumcision for prevention of HIV infection among men and women in Uganda. AIDS Care - 

Psychol Socio-Medical Asp AIDS/HIV. 2011 Dec;23(12):1578–85.  

30.  Safe Male Circumcision Policy | Ministry of Health Knowledge Management Portal [Internet]. 

[cited 2021 Feb 13]. Available from: http://library.health.go.ug/publications/policy-

documents/safe-male-circumcision-policy 

31.  Keith A. SEARCH study exceeds 90-90-90 targets after 2 years of “test and treat” for HIV in rural 

East Africa | aidsmap [Internet]. 2013 [cited 2021 Jan 23]. Available from: 

https://www.aidsmap.com/news/jul-2016/search-study-exceeds-90-90-90-targets-after-2-years-

test-and-treat-hiv-rural-east 



32.  Johnson LF, May MT, Dorrington RE, Cornell M, Boulle A, Egger M, et al. Estimating the impact 

of antiretroviral treatment on adult mortality trends in South Africa: A mathematical modelling 

study. PLoS Med. 2017;14(12):1–17.  

33.  Livia, Montana; Melissa, Neuman; Vnod M. Spatial modelling of HIV prevalence in Kenya. Vol. 

0. 2007.  

34.  Frank TD, Carter A, Jahagirdar D, Biehl MH, Douwes-Schultz D, Larson SL, et al. Global, 

regional, and national incidence, prevalence, and mortality of HIV, 1980-2017, and forecasts to 

2030, for 195 countries and territories: A systematic analysis for the Global Burden of Diseases, 

Injuries, and Risk Factors Study 2017. Lancet HIV. 2019;6(12):e831–59.  

35.  Das M, Chu PL, Santos G-M, Scheer S, Vittinghoff E, Mcfarland W, et al. Decreases in 

Community Viral Load Are Accompanied by Reductions in New HIV Infections in San Francisco. 

[cited 2021 Feb 13]; Available from: www.plosone.org 

36.  Abongomera G, Kiwuwa-Muyingo S, Revill P, Chiwaula L, Mabugu T, Phillips AN, et al. Impact 

of decentralisation of antiretroviral therapy services on HIV testing and care at a population level 

in agago district in rural Northern Uganda: Results from the Lablite population surveys. Int 

Health. 2017;9(2):91–9.  

37.  Johnson LF, Davies MA, Moultrie H, Sherman GG, Bland RM, Rehle TM, et al. The effect of 

early initiation of antiretroviral treatment in infants on pediatric AIDS mortality in South Africa: A 

model-based analysis. Pediatr Infect Dis J. 2012 May;31(5):474–80.  

38.  Yotebieng M, Brazier E, Addison D, Kimmel AD, Cornell M, Keiser O, et al. Research priorities 

to inform “Treat All” policy implementation for people living with HIV in sub‐Saharan Africa: a 

consensus statement from the International epidemiology Databases to Evaluate AIDS (Ie DEA ). 

J Int AIDS Soc. 2019;22(1):e25218.  

39.  Rodríguez MP, Hayes PR. Reducing HIV prevalence among young people : A review of the 

UNGASS prevalence goal and how it should be monitored Discussion paper commissioned by 

WHO October 2002 TABLE OF CONTENTS. Trop Med. 2002;(October).  

40.  Marsh KA, Nyamukapa CA, Donnelly CA, Garcia-Calleja JM, Mushati P, Garnett GP, et al. 

Monitoring trends in HIV prevalence among young people, aged 15 to 24 years, in Manicaland, 

Zimbabwe. J Int AIDS Soc [Internet]. 2011;14(1):27. Available from: 

http://www.jiasociety.org/content/14/1/27 



41.  Ortblad KF, Musoke DK, Ngabirano T, Salomon JA, Haberer JE, McConnell M, et al. Is 

knowledge of HIV status associated with sexual behaviours? A fixed effects analysis of a female 

sex worker cohort in urban Uganda. J Int AIDS Soc. 2019;22(7):1–11.  

42.  Igulot P, A Magadi M. Social and structural vulnerability to HIV infection in Uganda: A 

multilevel modelling of AIDS indicators survey data, 2004-2005 and 2011. J Community Med. 

2018;1(2):2004–5.  

43.  Marsh K, Mahy M, Salomon JA, Hogan DR. Assessing and adjusting for differences between HIV 

prevalence estimates derived from national population-based surveys and antenatal care 

surveillance, with applications for Spectrum 2013. Aids [Internet]. 2014;28(August):S497–505. 

Available from: 

http://content.wkhealth.com/linkback/openurl?sid=WKPTLP:landingpage&an=00002030-

201411004-00011 

44.  Zaba BW, Carpenter LM, Boerma JT, Gregson S, Nakiyingi J, Urassa M. Adjusting ante-natal 

clinic data for improved estimates of HIV prevalence among women in sub-Saharan Africa. AIDS. 

2000;14(17):2741–50.  

45.  Gregson S, Terceiria N, Kakowa M, Mason PR, Anderson RM, Chandiwana SK CM. Study of 

bias in antenatal clinic HIV-1 surveillance data in a high contraceptive prevalence population in 

sub-Saharan Africa. AIDS. 2002;16(4):643–52.  

46.  Amornkul PN, Vandenhoudt H, Nasokho P, Odhiambo F, Mwaengo D, Hightower A, et al. HIV 

prevalence and associated risk factors among individuals aged 13-34 years in rural Western 

Kenya. PLoS One. 2009;4(7).  

47.  Kwesigabo G, Killewo JZ, Urassa W, Mbena E, Mhalu F, Lugalla JL, et al. Monitoring of HIV-1 

infection prevalence and trends in the general population using pregnant women as a sentinel 

population: 9 years experience from the Kagera region of Tanzania. J Acquir Immune Defic 

Syndr. 2000;23(5):410–7.  

48.  Nalugoda F, Guwatudde D, Bwaninka JB, Makumbi FE, Lutalo T, Kagaayi J, et al. Marriage and 

the risk of incident HIV infection in Rakai, Uganda. J Acquir Immune Defic Syndr [Internet]. 

2014 Jan 1;65(1):91–8. Available from: https://www.ncbi.nlm.nih.gov/pubmed/24419066 

49.  Kapesa A, Basinda N, Nyanza EC, Mushi MF, Jahanpour O, Ngallaba SE. Prevalence of HIV 

infection and uptake of HIV/AIDS services among fisherfolk in landing Islands of Lake Victoria, 

north western Tanzania. BMC Health Serv Res [Internet]. 2018 Dec 18 [cited 2019 Apr 



2];18(1):980. Available from: 

https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-018-3784-4 

50.  Hegdahl HK, Fylkesnes KM, Sandøy IF. Sex differences in HIV prevalence persist over time: 

Evidence from 18 countries in Sub-Saharan Africa. PLoS One [Internet]. 2016;11(2):1–17. 

Available from: http://dx.doi.org/10.1371/journal.pone.0148502 

51.  Nangendo J, Katahoire AR, Armstrong-Hough M, Kabami J, Obeng-Amoako GO, Muwema M, et 

al. Prevalence, associated factors and perspectives of HIV testing among men in Uganda. PLoS 

One [Internet]. 2020;15(8 August):1–20. Available from: 

http://dx.doi.org/10.1371/journal.pone.0237402 

  



Appendix 1: Trends in Weighted HIV prevalence between 2011 and 2016 

Characteristic HIV prevalence (weighted) Percentage point 
difference in HIV 

prevalence 
 UAIS, 2011/12   UPHIA, 2016/17 

Over all  7.3 6.0 -1.3 

Age (Years)    

15-19 2.4 1.2 -1.2 

20-24 5.3 3.3 -2.0 

25-29 7.4 6.3 -1.1 

30-34 10.2 8.6 -1.6 

35-39 11.6 11.2 -0.4 

40-49 10.7 12.3 1.6 

Gender    

Male 6.1 4.3 -1.8 

Female 8.3 7.5 -0.8 

Education level    

None 9.2 9.5 0.3 

Primary 8.0 6.6 -1.4 

Secondary 5.8 4.8 -1.0 

Tertiary+ 4.4 3.6 -0.8 

Marital Status    

Never Married 2.8 1.6 -1.2 

Married 7.4 6.6 -0.8 

Widowed 32.6 31.9 -0.7 

Divorced/Separated 16.9 13.4 -3.5 

Number of sexual 
partners 

  
 

0 6.3 6.6 0.3 

1 7.5 6.6 -0.9 

2+ 9.2 6.5 -2.7 

Residence    

Rural 7.0 5.4 -1.6 

Urban 8.7 7.2 -1.5 

Region    

Central 1 10.6 7.6 -3.0 

Central 2 9.0 7.4 -1.6 

Kampala 7.1 6.6 -0.5 

East Central 5.7 4.4 -1.3 

Eastern 4.1 4.8 0.7 

North East 5.3 3.4 -1.9 

West Nile 4.8 2.8 -2.0 

North Central 8.3 7.0 -1.3 

South West 8.0 7.7 -0.3 

Western 8.3 5.5 -2.8 

 



Appendix II: Factors associated with HIV positivity  

Characteristic Coefficient SE Coefficient SE 

Age (Years)     

15-19 -0.598 0.141 -0.688 0.164 

20-24 0.00  0.00  

25-29 0.338 0.100 0.518 -0.115 

30-34 0.605 0.110 0.819 0.117 

35-39 0.677 0.107 1.058 0.120 

40-49 0.550 0.103 1.107 0.117 

Gender     

Male 0.00  0.00  

Female 0.220 0.0725 0.394 0.082 

Education level     

None -0.197 0.107 -0.101 0.116 

Primary 0.00  0.00  

Secondary -0.224 0.081 -0.106 0.087 

Tertiary+ -0.731 0.146 -0.637 0.141 

Marital Status     

Never Married -0.278 0.157 -0.153 0.130 

Married 0.00  0.00  

Widowed 1.580 0.138 1.496 0.121 

Divorced/Separated 0.845 0.110 0.799 0.076 

# of sexual partners     

0 0.015 0.085 -0.110 0.085 

1 0.00  0.00  

2+ 0.348 0.096 0.192 0.083 

Residence     

Rural 0.00  0.00  

Urban 0.532 0.145 0.402 0.110 

Region     

Central 1 0.00  0.00  

Central 2 -0.216 0.110 0.001 0.239 

Kampala -0.553 0.164 -0.250 0.254 

East Central -0.699 0.132 -0.487 0.339 

Eastern -0.873 0.167 -0.481 0.247 

North East -0.573 0.161 -0.644 0.290 

West Nile -0.939 0.147 -0.923 0.236 

North Central -0.199 0.146 -0.034 0.250 

South West -0.202 0.156 -0.101 0.251 

Western -0.226 0.197 -0.275 0.329 

     

Constant -2.757 0.110 -3.439 0.244 

R2 0.0849    

s.e     
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