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Strengths and limitations of this study

 ► This will be the first published study that combines 
survey and published data to spatially predict tuber-
culosis (TB) prevalence across Ethiopia.

 ► The systematic review will be conducted in ac-
cordance with the Preferred Reporting Items for 
Systematic Reviews and Meta- Analyses statement.

 ► The study will be limited to TB prevalence surveys 
conducted in Ethiopia, but the technique employed 
in this protocol can be adopted for other countries 
or diseases.

AbStrACt
Introduction Tuberculosis (TB), a major public health 
concern in Ethiopia, is distributed heterogeneously across 
the country. Mapping TB prevalence at national and 
subnational levels can provide information for designing 
and implementing control strategies. Data for spatial 
analysis can be obtained through systematic review of 
the literature, and spatial prediction can be done by meta- 
analysis of published data (geospatial meta- analysis). 
Geospatial meta- analysis can increase the power of spatial 
analytic models by making use of all available data. It can 
also provide a means for spatial prediction where new 
survey data in a given area are sparse or not available. 
In this report, we present a protocol for a geospatial 
meta- analysis to investigate the spatial patterns of TB 
prevalence in Ethiopia.
Methods and analysis To conduct this study, a 
national TB prevalence survey, supplemented with data 
from a systematic review of published reports, will be 
used as the source of TB prevalence data. Systematic 
searching will be conducted in PubMed, Scopus and 
Web of Science for studies published up to 15 April 
2020 to identify all potential publications reporting TB 
prevalence in Ethiopia. Data for covariates for multivariable 
analysis will be obtained from different, readily available 
sources. Extracted TB survey and covariate data will be 
georeferenced to specific locations or the centroids of 
small administrative areas. A binomial logistic regression 
model will be fitted to TB prevalence data using both 
fixed covariate effects and random geostatistical effects 
based on the approach of model- based geostatistics. 
Markov Chain Monte Carlo simulation will be conducted 
to obtained posterior parameter estimations, including 
spatially predicted prevalence.
Ethics and dissemination Ethical approval will not be 
required for this study as it will be based on deidentified, 
aggregate published data. The final report of this review 
will be disseminated through publication in a peer- 
reviewed scientific journal and will also be presented at 
relevant conferences.

IntroduCtIon
Although preventable, and usually treatable 
and curable, tuberculosis (TB) remains the 
leading cause of death from an infectious 
disease worldwide.1 In 2018, there were an esti-
mated 10 million cases of TB and 1.6 million 
deaths due to TB globally.2 The burden of TB 

is distributed unevenly in the world, with the 
highest incidence rate of TB being reported 
in Africa.2 The United Nations’ (UN) Sustain-
able Development Goals and WHO’s End TB 
Strategy have a common target of ending 
the global TB epidemic by 2030.3 4 Achieving 
this ambitious target requires narrowing of 
the geographical inequalities and increasing 
access to preventive, diagnostic and treatment 
services for those at the highest risk of TB. In 
resource- limited and high- TB burden coun-
tries such as Ethiopia, identifying hotspot 
areas for targeted interventions is particu-
larly important to optimise use of available 
resources and to increase efficiencies in the 
delivery of TB services.5

The prevalence of TB in small geographical 
areas such as districts may significantly vary 
from the national average. Previous studies 
conducted in Ethiopia have shown a substan-
tial geographical variation of TB incidence 
at district level.6–9 Such small- area variations 
of TB may have important implications for 
local and national health policy in that policy- 
makers, clinicians and public health profes-
sionals might benefit from evidence to target 
interventions to those areas and communities 
at the highest risk. However, previous spatial 
analyses of TB have been generally conducted 
using routinely collected TB notification 
data.10 There are a number of limitations to 
using such data, including underdetection 
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and under- reporting. Notably, WHO estimated that 
almost 32% of TB cases have not been detected in Ethi-
opia due to low TB diagnostic and treatment coverage.2

Population- based surveys, undertaken using probability 
sampling designs, would be the best source of data to esti-
mate TB prevalence in the general population. However, 
resource scarcity, logistic difficulties and a shortage of 
experts may limit the feasibility of conducting large- scale 
surveys. While there are many small- scale TB prevalence 
surveys in Ethiopia conducted at different times,11–16 
there has been only one national TB prevalence survey, 
which was conducted in 2011.17 In the absence of large- 
scale population- based surveys, alternative methods such 
as geospatial meta- analysis are required to estimate the 
spatial distribution of TB prevalence across national and 
subnational areas.

The term geospatial refers to data that have a geograph-
ical component, and meta- analysis refers to methods that 
are applied to combine data from multiple studies to 
provide a pooled estimate of an effect. Geospatial meta- 
analysis combines the principles of geospatial analysis 
and meta- analysis to estimate disease prevalence across 
geographical areas. Combining geospatial techniques 
and meta- analysis provides robust information by pooling 
data from several studies (that might be small scale), and 
by incorporating spatial components to the model.

Geospatial meta- analysis has been used as a pragmatic 
and cost- effective method to investigate the spatial distri-
bution of infectious disease such as HIV,18 malaria,19–21 
dengue,22 cholera23 and soil- transmitted helminth infec-
tions.24 25 However, to our knowledge, there have been 
no reported studies investigating the spatial distribution 
of TB prevalence using geospatial meta- analysis. In this 
report, we present the protocol for a systematic review and 
geospatial meta- analysis to predict the spatial patterns of 
TB point prevalence in Ethiopia.

objECtIvE
The aim of this systematic review and geospatial meta- 
analysis is to map the spatial distribution of TB preva-
lence in Ethiopia.

MEthodS
Study settings
Ethiopia is the second most populous country in Africa 
after Nigeria, with an estimated population of 112 million 
in 2019.26 It has a surface area of approximately 1.1 million 
km² and a population density of 215 people/km2.26 The 
country is administratively divided into nine regional 
states and two administrative cities (first level), which are 
further divided into zones (second level), districts (third 
level) and villages (fourth level). The districts are the 
decentralised administrative level where health resource 
allocation decisions are made. Villages have an average 
population size of 5000 in rural areas and 25 000 in urban 
areas. Ethiopia is listed by WHO as being among 30 

high TB and multidrug- resistant tuberculosis (MDR- TB) 
burden countries.27 Finding all people with TB diseases 
and providing them appropriate treatment are compo-
nents of the country TB prevention strategy.

data sources
For our study, a national TB prevalence survey, supple-
mented with data from a systematic review of published 
studies, will be used as the source of TB prevalence data. 
The national TB prevalence survey is described in detail 
elsewhere.17 Briefly, it was a nationwide survey conducted 
between 2010 and 2011 to estimate the prevalence of TB 
in Ethiopia. A total of 85 villages were included in the 
survey, including 14 villages in urban areas, 63 villages in 
rural areas and 8 villages in pastoralist areas. Symptom 
screening, chest X- ray, sputum smear microscopy and 
culture were reported among 46 697 adults and adoles-
cents aged 15 years and above.17

Search strategies
The comprehensive systematic review will be conducted 
for studies published up to 15 April 2020 in accordance 
with the Preferred Reporting Items for Systematic Reviews 
and Meta- Analyses statement (online supplementary 
table S1).28 We will search PubMed, Scopus and Web of 
Science to identify all potential publications reporting 
TB prevalence in Ethiopia. The search will be conducted 
using a combination of key words such as “tuberculosis”, 
(“prevalence” OR “survey”) and “Ethiopia” without 
language and time restriction. Complete details of the 
search strategy are available inonline supplementary 
table S2. The reference list of the retrieved articles will be 
checked manually for additional studies. Authors of the 
papers will be contacted when there is a need for addi-
tional information.

Study selection criteria
Studies will be selected based on the following inclusion 
and exclusion criteria.

Inclusion criteria
We will include all TB prevalence surveys conducted in 
Ethiopia on the general population using probability 
sampling methods, and where geographical information 
on the location of the survey is provided at a higher reso-
lution than region level. TB cases should be confirmed 
bacteriologically by smear microscopy, GeneXpert or 
culture.

Exclusion criteria
We will exclude studies that: did not report prevalence 
data; were conducted outside Ethiopia; did not describe 
the geographical location of the survey; used non- 
probability sampling techniques or conducted the survey 
in specific groups that did not represent the general 
population such as health professionals, prisoners, people 
living with HIV, homeless people, migrants and military 
personnel. We will also exclude case reports, case series, 
review articles and studies conducted in animals. When 
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multiple studies used the same data, we will include the 
study with the most detailed geographical and clinical 
data.

data extraction
KAA and ZAW will screen the titles and abstracts of the 
studies and will review the full text based on the inclusion 
and exclusion criteria. When there is uncertainty about 
eligibility of the study, reviewers will arrive at a decision 
by consensus. Data will be extracted from the selected 
articles using a Microsoft Excel 2016 spreadsheet (Micro-
soft). The following information will be extracted from 
each included article: first author; year of publication; 
geographical location of the survey including the name 
and administrative unit (region (level 1), zone (level 2), 
district (level 3) and where available village (level 4)) 
or coordinates in decimal degrees format (with conver-
sion done where required); start and end dates of survey 
(month and year); study design; type of living environ-
ment in which the survey was conducted (urban, rural 
or pastoralist); age ranges (lowest and highest) and the 
proportion of participants that were men. We will also 
extract information on diagnostic methods; type of TB 
(drug- susceptible TB (DS- TB) and drug- resistant TB 
(DR- TB)); TB case definition used; total size of the study 
population (the sample represented); number of people 
examined for TB; number of people found positive for 
TB and prevalence of TB (overall and stratified by sex 
and age groups). When available, the following addi-
tional information will be also extracted from the articles: 
the number and prevalence of sputum smear positive 
cases; the number and prevalence of culture confirmed 
cases; the proportion of smear- positive and bacteriolog-
ically confirmed cases that did not report TB symptoms; 
the proportion with HIV coinfection; history of TB and 
extrapulmonary TB. The extraction sheet is available in 
online supplementary table S3.

Quality assessment
Quality of studies and risk of bias will be assessed using 
tools prepared for prevalence studies.29 30 Funnel plots 
will be used to detect potential publication bias and small- 
study effects; the Egger method will be used to assess 
asymmetry. A p value <0.05 will be considered as indica-
tive of statistically significant publication bias.

data processing
The data will be check for the presence of duplication. 
If there are duplicate data at a given location, the survey 
with the greater amount of information will be used for 
analysis.

Covariate data sources
Data for covariates for multivariable analysis will be 
obtained from different sources. Data on climatic vari-
ables, including annual mean temperature and annual 
mean precipitation, will be obtained from the Global 
Climate Data website (https://www. worldclim. org/). 
Proxies of socioeconomic status such as the percentage of 

people with low wealth index and the percentage of adults 
who had attended school or who can read and write, as 
well as healthcare access data such as difficulty of getting 
healthcare services due to lack of money or distance 
to a health facility, and behavioural factors such as the 
percentage of people chewing chat and the percentage of 
people drinking alcohol will be obtained from the Ethi-
opia Demographic and Health Surveys (EDHS 2016). 
The highest resolution for the EDHS data is enumeration 
areas, a geographical area covering on average 181 households, 
created for the 2007 Ethiopia Population and Housing 
Census. The percentage of people with poor knowledge 
and attitudes towards TB will be obtained from EDHS 
2011. If the data to classify geographical locations as rural, 
urban or pastoralist are not available from each individual 
study, they will be obtained from the Center for Interna-
tional Earth Science Information Network (http://www. 
ciesin. org/). Gridded population density data will be 
obtained from WorldPop (https://www. worldpop. org/). 
The definition of covariates and data sources used in this 
study will be presented in a table as online supplementary 
information. Shape files containing the administrative 
boundaries of Ethiopia will be obtained from openAfrica 
(https:// africaopendata. org/ dataset? tags= shapefiles).

Geocoding
Extracted TB survey data will be geolocated to a specific 
coordinate of latitude and longitude (in decimal degrees 
format) where possible or to the smallest polygon avail-
able otherwise (village or district). When the TB preva-
lence survey data are reported at village level, coordinates 
at the centre of each village will be used to obtain a georef-
erence. Village locations will be identified using Google 
Maps. In instances when the TB prevalence survey has 
been reported at a district level (ie, a polygon), a centroid 
that is spatially weighted according to population density 
will be used. The survey locations for each study will be 
stored in a geographical information system, ArcGIS 
(ESRI, Redlands, California, USA). Data on TB preva-
lence and covariates will be linked according to location 
using ArcGIS, to produce a spatially referenced dataset 
for analysis.

Geospatial analysis
A geospatial model will be fitted for TB prevalence survey 
data using both fixed covariate effects and random 
geostatistical effects based on the approach of model- 
based geostatistics.31 Covariates for the spatial model will 
be selected using a fixed effects logistic regression model 
(with an exclusion criterion of Wald p>0.2) in Stata/SE 
V.15.0 (StataCorp, College Station, Texas, USA). Geospa-
tial models will be constructed using R statistical software 
(https://www. R- project. org/).

Model specifications
The proportion of TB cases at each surveyed location j 
as the outcome variable will be considered to follow a 
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binomial distribution, and a binomial logistic regression 
model will be constructed as follows:

 Yi,j ∼ Binomial (ni,j, Si,j)  

where Yi,j is the observed number of individuals testing 
positive for TB at location j and age–gender group i; ni,j 
is the true prevalence of TB and  Si,j  is the number of indi-
vidual screened for TB. The observed prevalence  pi,j  and 
true prevalence  ni,j  of TB can be linked by rule of proba-
bility as follows:

 pi,j  = ni,j× sensitivity + (1−  ni,j )  ×  (1−specificity)
The sensitivity and specificity of TB diagnostic tests 

such as smear microscopy, GeneXpert and culture will 
be included in the model using beta distributions, with 
parameters of α and β. The prior values of α and β will be 
obtained from the literature.

The mean observed TB prevalence at location j, age–
gender group i, will be modelled by:

 log
(
pi,j

)
= α +

∑z
z=1 βκ × χj,κ +

∑w
w=1 γl × Zl + ui  

where α is the intercept; and β and γ are matrices of 
coefficients,  χ  is a matrix of spatially variant covariates 
and Z is a matrix of spatially invariant covariates (ie, 
confounders such as age, sex and diagnostic method); and 
 ui  is a geostatistical random effect defined by an isotropic 
powered exponential spatial correlation function:

 f
(
dab;Φ

)
= exp

[
−
(
Φdab

)]
  

where  dab  are the distances between pairs of points a 
and b and  is the rate of decline of spatial correlation per 
unit of distance. Non- informative priors will be used for 
the intercept (uniform prior with bounds –∞ and ∞) and 
the coefficients (normal prior with mean=0 and precision, 
the inverse of variance=1 × 10–4). The prior distribution 
of Φ  will be also uniform with upper and lower bounds 
that will be set according to the scale of the study area. 
The precision of  ui  will be given a non- informative prior 
gamma distribution. Parameter estimation will be done 
using Markov Chain Monte Carlo simulation. Conver-
gence of the model will be checked by visual inspection 
of history and density plots. Sufficient values from each 
simulation run for the variables of interest will be stored to 
ensure full characterisation of the posterior distributions.

Spatial prediction
Predictions of the prevalence of TB at unsampled loca-
tions will be made at the nodes of a 0.1×0.1 decimal 
degree grid (approximately 11 km²) by interpolating the 
geostatistical random effects and adding it to the sum of 
the products of the coefficients for the spatially variant 
fixed effects and the values of the fixed effects at each 
prediction location.32 This technique has been previously 
used to estimate the prevalence of schistosomiasis and 
soil transmitted helminths in Africa.33 34 The overall sum 
will be back transformed from the logit scale to the prev-
alence scale, providing prediction surfaces that show the 
prevalence of TB in each age and sex group for all predic-
tion locations.

Model validation
Validation of the discriminatory ability of the models will 
be undertaken by partitioning the entire dataset into 
four random subsets, running the model using three of 
four subsets and validating the model with the remaining 
subset. The ability of the models to predict known mean 
prevalence of TB will be assessed by mean prediction 
error which will provide a measure of overall bias. The 
observed values will be compared with the mean of the 
posterior distribution of each predicted value of preva-
lence. The area under the curve of a receiver operating 
characteristic will also be calculated to provide an esti-
mate of discriminatory performance relative to different 
observed prevalence thresholds.

Estimating the number of people with tb
The estimated number of TB cases (stratified by age 
group and sex) will be calculated for each location using 
the product of the mean predicted prevalence of TB 
and size of the population at risk in each location. This 
number will be compared with the number of TB cases 
notified by the national TB surveillance system to esti-
mate the number of misreported or undetected cases in 
each location.

Patient and public involvement
No patient or member of the public was involved in this 
study

dISCuSSIon And ConCluSIon
TB prevalence surveys are important to directly measure 
the burden and trend of TB in the general population, 
particularly in countries where there is high burden of 
TB, low case detection rate and week reporting systems. 
The information obtained from TB prevalence surveys 
can be used by policy- makers to improve TB diagnosis 
and treatment services as well as to improve reporting 
systems. Early diagnosis and treatment are crucial to stop 
TB transmission and reduce the burden of the disease. 
However, TB prevalence surveys are expensive and logisti-
cally difficult to implement regularly.

Effective control and prevention of TB partly depend 
on information on where and to what extent the disease 
is present. Spatial analysis can provide such information 
and identify areas where the diagnostic and treatment 
services of TB should be implemented. Geospatial meta- 
analysis combines several individual studies and their 
spatial components in a single study and provides several 
advantages (over meta- analysis and geospatial analysis 
alone). It can be used to synthesise data that obtained 
from several individual studies (meta- analysis) and 
assigning them location information (a spatial compo-
nent) to increase the chances of making accurate esti-
mates across geographical areas.

Like any other systematic review and meta- analysis, a 
clear protocol is needed before conducting geospatial 
meta- analysis. Although our protocol has been developed 
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in the context of TB prevalence surveys in Ethiopia, it can 
be adopted for other infectious diseases or countries.
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final report of this review will be disseminated through 
publication in a peer- reviewed scientific journal and will 
also be presented at relevant conferences.

Contributors KAA and ACAC conceived the study. KAA developed the search 
strategy and drafted the protocol, and ACAC revised the drafted protocol. All authors 
critically revised the manuscript for methodological and intellectual content and 
read and approved the final manuscript.

Funding The authors have not declared a specific grant for this research from any 
funding agency in the public, commercial or not- for- profit sectors.

Competing interests None declared.

Patient and public involvement Patients and/or the public were not involved in 
the design, or conduct, or reporting, or dissemination plans of this research.

Patient consent for publication Not required.

Provenance and peer review Not commissioned; externally peer reviewed.

open access This is an open access article distributed in accordance with the 
Creative Commons Attribution Non Commercial (CC BY- NC 4.0) license, which 
permits others to distribute, remix, adapt, build upon this work non- commercially, 
and license their derivative works on different terms, provided the original work is 
properly cited, appropriate credit is given, any changes made indicated, and the use 
is non- commercial. See: http:// creativecommons. org/ licenses/ by- nc/ 4. 0/.

orCId id
Kefyalew Addis Alene http:// orcid. org/ 0000- 0002- 1904- 4682

rEFErEnCES
 1 Reid MJA, Arinaminpathy N, Bloom A, et al. Building a tuberculosis- 

free world: the Lancet Commission on tuberculosis. Lancet 
2019;393:1331–84.

 2 WHO. Global tuberculosis report. Geneva, Switzerland: World Health 
Organization, 2018.

 3 Uplekar M, Weil D, Lonnroth K, et al. WHO's new end TB strategy. 
Lancet 2015;385:1799–801.

 4 UN. Indicators for sustainable development goals. sustainable 
development solutions network, 2014.

 5 Cudahy PGT, Andrews JR, Bilinski A, et al. Spatially targeted 
screening to reduce tuberculosis transmission in high- incidence 
settings. Lancet Infect Dis 2019;19:e89–95.

 6 Alene KA, Viney K, Gray DJ, et al. Mapping tuberculosis treatment 
outcomes in Ethiopia. BMC Infect Dis 2019;19:474.

 7 Alene KA, Viney K, McBryde ES, et al. Spatial patterns of multidrug 
resistant tuberculosis and relationships to socio- economic, 
demographic and household factors in Northwest Ethiopia. PLoS 
One 2017;12:e0171800.

 8 Alene KA, Viney K, McBryde ES, et al. Spatiotemporal transmission 
and socio- climatic factors related to paediatric tuberculosis in north- 
western Ethiopia. Geospat Health 2017;12:575.

 9 Alene KA, Viney K, Moore HC, et al. Spatial patterns of tuberculosis 
and HIV co- infection in Ethiopia. PLoS One 2019;14:e0226127.

 10 Shaweno D, Karmakar M, Alene KA, et al. Methods used in the 
spatial analysis of tuberculosis epidemiology: a systematic review. 
BMC Med 2018;16:193.

 11 Demissie M, Zenebere B, Berhane Y, et al. A rapid survey to 
determine the prevalence of smear- positive tuberculosis in Addis 
Ababa. Int J Tuberc Lung Dis 2002;6:580–4.

 12 Tadesse T, Demissie M, Berhane Y, et al. Two- Thirds of smear- 
positive tuberculosis cases in the community were undiagnosed in 
Northwest Ethiopia: population based cross- sectional study. PLoS 
One 2011;6:e28258.

 13 Deribew A, Abebe G, Apers L, et al. Prevalence of pulmonary TB 
and spoligotype pattern of Mycobacterium tuberculosis among TB 
suspects in a rural community in Southwest Ethiopia. BMC Infect Dis 
2012;12:54.

 14 Hamusse S, Demissie M, Teshome D, et al. Prevalence and incidence 
of smear- positive pulmonary tuberculosis in the Hetosa district of 
Arsi zone, Oromia regional state of central Ethiopia. BMC Infect Dis 
2017;17:214.

 15 Datiko DG, Guracha EA, Michael E, et al. Sub- national prevalence 
survey of tuberculosis in rural communities of Ethiopia. BMC Public 
Health 2019;19:295.

 16 Berhe G, Enqueselassie F, Hailu E, et al. Population- Based 
prevalence survey of tuberculosis in the Tigray region of Ethiopia. 
BMC Infect Dis 2013;13:448.

 17 Kebede AH, Alebachew Z, Tsegaye F, et al. The first population- 
based national tuberculosis prevalence survey in Ethiopia, 2010-
2011. Int J Tuberc Lung Dis 2014;18:635–9.

 18 Dwyer- Lindgren L, Cork MA, Sligar A, et al. Mapping HIV 
prevalence in sub- Saharan Africa between 2000 and 2017. Nature 
2019;570:189–93.

 19 Gething PW, Casey DC, Weiss DJ, et al. Mapping Plasmodium 
falciparum mortality in Africa between 1990 and 2015. N Engl J Med 
2016;375:2435–45.

 20 Bhatt S, Weiss DJ, Cameron E, et al. The effect of malaria control on 
Plasmodium falciparum in Africa between 2000 and 2015. Nature 
2015;526:207–11.

 21 Weiss DJ, Lucas TCD, Nguyen M, et al. Mapping the global 
prevalence, incidence, and mortality of Plasmodium falciparum, 
2000-17: a spatial and temporal modelling study. Lancet 
2019;394:322–31.

 22 Chen Y, Ong JHY, Rajarethinam J, et al. Neighbourhood level real- 
time forecasting of dengue cases in tropical urban Singapore. BMC 
Med 2018;16:129.

 23 Lessler J, Moore SM, Luquero FJ, et al. Mapping the burden 
of cholera in sub- Saharan Africa and implications for control: 
an analysis of data across geographical scales. Lancet 
2018;391:1908–15.

 24 Karagiannis- Voules D- A, Biedermann P, Ekpo UF, et al. Spatial and 
temporal distribution of soil- transmitted helminth infection in sub- 
Saharan Africa: a systematic review and geostatistical meta- analysis. 
Lancet Infect Dis 2015;15:74–84.

 25 Chammartin F, Scholte RGC, Guimarães LH, et al. Soil- transmitted 
helminth infection in South America: a systematic review and 
geostatistical meta- analysis. Lancet Infect Dis 2013;13:507–18.

 26 UN. World population prospects (2019 revision) United nations 
population estimates and projections. United Nations, 2019.

 27 WHO. Use of high burden country Lists for TB by who in the post-
2015 era. Geneva, Switzerland, 2015.

 28 Moher D, Liberati A, Tetzlaff J, et al. Preferred reporting items for 
systematic reviews and meta- analyses: the PRISMA statement. Ann 
Intern Med 2009;151:264–9.

 29 Hoy D, Brooks P, Woolf A, et al. Assessing risk of bias in prevalence 
studies: modification of an existing tool and evidence of interrater 
agreement. J Clin Epidemiol 2012;65:934–9.

 30 Giannakopoulos NN, Rammelsberg P, Eberhard L, et al. A new 
instrument for assessing the quality of studies on prevalence. Clin 
Oral Investig 2012;16:781–8.

 31 Diggle PJ, Tawn JA, Moyeed RA. Model- Based geostatistics. J R 
Stat Soc Ser C Appl Stat 1998;47:299–350.

 32 Thomas A, Best N, Lunn D, et al. GeoBUGS user manual. 
Cambridge: Medical Research Council Biostatistics Unit, 2004.

 33 Clements ACA, Garba A, Sacko M, et al. Mapping the probability 
of schistosomiasis and associated uncertainty, West Africa. Emerg 
Infect Dis 2008;14:1629–32.

 34 Soares Magalhães RJ, Biritwum N- K, Gyapong JO, et al. Mapping 
helminth co- infection and co- intensity: geostatistical prediction in 
Ghana. PLoS Negl Trop Dis 2011;5:e1200.

http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0002-1904-4682
http://dx.doi.org/10.1016/S0140-6736(19)30024-8
http://dx.doi.org/10.1016/S0140-6736(15)60570-0
http://dx.doi.org/10.1016/S1473-3099(18)30443-2
http://dx.doi.org/10.1186/s12879-019-4099-8
http://dx.doi.org/10.1371/journal.pone.0171800
http://dx.doi.org/10.1371/journal.pone.0171800
http://dx.doi.org/10.4081/gh.2017.575
http://dx.doi.org/10.1371/journal.pone.0226127
http://dx.doi.org/10.1186/s12916-018-1178-4
http://www.ncbi.nlm.nih.gov/pubmed/http://www.ncbi.nlm.nih.gov/pubmed/12102296
http://dx.doi.org/10.1371/journal.pone.0028258
http://dx.doi.org/10.1371/journal.pone.0028258
http://dx.doi.org/10.1186/1471-2334-12-54
http://dx.doi.org/10.1186/s12879-017-2321-0
http://dx.doi.org/10.1186/s12889-019-6620-9
http://dx.doi.org/10.1186/s12889-019-6620-9
http://dx.doi.org/10.1186/1471-2334-13-448
http://dx.doi.org/10.5588/ijtld.13.0417
http://dx.doi.org/10.1038/s41586-019-1200-9
http://dx.doi.org/10.1056/NEJMoa1606701
http://dx.doi.org/10.1038/nature15535
http://dx.doi.org/10.1016/S0140-6736(19)31097-9
http://dx.doi.org/10.1186/s12916-018-1108-5
http://dx.doi.org/10.1186/s12916-018-1108-5
http://dx.doi.org/10.1016/S0140-6736(17)33050-7
http://dx.doi.org/10.1016/S1473-3099(14)71004-7
http://dx.doi.org/10.1016/S1473-3099(13)70071-9
http://dx.doi.org/10.7326/0003-4819-151-4-200908180-00135
http://dx.doi.org/10.7326/0003-4819-151-4-200908180-00135
http://dx.doi.org/10.1016/j.jclinepi.2011.11.014
http://dx.doi.org/10.1007/s00784-011-0557-4
http://dx.doi.org/10.1007/s00784-011-0557-4
http://dx.doi.org/10.1111/1467-9876.00113
http://dx.doi.org/10.1111/1467-9876.00113
http://dx.doi.org/10.3201/eid1410.080366
http://dx.doi.org/10.3201/eid1410.080366
http://dx.doi.org/10.1371/journal.pntd.0001200

	Mapping tuberculosis prevalence in Ethiopia: protocol for a geospatial meta-analysis
	Abstract
	Introduction
	Objective
	Methods
	Study settings
	Data sources
	Search strategies
	Study selection criteria
	Inclusion criteria
	Exclusion criteria

	Data extraction
	Quality assessment
	Data processing
	Covariate data sources
	Geocoding
	Geospatial analysis
	Model specifications
	Spatial prediction
	Model validation
	Estimating the number of people with TB
	Patient and public involvement

	Discussion and conclusion
	Ethics and dissemination
	References


