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Abstract 

Tuberculosis transmission often happens inside a household or community, leading to heterogeneous spatial 

patterns. Therefore, apparent spatial clustering of Tuberculosis could reflect ongoing transmission or co-location of 

risk factors and can vary considerably depending on the type of data available, the analysis methods employed and 

the dynamics of the underlying population. Thus, we aimed to review methodological approaches used in the spatial 

analysis of tuberculosis burden. 

We conducted a systematic literature search of spatial studies of tuberculosis published in English using 

Medline, Embase, PsycInfo, Scopus and Web of Science databases with no date restriction from inception to 15 

February 2017.The protocol for this systematic review was prospectively registered with PROSPERO. 

We identified 168 eligible studies with spatial methods used to describe the spatial distribution (n = 154), 

spatial clusters (n = 73), predictors of spatial patterns (n = 64), the role of congregate settings (n = 3) and the 

household (n = 2) on tuberculosis transmission. Molecular techniques combined with geospatial methods were used 

by 25 studies to compare the role of transmission to reactivation as a driver of tuberculosis spatial distribution, 

finding that geospatial hotspots are not necessarily areas of recent transmission. Almost all studies used notification 

data for spatial analysis (161 of 168), although none accounted for undetected cases. The most common data 

visualization technique was notification rate mapping, and the use of smoothing techniques was uncommon.  

The clusters of spatial were analyzed utilizing the range of methods, with the most commonly employed 

being Kulldorff’s spatial scan statistic. In the 11 papers that compared two such methods using a single data set the 

clustering patterns identified were often inconsistent. Classical regression models that did not account for spatial 

dependence were commonly used to predict spatial tuberculosis risk.  
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INTRODUCTION: 

Tuberculosis differs from other infectious diseases in 

several ways that are likely to influence apparent 

spatial clustering. For example, its long latency and 

prolonged infectious period allow for significant 

population mobility between serial cases. Thus, 

Mycobacterium tuberculosis infection acquired in a 

given location may progress to tuberculosis disease in 

an entirely different region, such that clustering of 

cases may not necessarily indicate intense 

transmission but could rather reflect aggregation of 

population groups at higher risk of disease, such as 

migrants. Similarly, Mycobacterium tuberculosis 

infection acquired from workplaces and other 

congregate settings can be wrongly attributed to 

residential exposure, as only an individual’s 

residence information is typically recorded on 

tuberculosis surveillance documents in many settings 

(Cameletti and Finazzi, 2017).  

 

Identifying heterogeneity in the spatial distribution of 

tuberculosis cases and characterizing its drivers can 

help to inform targeted public health responses, 

making it an attractive approach. However, there are 

practical challenges in appropriate interpretation of 

spatial clusters of tuberculosis. Of particular 

importance is that the observed spatial pattern of 

tuberculosis may be affected by factors other than 

genuine tuberculosis transmission or reactivation, 

including the type and resolution of data and the 

spatial analysis methods used. For instance, use of 

incidence data versus notification data could give 

considerably different spatial pattern, as the latter 

misses a large number of tuberculosis cases and 

could be skewed towards areas with better access to 

health care in high-burden settings (Erdmann, 2017).  

 

Thus, spatial analysis using notification data alone in 

such settings could result in misleading conclusions. 

Similarly, the type of model used and the spatial unit 

of data analysis are important determinants of the 

patterns identified and their associations. That is, 

different Spatial resolutions could lead to markedly 

different results for the same dataset regardless of the 

true extent of spatial correlation and the effect 

observed at a regional level may not hold at the 

individual level (an effect known as the ecological 

fallacy). Therefore, we aimed to review 

methodological approaches used in the spatial 

analysis of tuberculosis burden (Erdmann, 2017).  

 

METHODS AND MATERIALS: 

We searched Medline, Embase, Web of Science, 

Scopus and PsycInfo databases from their inception 

to 15 February 2017 using a combination of 

keywords and medical subject headings (MeSH) 

pertaining to our two central concepts: tuberculosis 

and space. We refined search terms related to the 

latter concept after reviewing key studies, including a 

previous systematic review not limited to 

tuberculosis.  

Inclusion and Exclusion Eligibility 

We included peer-reviewed papers that incorporated 

the spatial analysis approaches described above in the 

study of tuberculosis. After exclusion of duplicates, 

titles and abstracts were screened by two researchers 

(DS and MK) to identify potentially eligible studies. 

Of these papers, articles were excluded hierarchically 

on the basis of article type, whether the method used 

could be considered spatial or not and the outcomes 

assessed. No exclusions were made on the basis of 

the outcome reported, with studies that considered 

incidence, prevalence or any tuberculosis -related 

health outcome included (Goovaerts, 2017).  

Studies were excluded if the language of the 

publication was not English, the report was a letter, 

conference abstract or a review or only reported the 

temporal (trend) of tuberculosis. Spatial studies of 

non-tuberculosis mycobacteria, non-human diseases 

and population immunological profiles were also 

excluded. Full-text articles were excluded if they did 

not provide sufficient information on the spatial 

analysis techniques employed. There were no 

exclusions based on study setting or anatomical site 

of disease (Jacquez, 2017).  

RESULTS: 

Study characteristics 

A total of 2350 records were identified from the 

electronic searches, of which 252 full-text articles 

were assessed. Of these, 168 articles met all inclusion 

criteria and were included in the final narrative 

synthesis according to Figure 1. Using a cutoff of 100 

tuberculosis cases per 100,000 population in reported 

incidence in 2016, 111 (66%) of the studies were 

from low-incidence settings. All references returned 

by the search strategy were from the period 1982 to 

2017, with 71% published from 2010 onwards. 

Earlier studies (predominantly in the 1980s and 

1990s) tended to be descriptive visualizations, while 

studies in the last two decades frequently 

incorporated cluster detection and risk prediction. 

More recently, a range of statistical techniques 

including Bayesian statistical approaches and 

geographically weighted regression have become 

increasingly popular (Jacquez and Goovaerts, 2017).  

 

Key objectives of included studies 

Spatial analysis was applied to address a range of 
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objectives, according to Table 1 given below, with 

the commonest ones including description of the 

distribution (n = 135), statistical analysis of spatial 

clustering (n = 73) and analysis of risk factors and 

risk prediction (n = 64). Spatial methods were also 

used to determine the relative importance of 

transmission by comparison to reactivation as a 

driver of tuberculosis incidence (n = 25), the effect of 

tuberculosis interventions (n = 2), barriers to 

tuberculosis service uptake (n = 2), spatial 

distribution of tuberculosis -related health outcomes 

(mortality, default, hospitalization) (n = 5), spatial 

pattern of tuberculosis incidence among people living 

with HIV (PLHIV) (n = 4), HIV-related tuberculosis 

mortality (n = 4), multidrug-resistant tuberculosis 

(MDR-TB) drivers (n = 1), tuberculosis outbreak 

detection (n = 3) and drivers of spatial clustering 

(including the role of congregate settings, such as 

social drinking venues and schools) (n = 30) (Jacquez 

and Goovaerts, 2017).  

Types of tuberculosis disease analyzed 

Spatial analysis was most commonly conducted on 

data for all types of tuberculosis (i.e. without 

distinction between pulmonary or extra-pulmonary; n 

= 121), followed by pulmonary tuberculosis only (n = 

28) and smear-positive pulmonary tuberculosis only 

(n = 13). Spatial analysis of multidrug-resistant 

tuberculosis (MDR-TB) and extensively drug-

resistant tuberculosis (XDR-TB) was reported in 15 

studies and one study respectively. 

Data used and scale of analysis 

Nearly all studies used retrospective tuberculosis 

program data (notifications), with the exception of 

five studies that used prevalence surveys and two 

prospectively collected data. None of the studies 

using notification data accounted for 

undetected/unreported cases. In all included studies, 

spatial analysis of tuberculosis was based on the 

individual’s residence, except for three studies that 

explored the effect of exposure from social gathering 

sites (James, Yavchitz and Boutron, 2018).  

Spatial analysis was generally done using data 

aggregated over administrative spatial units (n = 

131), but the scale of aggregation differed markedly. 

Common spatial scales included census tract (n = 20), 

district (n = 15), postal code (n = 15), county (n = 

15), neighbor-hood (n = 10), health area (n = 7), 

municipality (n = 11), state (n = 7), province (n = 6), 

local government area (LGA) (n = 4) and ward (n = 

4). Data were analyzed at the individual level in 37 

studies, while three studies were reported at a 

continent and country scale (Jacquez and Goovaerts, 

2017).  

 

 

 

 

 



IAJPS 2018, 05 (12), 1-7                               Ishtiaq Awais et al                         ISSN 2349-7750 
 
 

 
  

w w w . i a j p s . c o m  
 

Page 16815 

Table 1 

 

Methods in the spatial analysis of tuberculosis 

Below mentioned Table 2 shows the range of spatial 

methods used. Spatial analysis was used to visualize 

patterns (n = 154), explore spatial clusters (n = 73) 

and identify risk factors for clustering (n = 64), with 

risk prediction undertaken by 11 studies. Of the 

included studies, six did not explicitly report any of 

these methods but reported statistical results that 

implied the use of these methods (James, Yavchitz 

and Boutron, 2018).  
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Table 2 

 

Source: (Luan, Law and Lysy, 2018) 

Data visualization 

Data visualization was the most consistently applied 

technique, with 154 of the studies using at least one 

data visualization method to present tuberculosis 

distribution and/or risk factor patterns across space 

(Table 1). The tuberculosis incidence rate was the 

commonest indicator mapped (n = 63), followed by 

event maps (n = 37), which were smoothed using 

kernel density in seven studies.  Data visualization 

was based on standardized morbidity ratios (SMR) in 

12 studies. Five studies reported maps of trends in 

tuberculosis incidence over time, and thematic maps 

were used in nine to consider the impact of risk 

factors on tuberculosis incidence by displaying the 

spatial   distribution of other variables. Variables 

plotted included climate (n = 1), socioeconomic 

factors (n = 5), diabetes (n = 1) and obesity (n = 1) 

(James, Yavchitz and Boutron, 2018).   

 

Approaches used to account for data sparseness 

Tuberculosis is a relatively rare disease at the 

population level, and burden is typically expressed in 

terms of cases per 100,000 populations. Various 

approaches were used to account for this sparseness 
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in the number of cases, such as aggregating cases 

over administrative geographic levels and over time 

periods (ranging from 1 to 25 years). An alternative 

approach was rate smoothing, although this practice 

was rare, despite the fact that tuberculosis rates were 

the commonest indicators mapped. In the included 

studies, smoothed rates were used in six (4%) studies. 

Similarly, of 12 studies that analyzed SMRs, 

smoothed SMRs were presented in seven. In the 

included studies, several different data smoothing 

techniques were used, including fully Bayesian (n = 

8), empirical Bayes (n = 4) and spatial empirical 

(James, Yavchitz and Boutron, 2018).   

Bayes (n = 5). A significant number of visualization 

reports (n = 30) were not complemented by 

hypothesis testing, either by exploration methods or 

modeling approaches. In 12 studies (7%), maps were 

not presented, but a narrative description of 

tuberculosis burden or a tabular presentation of TB 

distribution by administrative unit was described.  

Spatial cluster (hotspot) identification 

Use of at least one spatial cluster identification 

method was reported in 73 (43%) studies, with 

Kulldorff’s spatial scan statistic used most frequently 

(n = 43). Nearest neighbor index (NNI), k-function 

and Besag and Newell methods were reported in 

eight, six and two studies respectively (Table 1). The 

presence of overall area-wide heterogeneity was 

assessed most often using global Moran I (n = 28) 

(Luan, Law and Lysy, 2018).   

False-positive clustering  

Not all spatial clusters are true clusters. False-

positive clusters can arise from various sources, 

including data and methods used and unmeasured 

confounding. Given that notification data were by far 

the most commonly used data source in the spatial 

analyses reviewed here, it could not be determined if 

these clusters represented true clusters of tuberculosis 

incidence or if they were caused by factors such as 

pockets of improved case detection. The role of 

differential tuberculosis detection has been 

documented in some studies from low-income 

settings, where increased spatial tuberculosis burden 

was linked to improved health care access. In 

addition, rate was the commonest disease indicator 

used for disease mapping, as well as cluster detection 

in this study. As described earlier, rates are liable to 

stochasticity and can lead to false-positive clustering. 

However, rate smoothing and stability (sensitivity) 

analysis of clusters identified using rates was done in 

only a few studies. This remains an important area of 

consideration in the future spatial analysis of 

tuberculosis as per mentioned in below Table 3. 

 

Source: (Luan, Law and Lysy, 2018) 
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Results from spatial analysis 

Geographic distribution of TB 

The geographic distribution of tuberculosis was 

heterogeneous in all included studies both from low- 

and high-incidence settings, although no formal 

hypothesis testing was presented in 55 (33%). An 

exception was one study from South Africa that 

reported no significant clustering of cases among 

HIV patients on ART. Spatial analysis was also used 

to describe the drivers of drug-resistant tuberculosis, 

with tighter spatial aggregation of MDR-TB cases 

compared with non-MDR cases taken as evidence of 

transmission of MDR-TB. Spatial analyses into both 

HIV and tuberculosis investigated outcomes 

including HIV-associated TB incidence (n = 4) and 

spatial patterns of TB/HIV-related mortality (n = 4).  

All such studies revealed significant spatial 

heterogeneity. TB/HIV-related mortality in children 

was linked to areas with low socio-economic status 

and maternal deaths.  Spatial methods used to study 

the impact of community-based TB treatment showed 

marked improvement in access compared to health 

facility-based treatment approaches (n = 1), and 

similar studies demonstrated travel time and distance 

to be important barriers to TB control (n = 2) Source: 

(Luan, Law and Lysy, 2018) 

Correlations with social and environmental 

factors 

The observed spatial patterns of tuberculosis were 

consistently linked to areas with poverty (n = 14), 

overcrowding and non-standard housing (n = 9), 

ethnic minority populations (n = 3), population 

density (n = 2), low education status (n = 2), health 

care access (n = 3) and immigrant populations (n = 

5). However, a minority of studies have also found 

conflicting or non-significant associations between 

tuberculosis and poverty, population density and 

unemployment. 

 

Use of spatial methods to inform public health 

interventions 

In addition to their use in characterizing the spatial 

distribution and determinants of tuberculosis, spatial 

methods have been used to inform tuberculosis-

related public health interventions. In these studies, 

spatial analysis methods have proved to be attractive 

in guiding public health interventions, although their 

application to tuberculosis care beyond research is 

not well documented. For instance, spatial analysis 

techniques have been used to identify locations with 

a high density of tuberculosis cases (termed hotspots, 

although this definition was not based on spatial 

statistical tests) (James, Yavchitz and Boutron, 2018).  

Community screening was then conducted in these 

areas, and its yield was compared to that from routine 

service provision. This GIS-guided screening was 

found to considerably improve the detection of 

individuals with latent tuberculosis infection and 

other infectious diseases.  

DISCUSSION: 

In almost all reviewed studies, retrospective program 

data (notifications) were used. Notification data, 

especially from resource-scarce settings, suffer from 

the often large proportion of undetected cases and are 

heavily dependent on the availability of diagnostic 

facilities. None of the spatial studies of tuberculosis 

that used notification data accounted for undetected 

cases, such that the patterns in the spatial distribution 

and clustering could be heavily influenced by case 

detection performance (James, Yavchitz and Boutron, 

2018).  

Hence, distinguishing the true incidence pattern from 

the detection pattern has rarely been undertaken, 

despite its importance in interpretation. The problems 

of undetected cases could be compounded in the 

spatial analysis of drug-resistant forms of 

tuberculosis, especially in resource-scarce settings 

where testing for drug-resistant tuberculosis is often 

additionally conditional on the individual’s risk 

factors for drug resistance (James, Yavchitz and 

Boutron, 2018).  

However, recently, there have been some attempts to 

account for under-detection in the spatial analysis of 

tuberculosis. A Bayesian geospatial modeling 

approach presented a framework to estimate 

tuberculosis incidence and case detection rate for any 

spatial unit and identified previously unreported 

spatial areas of high burden. Another approach is to 

estimate incidence using methods such as capture-

recapture and mathematical modeling. If case 

detection rate is truly known for a defined region, 

incidence can be calculated as notifications divided 

by case detection rate, although this is rarely if ever 

the case.  

Spatial analysis using prevalence data could also be 

considered in areas where such data are available. In 

relation to the data problems outlined above, spatial 

analysis of tuberculosis could benefit from the use of 

model based geo-statistics, which is commonly used 

in other infectious diseases, although there are few 

studies that consider Mtb. In particular, measurement 

of tuberculosis prevalence is impractical to perform 

at multiple locations due to logistic reasons. 

Therefore, model-based geo-statistics can be used to 
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predict disease prevalence in areas that have not been 

sampled from prevalence values at nearby locations 

at low or no cost, producing smooth continuous 

surface estimates (Jacquez and Goovaerts, 2017).  

Bayesian smoothing techniques can mitigate the 

problems of stochastically unstable rates from areas 

with small population, although such techniques were 

not widely used in the included studies and so false 

spatial clustering remains an important consideration. 

The less frequent use of rate smoothing techniques in 

the spatial analysis of tuberculosis could have various 

explanations, including lack of software packages 

that are easily accessible to the wider user. It may 

also be that most spatial analyses of tuberculosis are 

based on data aggregated over larger geographic 

areas from several years, such that the problem of 

statistical may not be a major problem, although this 

was not explicitly discussed in the included studies 

(Jacquez and Goovaerts, 2017).  

CONCLUSIONS: 

A range of spatial analysis methodologies have been 

employed in divergent contexts, with virtually all 

studies demonstrating significant heterogeneity in 

spatial tuberculosis distribution regardless of 

geographic resolution. Various spatial cluster 

detection methods are available, although there is no 

consensus on how to interpret the considerable 

inconsistencies in the outputs of these methods 

applied to the same dataset. Further studies are 

needed to determine the optimal method for each 

context and research question and should also 

account for unreported cases when using notifications 

as input data where possible. Combining genotypic 

and geospatial techniques with epidemiologically 

linkage of cases has the potential to improve 

understanding of tuberculosis transmission.  
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