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Abstract 

 
Tuberculosis (TB) transmission frequently occurs in a household or group within a population, resulting in a variety 

of spatial patterns. However, the apparent spatial clustering of TB may represent the ongoing transmission or co-

location of associated risk factors, which can vary significantly based on the type of data available, the analysis 

methods used, and the dynamics of the underlying population. This study aims to review the spatial analyses used for 

monitoring the trends involving and associations between risk factors and TB cases by applying the concept of spatial 

epidemiology. The role of the Geographic Information System in spatial epidemiology is discussed. Previous studies 

involving spatial analysis of TB cases - which include kriging, spatial autocorrelation, kernel density estimation, 

hotspot analysis, and regression analysis - are reviewed. The type of analysis was chosen based on the purpose of each 

study, which could explain the role of the transmission to reactivation of the disease as a driver of TB spatial 

distribution. In diverse situations, a number of different spatial analysis techniques were used, with all the studies 

demonstrating significant heterogeneity in terms of the spatial distribution of TB. Future research is needed to 

determine the best methods to use in different situations and, where possible, consider unreported cases when using 

notification data. A combination of genotypic, molecular, and geospatial approaches to examine epidemiologically 

related cases could improve TB control and provide significant contributions to the current knowledge. 
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INTRODUCTION  

  
Tuberculosis (TB) is a chronic infectious disease caused by Mycobacterium tuberculosis. TB primarily 

attacks the lungs, when it is termed pulmonary TB, but it can also spread to other organs of the body, when 

it is called extra-pulmonary TB. The disease spreads from person to person through the air. Contact with a 

person who has active TB may result in infection, with the disease being in either an active or a latent state. 

Droplets of nuclei containing tubercle bacilli are exhaled into the air whenever a patient with active TB 
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coughs, talks, or spits [1]. People who inhale these droplets will experience symptoms including fever, 

weakness, night sweats, coughing, fatigue, loss of appetite, and weight loss [2, 3]. 

TB is one of the leading ten infectious disease-related deaths worldwide, ranking above the human 

immunodeficiency virus (HIV). In 2019, there were approximately 10 million cases of and 1.4 million 

deaths due to TB. Although the incidence has decreased by about 2% per year, the End TB strategy 

introduced by the WHO did not achieve its 20% reduction target between 2015 and 2019, attaining only a 

9% reduction. Although the number of deaths worldwide is decreasing each year, the 2020 target to reduce 

deaths by 35% was not on track because only a 14% reduction was achieved between 2015 and 2019 [4]. 

According to the Practice Guideline for the Control and Management of Tuberculosis (2012), screening for 

TB should be conducted in high-risk groups, but more studies are needed to assess the efficacy and 

feasibility of preventive measures among high-risk groups.  

Many studies have concentrated on the biomedical aspects of TB, with the goal being to find a cure 

[5, 6]. The findings of these studies are limited because the statistical independence of the variables was 

derived from a molecular analysis of disease risk that did not take into account geographic referencing. 

Previous studies used non-geospatial data that did not consider patient locations when determining the 

relationship between risk factors and TB cases [7-9]. Forthcoming studies should focus on using geospatial 

data to improve the estimation of disease risk in high-risk population groups and disease transmission from 

one area to another.   

A comprehensive literature search and research reports have utilised molecular epidemiology 

studies [10-12]. Spatial epidemiology studies, on the other hand, have been recognised as effective 

approaches in monitoring disease transmission over time and space. Analysis of TB cases in large areas is 

difficult because each case in every single location is small, making it difficult to produce accurate estimates 

of the underlying disease risk without linking the characteristics of another case from a neighbouring 

location. Therefore, the trends and spatial patterns of TB cases could be evaluated to identify high-risk areas. 

When a TB case is reported, the local health authority investigates the area where the case occurs 

within seven days and conducts contact tracing to control the spread of the disease. This is accomplished 

by locating people who had close contact with patients who became infected with TB so that the former can 

receive testing and diagnosis if necessary [13]. However, these investigations do not collect geographical 

information about the locations of reported TB cases. Space is important in describing the epidemic and the 

distribution of the disease. Recently, there has been greater interest in the field of spatial epidemiology [14-

15], a continuation of ecological studies that involve investigating disease distribution in different areas to 

better comprehend disease ecology.  

The integration of spatial and epidemiological approaches has received attention as researchers have 

used these methods to undertake more sophisticated statistical analysis instead of just visual representations 

of observations in the form of maps [16-18]. In contrast, geospatial TB clusters not only assist in identifying 

ongoing person-to-person transmission but could also monitor latent infection reactivation in groups of 

people who share risk factors. Spatial analysis and identification of high-TB-rate areas (clusters), as well as 

characterisations of the dynamics in these clusters, have been supported for targeted TB control and 

increased use of the existing TB control techniques [19]. 

Local health authorities can monitor locations near reported cases using the Geographic Information 

System (GIS) before the respective district health office is notified of new cases. Hence, with its ability to 

handle, manipulate, and analyse data, GIS serves as an enhanced warning system in identifying high-risk 

areas. The ability of GIS to integrate and manipulate complex data has become an important tool in 

epidemiological studies, allowing disease occurrence to be investigated from a geospatial perspective. GIS 

tools allow researchers to better understand the geographic variations of TB, identify hotspot areas, and 

assess disease risk factors, which then become the basis for predicting future occurrences of the disease in 

order to control them [20, 21]. This gap means the increasing rate of TB cases may never diminish. 

Therefore, there is a need for improved intervention by combining screening and contact tracing with a 

geospatial approach, which could be a better solution for TB control programmes in high-risk areas 

compared to depending on only traditional clinic-based screening.  
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METHODOLOGY   
 

This study is a conventional review paper. Sources of information were identified from several databases 

such as Google Scholar, Scopus, ScienceDirect, Semantic Scholar, and ResearchGate. Primary keywords 

such as ‘spatial’ and ‘spatiotemporal’ were paired with the secondary keyword, ‘tuberculosis’, and the third 

keyword, ‘risk factors’, which were screened as the sources of content exploration. Each database search 

utilised this combination of keywords. The search was carried out in 2021. All the search results were 

filtered using the following criteria: (i) the information source must come from an original research article, 

(ii) the article must use spatial analysis techniques in the methodology, (iii) spatial analysis techniques must 

be employed in monitoring the spatial patterns and distributions of TB cases with its associated risk factors, 

(iv) the article must be written in English. The articles were then reviewed based on their titles and abstracts 

to exclude those that did not meet the scope of this review. Then, the complete texts of the remaining articles 

were scrutinised to determine whether they corresponded to the aims of this review. Finally, the findings 

from the documents were extracted and transferred into a Microsoft Excel spreadsheet.  

The citation information, study objectives, findings from spatial analysis employed on TB cases 

such as interpolation techniques, spatial autocorrelation, kernel density estimation, hotspot analysis, and 

spatial regression analysis that associated TB with its risk factors are discussed. This paper is organised into 

three sections. The first describes the concept of spatial epidemiology, the history of disease mapping, the 

categories of spatial data, and the implementation of the GIS database. The second part explains the role of 

GIS in spatial epidemiology, referring to the types of GIS techniques used for public and environmental 

health issues. The third part highlights the various spatial analysis techniques used to determine the trends 

of and associations between risk factors and TB cases. 

 

 

SPATIAL EPIDEMIOLOGY   
  

Epidemiology is the study of the interrelationships between individuals, places, and times in the distribution 

of diseases in the population. Beginning in the early 1800s, the spatial epidemiology approach consists of 

three major components: (i) the visualisation of spatial data using disease mapping, (ii) the identification of 

spatial patterns and relationships between risk factors and disease, and (iii) the modelling of spatial data to 

test hypotheses [22,23]. Spatial epidemiology is the study of geographically indexed health data and the 

risk factors associated with it. This field involves the use of spatial statistics to analyse geo-referenced health 

data in the form of maps [24]. Therefore, spatial information is used to expand the analysis of epidemic 

disease. Spatial epidemiology studies the spatial distribution model that predicts disease spatial-temporal 

trends, as well as the relationship between a disease and its risk factors. 

The Lancet published the first example of disease mapping in 1831, showing a cholera outbreak 

map that successfully predicted the disease's progression in England [25]. The most popular theory was that 

the cholera cases were spread by contaminated air. Meanwhile, a case map of the Baltic city of Gdansk 

revealed that the disease began in filthy alleys and spread irregularly. Then, in 1849, John Snow 

demonstrated for the first time that a cholera outbreak had a waterborne source [26]. His theory was based 

on the logic that diseases were most commonly caused by something swallowed rather than inhaled. 

However, his theory was not initially accepted, with critics pointing out that the disease was not universal 

among people who drank contaminated water and that people in some places became ill despite the 

assumption that the water was safe.  

William Farr published an alternative theory about the spread of cholera in 1852 [(Britain, G., & 

Farr [27]), cited by Smith [28]. He observed seasonality in disease transmission, which led him to believe 

that cholera was generated in warm airs that evaporated from polluted water during the summer. In London 

in 1854, John Snow would eventually have more credible evidence of his theory of waterborne transmission. 

Using a map, Snow illustrated the relationship between cholera cases and a contaminated water supply. He 

discovered that the majority of those who died had lived near a specific water pump on Broad Street, with 

only a few cases living closer to another pump (Snow [29], cited by Smith [28]). This led him to believe 

that the Broad Street pump was the source of the outbreak and inspired him to create his diagram by mapping 

the areas where cholera cases had occurred (Figure 1).   
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Figure 1 John Snow's map of cholera cases [29] 

 

Mapping is a visual representation of geographical distribution, whereas disease mapping is an 

illustration of outbreak locations and a summary of the measurements or statistics applied to a specific group of 

infected individuals and their geographical linkage. The advantage of disease mapping is that it can visualise a 

spatial pattern that cannot be analysed in any other data presentation such as a table, graph, or chart [30]. It is 

also useful for making an initial evaluation of the relationship between exposure and disease, particularly the 

acute health effects. Interpretations of disease mapping should take into account a number of factors, including 

vector representation and spatial resolution [31].  

Disease mapping includes the creation of maps, their transformation, the symbolic representation of 

results, data processing, and map interpretations that can be used in disease investigations. Information about 

disease boundaries - such as those of the county, district, municipal, or province - and scale should be considered 

when creating a disease map. The geographic boundaries of a disease are derived on an administrative level, and 

the spatial analysis is limited to a polygonal map. 

The symbolic representation of spatial data is designated as point data (exact location) or count data 

(aggregated level), in which the data is mutually dependent and has the same characteristics in the specified 

geographic proximity [32]. Because of the geographical coverage of individual cases of the disease itself, point 

data is more precise. Although the use of count data is simpler than that of point data, it is susceptible to 

misclassification and bias [31]. As a result, it is appropriate to justify the use of TB data (Figure 2).  
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THE ROLE OF THE GEOGRAPHIC INFORMATION SYSTEM IN SPATIAL 

EPIDEMIOLOGY   

 
Kulldroff [33] and Elliot et al. [34] reported in the late 1800s that the use of GIS in spatial epidemiological 

studies might include communicable and non-communicable diseases. According to Gatrell et al. [35], three 

types of GIS techniques can be used for public and environmental health issues: visualisation, exploratory, 

and modelling. Data visualisation entails displaying disease locations and influential variables on maps, as 

well as presenting disease variability in space and time; meanwhile, exploratory data analysis enables the 

discovery and investigation of disease spatial trends and the generation of hypotheses. The development of 

statistical models includes regression models of disease relationships that vary spatially. Collaborative 

efforts are needed among statisticians, epidemiologists, and geographers to ensure the connectivity of 

multilevel or hierarchical initiatives between the health and spatial elements of the GIS platform [36]. 
The application of spatial statistics is likely to increase each year, particularly since researchers have 

begun using GIS for purposes other than map-based visualisation. GIS software is continually updated to produce 

new versions from year to year in response to the growing interest in the relationship between space and health 

[37]. The software includes an embedded relational database component, which organises data management for 

disease surveillance across time and space. The advantage of using GIS in public and environmental health 

studies is its capacity to predict the location of an outbreak and estimate risk levels, making it a useful decision-

making tool for investigation, monitoring, simulation, and resource allocation.  

 

  

SPATIAL ANALYSIS IN TUBERCULOSIS STUDIES   
 

Kriging 

 

Kriging has been used in a large and growing body of literature to analyse the spatial association between 

environmental factors and TB cases [38,39]. Bonell et al. [40] conducted a time series analysis of the spatial 

and temporal clustering of TB in Vietnam, reporting that relative humidity, temperature, and hours of 

sunlight were associated with the incidence of TB, while kriging was employed to interpolate climate data. 

Tadesse et al. [41] discovered that kriging was the best model for estimating the risk of TB distribution in 

the Gurage zone of southern Ethiopia using the same technique. Their study examined how true anisotropy, 

altitude, and latitude covariates reduced total error and improved model predictive accuracy. This finding 

is supported by the work of Shojaei [42], who discovered a higher incidence rate of TB in the east of Iran.  

In a Malaysian context, Hassan et al. [43] discovered that Petaling and Gombak had the highest risk 

of dengue infection in a study that interpolated rainfall data and generated a risk map of dengue infection 

using kriging, in which rainfall and population density were significant factors. Interpolation is another 

technique for gathering data that uses previously known information. In the context of mapping, this 

technique involves estimating values in unstructured or measured regions to create build maps or distribute 

values across regions. In the interpolation process, error and bias are unavoidable. Errors generated prior to 

interpolation could be the result of errors in the data sampling method, measurement error, or field analysis 

error [44]. Several interpolation methods are commonly used in data processing, each with its own set of 

characteristics. 

Kriging is a powerful geostatistical process that estimates a surface from a scattering of z-valued 

points. Furthermore, it is a generalised least-squares regression method of spatial prediction that takes into 

account the spatial dependence between observations, as indicated by the variogram [45]. The kriging 

method differs from other interpolation methods in that it computes a variance value for each estimated 

point or area [46]. This demonstrates how reliable the predicted value is. As a result, in kriging, the weight 

is determined by a fitted model to the measured points; the distance to the prediction location; and spatial 

correlations between the measured values in the surrounding area of the prediction position [47]. 

The Inverse Distance Weighted tool uses an interpolation method to estimate cell values by taking 

the average of sample data points in the area near each processing cell. The higher a point's influence, or 

weight, in the averaging process, the closer it is to the centre of the cell being estimated. Natural Neighbour 

interpolation reveals the closest group of input samples to a query point and interpolates a value using 

proportionate area weights [48]. The algorithm takes a weighted average of adjacent observations, with 

weights proportional to the "borrowed area". The Natural Neighbour technique does not extrapolate 
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contours beyond the convex hull of the data locations (i.e., the outline of the Thiessen polygons). The Spline 

tool estimates values using a mathematical function that minimises overall surface curvature, resulting in a 

smooth surface that moves exactly through the input points. Every interpolation method - such as kriging, 

Inverse Distance Weighted, Natural Neighbour, and spline - has advantages and disadvantages (Table 1).  

 
Table 1 Comparison between interpolated methods  

 

Methods Strength Weakness 

Kriging 

 

 The ability to assess the quality of 

modelling executed. 

 Process parameter control. 

 Determined by not only the 

distance between the measured 

points and the predicted location 

but also the overall spatial 

arrangement of the measured 

points. 

 Provides error estimation via 

kriging variance as well as 

estimation of the own variable. 

 Assigns weights based on a data-

driven strategy rather than an 

arbitrary function, giving isolated 

points more weight than points 

within a cluster. 

 Requires significantly more 

computing time and user input. 

 Error assessment is influenced by 

the variogram, the distribution of 

data points, and the size of 

interpolated blocks. 

 Caution is needed when 

modelling spatial correlation 

structures. 

 

 

 

 

 

 

 

 

Inverse 

Distance 

Weighted  

 Intuitive and efficient, with 

interpolation functioning best 

with evenly distributed points. 

 Sensitive to outliers with no error 

indication. 

 The selected weighting parameter 

and size of the search window 

influence the results. When used 

with high data densities, 

including digitised data, a poor 

choice of window can result in 

artefacts. 

Natural 

Neighbour  
 Fast operation speed. 

 Calculation process accessibility. 

 The distance covered by data 

dependence is limited. 

 No assessment of error. 

 Each polygon can only have one 

data point. 

 Tessellation pattern is determined 

by data distribution. 

Spline  Can generate relatively precise 

and visually appealing surfaces 

from a small number of sample 

points. 

 The resulting surface may vary 

from the input dataset in terms of 

minimum and maximum values. 

 Sensitive to outliers. 

 No indication of errors.  

 

Spatial Autocorrelation 

 

Much of the current literature on identifying the high-risk regions of outbreaks focuses on disease clustering 

[49-51]. Previous findings have demonstrated that Global Moran's I could be applied to assess clusters of 

TB cases in Ethiopia's East Gojjam Zone [52], whereas the same pattern of TB cases, PM2.5, and poverty 

level was found to be associated in Lima, Peru [53]. Similarly, Liao [54] discovered an increasing trend in 



EDUCATUM JSMT Volume 12 Number (2025)- In Press 

ISSN 2289-7070 / e-ISSN 2462-2451(24-34) 

https://ejournal.upsi.edu.my/index.php/EJSMT/index 

30 

the spatial autocorrelation of sputum smear positive TB in China from 2005 to 2007, 2008 to 2009, and 

2010 to 2015. These findings emphasise the importance of spatial autocorrelation and the non-random 

distribution of the disease. In Malaysia, Rajab et al. [55] proved that Bandar Tun Razak is the main clustered 

area of TB cases in Kuala Lumpur using the concept of spatial autocorrelation analysis. Not only did this 

area have the highest population compared to other cities, but it had also experienced rapid physical urban 

development. The authors discovered many crowded flats and terrace units, which could have led to the 

poor environmental conditions in the area, facilitating disease transmission. 

 

Kernel Density Estimation 

 

Recently, there has been a focus on identifying high-density areas of infectious diseases like TB [56-58]. 

Surveys, such as those conducted by Chun et al. in Hangzhou, China [59], have revealed that many high-

density regions of TB cases were primarily located in the populated centres of the cities or counties of a 

state, with only a few high-density regions found in remote and rural mountainous areas far from TB-

designated hospitals. Unlike Chun, Jiang et al. [60] tried to differentiate between districts in China with 

high population density and those with low population density. The authors discovered high-density TB 

cases in high-population-density areas in the Baoan and Luohu districts, as well as low-density areas in the 

Longgang district. Nevertheless, other researchers [61] investigating kernel density estimation in a different 

period, 2008 to 2015, discovered little variation in the high-density regions of TB deaths during this period.  

        In Malaysia, most research on demonstrating high-density regions has emphasised the use of kernel 

density estimation for many diseases over the last decade. Rahim et al. [62], for example, investigated high-

density regions of cholera cases in the western areas of the districts of Kota Kinabalu, Putatan, Penampang, 

and Papar in Sabah, which they claimed could be due to the increased density of refuse dumps and a 

breakdown in sanitation, whereas typhoid and viral hepatitis A cases were evident in minimal high-density 

regions and seemed dispersed.   

 

Hotspot Analysis 

 

A number of authors have published analyses of TB hotspots using Getis-Ord Gi* statistics [63-65]. Recent 

evidence indicates that the hotspot areas identified in Harare's west-southwest zone result from an increased 

peri-urban population with insufficient social services, including health facilities [66]. Yu et al. [67] took a 

different approach, indicating that poor areas with characteristics such as low GDP, a shortage of health 

resources, a lack of funding, a majority of ethnic minorities, and higher non-permanent incomes among 

patients could be the primary factor of clustering hotspots of TB cases in the northeast and southeast regions 

of Chongqing, China, from 2011 to 2018. Furthermore, the authors conclusively demonstrated that hotspot 

locations in the northern zone gradually decreased over time, eventually disappearing in 2017. Several 

studies involving hotspot analysis of various diseases have been conducted. Seman et al. [68] observed that 

hotspot areas of hand, foot, and mouth disease were restricted to western areas of Kuching North City 

Council, primarily Rampangi Fasa II and Semariang Pinggir villages, and Kuching South City Council, 

primarily Kampung Stampin and Kampung Stutong Baru. An extensive literature search revealed a lack of 

previous studies on hotspot locations of TB cases, which could provide valuable insights into the spatial 

distribution of the disease. 

 

Regression Analysis 

 

There has been a recent increase in the amount of literature involving the use of OLS and GWR to evaluate 

the spatial association between risk factors and TB cases [69-71]. In the Dale district and Yirga Alem town, 

Ethiopia, the OLS model was found to indicate the relationship between TB cases and physical accessibility, 

i.e., population density, distance to TB control facilities, and altitude [72]. Using the GWR model, the same 

study discovered disease spatial heterogeneity in the central and northwestern borders of the regions, with 

population density and physical as risk factors. The GWR also addressed the fact that the model was 

installed between 2003 and 2009, rather than between 2010 and 2012, owing to improved access to TB 

control facilities.   
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Numerous studies have concluded that the GWR model performs better than the OLS model. After 

screening the significant explanatory variables with the OLS model, Wang et al. [73] used the GWR model 

to demonstrate the spatial heterogeneity of sociodemographic factors, including the proportion of illiterate 

people aged 15 and above, per capita disposable income, the number of health technicians per 1,000 

population, and urban population density with TB cases. Unlike Wang, Zhang et al. [74] discovered only a 

connection between rainfall and tuberculosis cases, with no link to other meteorological factors like relative 

humidity, temperature, wind speed, atmospheric pressure, or sunshine duration.  

Arroyo et al. [75] used the GWR model to evaluate the spatial dependence between cases of TB co-

infected with mental disorders in municipalities in So Paulo State, using the same explanatory variables that 

remained in the OLS model. The most significant influences on the spatial variation of TB cases and mental 

disorders were mental illness, illicit drug use, alcoholism, smoking, social inequality, low income, a lack of 

primary care coverage, and the presence of prisons in municipalities. 

 

 

CONCLUSION 
 

A variety of spatial analyses have been used in various contexts, with most studies demonstrating significant 

heterogeneity in the spatial distribution of TB regardless of geographic resolution. Based on the review of 

the spatial analyses used in previous studies, kriging indicated by the variogram was able to display the 

trend related to the spatial and temporal distribution of TB by interpolating the environmental data, whereas 

spatial autocorrelation using Global Moran's I was able to indicate the trend involving the spatial cluster of 

the disease. Kernel density was able to identify the high-density regions of cases in different periods, while 

hotspot analysis using Getis-Ord Gi* could determine the spatial cluster for hotspot areas of the disease. In 

the spatial epidemiology field, spatial regression analysis - such as geographically weighted regression and 

ordinary least-squares - are the best methods of monitoring the spatial association between 

sociodemographic and environmental factors with TB cases. Various spatial cluster techniques have been 

used, but there is no firm agreement on how to interpret the inconsistencies in the findings obtained from 

the methods when they are applied to the same dataset. A combination of genotypic, genomic, and molecular 

analysis, along with spatial epidemiological linkage of cases, could improve the understanding of TB 

transmission. 
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