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Abstract: Pulmonary tuberculosis (PTB) remains a major public health challenge 

in Indonesia, with substantial geographical disparities in disease burden across 

regions. Understanding the spatial structure of PTB distribution is essential for 

designing effective and geographically targeted control strategies. This study 

aims to examine the spatial epidemiological patterns of PTB in Indonesia from 

2000 to 2023 using a Geographic Information System (GIS) based approach. 

Secondary data on annually reported PTB cases at the provincial level were 

obtained from official national sources and analyzed using spatial autocorrelation 

techniques. Global Moran’s Index was applied to assess overall spatial 

dependence, while Local Indicators of Spatial Association (LISA) were used to 

identify statistically significant local clusters of PTB cases. Spatial analyses were 

conducted within a GIS environment to visualize national and regional 

distribution patterns. The results reveal a persistent, statistically significant, 

clustered spatial pattern of PTB throughout the study period. Global Moran’s I 

value consistently indicates positive spatial autocorrelation, confirming that the 

PTB distribution is not random. LISA analysis identifies stable High-High clusters 

concentrated in the densely populated provinces of Java and enduring Low-Low clusters predominantly located in Papua 

and parts of eastern Indonesia. These findings demonstrate pronounced regional contrasts in PTB burden over time. In 

conclusion, PTB transmission in Indonesia exhibits strong spatial dependence shaped by regional connectivity and 

structural disparities, and integrating spatial analysis into national tuberculosis control programs can support more 

targeted, equitable, and effective public health interventions. 

Keywords: Pulmonary Tuberculosis, Spatial Epidemiology, Geographic Information System, Spatial Autocorrelation, 

Indonesia 

 

Introduction 

Pulmonary tuberculosis (PTB) continues to pose a significant threat to worldwide 

public health, especially in low- and middle-income nations (Bai & Ameyaw, 2024). The 

Global Tuberculosis Report 2023 indicates that Indonesia ranks second globally, behind 

India, in the total number of tuberculosis (TB) cases (World Health Organization, 2023). 

Despite various national control initiatives and efforts to eradicate TB, the disease continues 

to show a complex and uneven distribution throughout Indonesia (Kementerian Kesehatan 

Republik Indonesia, 2023). This condition signifies that the traditional national aggregate-
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based methodology inadequately captures the spatial dynamics of the disease, necessitating 

an analysis that incorporates geographical dimensions to enhance the surveillance system, 

pinpoint priority areas, and facilitate location-specific intervention planning (Iskandar et al., 

2023; Kak et al., 2020; Surendra et al., 2023). 

Beyond its descriptive role, spatial epidemiology serves as a critical strategic tool for 

public health decision-making (Lin & Wen, 2022; Shaweno et al., 2018). By identifying 

regions with high or persistent TB burden, spatial analysis enables evidence-based 

prioritization of interventions, optimal allocation of health resources, and coordinated 

planning across administrative and regional boundaries (Elliott & Wartenberg, 2004; 

Ostfeld et al., 2005). Such a framework is particularly valuable in a resource-constrained 

setting, allowing health authorities to focus efforts where they are most needed while 

mitigating disparities in service coverage and program effectiveness (Aturinde, 2020; 

Cuboia et al., 2024). 

Researchers can investigate how geographic variables influence disease distribution 

using the analytical framework provided by spatial epidemiology (Lin & Wen, 2022). To 

identify clusters, highlight spatial autocorrelation, and visualize disease transmission 

patterns more thoroughly, this method integrates geographical data with epidemiological 

research (Elliott & Wartenberg, 2004; Ostfeld et al., 2005). Due to its ability to combine 

comprehensive spatial analysis with extensive disease case data, Geographic Information 

Systems (GIS) are an essential tool in health geography research (Aturinde, 2020; Beyers et 

al., 1996; Rosli et al., 2018). 

Importantly, the spatial epidemiological approach facilitates a deeper understanding 

of regional inequalities in TB burden, the role of population mobility in disease spread, and 

the influence of structural and socio-environmental factors on transmission dynamics 

(Brown et al., 2022; Lienhardt et al., 2005; Lin & Wen, 2022). In a geographically diverse 

country such as Indonesia, patterns of urbanization, interprovincial migration, 

transportation networks, and socioeconomic disparities can significantly shape the spread 

of TB (Fahdhienie et al., 2024; Iskandar et al., 2023; Kak et al., 2020). By accounting for these 

spatial dimensions, policymakers can identify higher-risk areas, detect emerging hotspots, 

and design interventions that reflect both the epidemiological realities and the underlying 

regional structures that influence disease transmission (Alfaqeeh et al., 2025; Lestari et al., 

2023; Surendra et al., 2023). 

In addition to identifying significant local clusters known as hot spots and cold spots, 

spatial statistical techniques such as Moran's Index and Local Indicators of Spatial 

Association (LISA) have been widely used to evaluate whether disease distribution is 

random or forms specific patterns (Anselin, 1995; Mao et al., 2019; Zhang et al., 2023). Both 

methodologies provide a solid quantitative basis for understanding the geographical 
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pattern of disease dissemination and play a significant role in supporting evidence-based 

decision-making in public health (Rosli et al., 2018; Shaweno et al., 2018). 

TB cases are not randomly distributed, but rather form geographical patterns centered 

in specific locations, according to several studies conducted in China and Malaysia 

(Mohidem et al., 2021; Rosli et al., 2018; Sun et al., 2015; Yu et al., 2020). Similar studies 

remain rare in Indonesia and often focus on the provincial or regional level over short 

observation periods (Fahdhienie et al., 2024; Laferani et al., 2023; Saifudin et al., 2024). 

Because long-term national studies are relatively uncommon, the spatial patterns of PTB in 

Indonesia have not been adequately recorded (Lestari et al., 2023; Puspita et al., 2021). 

Therefore, long-term spatial analysis is essential for a deeper, more contextual 

understanding of disease distribution patterns, given the large area, demographic 

variations, and topographical differences across regions. 

This study aims to explore the spatial dynamics of PTB in Indonesia by systematically 

analyzing how case distribution develops and forms clusters across provinces. Focusing on 

the period from 2000 to 2023, this study presents a longitudinal overview of spatial patterns 

on a national scale, enabling the identification of persistent and emerging geographical 

trends over time. Using Moran's Index and LISA within a GIS-based analytical framework, 

this study aims to describe the spatial distribution of PTB cases and explicitly identify 

clusters characteristic of high- and low-burden regions.  

By situating these spatial clusters within the broader context of regional inequalities, 

population mobility, and structural determinants, this analysis provides actionable insights 

for public health planning. The findings are intended to inform the development of targeted, 

adaptive TB control strategies grounded in empirical evidence that address geographic 

disparities and anticipate shifts in disease dynamics, thereby supporting a more effective 

and equitable TB control program at both provincial and national levels. 

 

Methods 

A. Research Design 

This study used a descriptive geographical analysis methodology in conjunction with 

a spatial epidemiology strategy (Lin & Wen, 2022; Ostfeld et al., 2005; Shaweno et al., 2018). 

This technique was applied to systematically examine PTB case clusters and spatial 

distribution patterns across all Indonesian provinces between 2000 and 2023. Rather than 

testing causal relationships, the main objective of this study was to examine the 

geographical distribution of PTB within provincial administrative districts, providing 

insights into regional variations and potential high-risk areas for targeted interventions. 
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The degree to which PTB instances displayed spatial autocorrelation, a statistical 

relationship between the value at one location and values at geographically neighboring 

locations, was evaluated using spatial analysis (Purnama et al., 2022; Sadeq & Bourkadi, 

2018; Zhang et al., 2023). Therefore, this study aims to assess whether the provincial-level 

distribution of PTB cases in Indonesia exhibits dispersed, random, or clustered spatial 

patterns. Understanding these spatial structures is essential for identifying priority areas for 

intervention, informing resource allocation, and guiding regional TB control strategies, 

particularly in resource-limited settings (Inggarputri et al., 2023; Pamadi et al., 2023; 

Wardani et al., 2013). 

To improve clarity, transparency, and reproducibility, the analytical workflow of this 

study was organized into sequential stages and illustrated in a flowchart (Figure 1). This 

flowchart visually summarizes the full process, including data acquisition, preprocessing 

and harmonization, global spatial analysis using Moran’s Index, local cluster detection 

using LISA and integration of all outputs within a GIS environment for national-scale 

visualization. 

 
Figure 1. Analytical Workflow of the Study 

By structuring the analysis in this way, readers can easily follow the methodological 

progression and understand how epidemiological data and spatial statistical techniques 

were integrated to identify PTB hotspots, cold spots, and emerging spatial patterns across 

Indonesian provinces. This approach also ensures that results are directly linked to 

actionable insights for geographically targeted public health interventions. 
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B. Data Sources 

To validate and normalize the spatial data, this study used secondary datasets from 

three authoritative government sources: 

1. Ministry of Health of the Republic of Indonesia, providing annual counts of PTB cases 

for all provinces from 2000 to 2023. 

2. Central Statistics Agency (BPS), supplying provincial administrative boundaries, 

population statistics, and area measurements. 

3. Geospatial Information Agency (BIG), providing shapefiles of provincial boundaries, 

which served as the base maps for spatial mapping and GIS analysis. 

To ensure data consistency and reliability, attribute data (PTB case counts) and 

geographic data (provincial boundaries) were carefully harmonized through a structured 

data alignment procedure. This included cross-checking the uniformity of coordinate 

systems, standardizing regional nomenclature, and reconciling administrative boundary 

changes effective through 2023. 

Additional quality control measures included verification of PTB counts against 

official reports, correction of discrepancies between datasets, and validation of spatial data 

integrity to prevent misalignment in subsequent spatial analyses. These steps were essential 

to maintain the accuracy of the GIS-based mapping and spatial statistical results. 

Within the overall analytical workflow (Figure 1), this stage represents the data 

acquisition and preprocessing phase. It encompasses the compilation of datasets, the 

harmonization of administrative boundaries, the verification of compatibility between 

spatial and attribute data, and the preparation of cleaned, analysis-ready datasets. This 

structured approach ensures that all subsequent spatial analyses are based on high-quality, 

reliable, and fully synchronized data, providing a robust foundation for mapping PTB 

distribution and detecting clusters at the provincial level. 

 

C. Unit of Analysis 

The province, Indonesia’s primary administrative tier, was employed as the unit of 

analysis in this study. Both methodological and practical considerations guided this 

selection. First, temporal consistency was ensured, as provincial-level PTB data are available 

continuously and comprehensively for the entire study period (2000-2023), enabling a 

longitudinal analysis of spatial trends and temporal changes. Second, policy relevance was 

a key factor, as health planning, resource allocation, and program implementation in 

Indonesia are predominantly organized at provincial and national levels. 

A total of 38 provinces, defined under the 2023 administrative configuration, were 

included in the analysis (Figure 2). This choice allows for standardized comparisons across 

regions while reflecting the administrative units where TB control interventions and 
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resource deployment occur (Kanchar & Swaminathan, 2019; Kementerian Kesehatan 

Republik Indonesia, 2023, 2024). 

 
Figure 2. Study Area Map of Indonesia 

Analyzing PTB distribution at the provincial level enables the detection of regional 

variations, identification of persistent and emerging hotspots, and evaluation of spatial 

autocorrelation patterns in a manner that is both methodologically rigorous and directly 

applicable to public health decision-making. This scale also facilitates integration with GIS-

based mapping and spatial statistical analyses, providing a clear link between empirical 

findings and actionable strategies for cross-regional TB control. 

By using the province as the analytical unit, the study captures both macro-level 

spatial structures and micro-level variations within Indonesia’s diverse geographic and 

demographic landscape, thereby enhancing the interpretive value and practical relevance 

of the results. 

 

D. Research Variables 

The primary variable in this study was the annual number of PTB cases officially 

reported by the Ministry of Health for each province between 2000 and 2023. This is a 

discrete quantitative variable representing the total number of reported cases, without 

standardization to incidence per 100,000 population. Each province polygon in the GIS 
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environment was assigned this value as a spatial attribute, enabling spatial analyses that 

link epidemiological data to geographic locations. 

Spatial autocorrelation analyses were conducted using these values to assess the 

geographic severity of disease, thereby capturing differences in PTB distribution across 

provinces. Variations in case numbers were further examined in relation to neighboring 

provinces to identify clustering patterns, which reflect potential geographic or socio-

environmental connections influencing the spread of PTB. 

By detecting these patterns, the study can identify provinces with consistently high 

caseloads, areas at risk of underreporting, and emerging hotspots (Mao et al., 2019; Pradana 

& Santosa, 2019; Sun et al., 2015). This information is crucial for guiding geographically 

targeted interventions, optimizing resource allocation, and supporting evidence-based 

public health strategies (de Abreu e Silva et al., 2016; Lan et al., 2025; Puspita et al., 2021; 

Rosli et al., 2018). 

Furthermore, examining temporal trends in these variables enables detection of 

changes in spatial distribution over the 24-year study period, which is essential for 

understanding the dynamics of PTB transmission and informing the national TB control 

strategy. Integrating spatial and temporal patterns provides a comprehensive 

understanding of both persistent high-burden areas and newly emerging clusters, 

enhancing the effectiveness of surveillance and intervention planning. 

 

E. Data Analysis Techniques 

Spatial autocorrelation analysis was employed to examine the distribution of PTB 

cases across provinces, providing a quantitative assessment of clustering, dispersion, or 

randomness (Nanque et al., 2023; Shaweno et al., 2018; Zhang et al., 2023). This approach 

enables the identification of geographical correlation patterns based on both the magnitude 

and spatial arrangement of PTB incidence (Alavi et al., 2023; Pamadi et al., 2023). 

Two complementary analytical methods were applied to capture both global and local 

spatial patterns: 

1. Global Moran’s Index, used to measure the overall degree of spatial autocorrelation 

across all provinces. Positive values indicate a tendency for clustering, whereas negative 

values suggest a dispersed or random spatial structure (Bai & Ameyaw, 2024; Mahara et 

al., 2018; Moran, 1950). 

2. Local Indicators of Spatial Association (LISA), applied to detect and map statistically 

significant local clusters, including hotspots (areas with high values adjacent to high-

value neighbors) and cold spots (areas with low values surrounded by low-value 

neighbors) (Madao et al., 2024; Mao et al., 2019; Sadeq & Bourkadi, 2018).  
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As illustrated in the analytical flowchart (Figure X), the spatial analysis phase was 

organized in a sequential and transparent workflow: 

• Step 1: computation of Global Moran’s Index to evaluate overall spatial dependence, 

providing a macro-level understanding of clustering patterns; 

• Step 2: LISA-based local cluster detection to identify statistically significant spatial 

concentrations and potential hotspots or cold spots; 

• Step 3: integration of outputs into a GIS environment to generate national-scale spatial 

maps that visualize both global and local cluster patterns. 

The GIS-based visualization allowed simultaneous examination of spatial and 

temporal variations, capturing changes in PTB burden across provinces over the 24-year 

study period. By overlaying the results of Moran’s Index and LISA on provincial maps, the 

study provides a clear representation of both persistent and emerging clusters and regions 

that may be affected by underreporting (Anselin, 1995; Moran, 1950; Wei et al., 2016). 

This mapping framework not only facilitates the interpretation of spatial patterns but 

also provides a rigorous empirical basis for geographically targeted public health 

interventions (Mohidem et al., 2021; World Health Organization, 2023). Policymakers can 

use these results to identify high-risk provinces, prioritize resource allocation, and design 

evidence-based TB control strategies that account for regional heterogeneity and temporal 

dynamics (Iskandar et al., 2023; Kak et al., 2020; Madao et al., 2024). 

 

Results and Discussion 

A. Global Spatial Autocorrelation Analysis of Pulmonary Tuberculosis Cases in 

Indonesia from 2000 to 2023 

The spatial distribution of PTB cases in Indonesia from 2000 to 2023 exhibits a 

persistent, clustered pattern, as revealed by the global spatial autocorrelation analysis using 

Moran’s I (Table 1). Throughout the 24 years, all Moran’s I coefficients were positive, 

ranging from 0.189 to 0.392, indicating statistically significant positive spatial 

autocorrelation. This finding demonstrates that provinces with high PTB case counts are 

more likely to be adjacent to other high-burden provinces. In contrast, provinces with lower 

incidence tend to cluster with similarly low-prevalence neighbors (Mao et al., 2019; 

Mohidem et al., 2021; Sun et al., 2015; Zhang et al., 2023). Such clustering confirms that the 

distribution of PTB cases is not random but reflects an underlying spatial structure shaped 

by geographic proximity, demographic characteristics, and regional interconnectedness 

(Noviyani et al., 2021; Wei et al., 2016; Wubuli et al., 2015). 

The observed pattern aligns with theoretical frameworks in spatial epidemiology, 

which posit that infectious disease diffusion is often influenced by social interaction 
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networks, population mobility, environmental similarity, and the spatial arrangement of 

communities (Elliott & Wartenberg, 2004; Lin & Wen, 2022; Ostfeld et al., 2005). This 

theoretical foundation underscores that disease spread is not uniform across space but is 

concentrated in areas where populations interact more frequently or share similar 

environmental conditions (Inggarputri et al., 2023; Nurjana et al., 2023). 

Empirical studies conducted in Indonesian settings further corroborate these results. 

Research by Inggarputri et al. (2023), Madao et al. (2024), and Pamadi et al. (2023) identified 

persistent TB clusters at both district and provincial levels, highlighting that PTB 

transmission tends to be spatially aggregated rather than dispersed evenly across regions. 

Additionally, analyses by Iskandar et al. (2023) and Noviyani et al. (2021) emphasize that 

Java’s densely populated provinces consistently function as hotspots, where high 

population density, intense interregional mobility, and urbanization intensify spatial 

dependence in disease incidence. These findings illustrate that structural and demographic 

factors are key determinants of PTB clustering in Indonesia. 

Table 1. Global Moran's Index of Pulmonary Tuberculosis Cases in Indonesia from 2000 to 

2023 

Year     Moran’s I Global Interpretation    Pattern 

2000 0.344 Positive Spatial Autocorrelation Clustered 

2001 0.290 Positive Spatial Autocorrelation Clustered 

2002 0.286 Positive Spatial Autocorrelation Clustered 

2003 0.189 Positive Spatial Autocorrelation Clustered 

2004 0.279 Positive Spatial Autocorrelation Clustered 

2005 0.352 Positive Spatial Autocorrelation Clustered 

2006 0.221 Positive Spatial Autocorrelation Clustered 

2007 0.392 Positive Spatial Autocorrelation Clustered 

2008 0.382 Positive Spatial Autocorrelation Clustered 

2009 0.367 Positive Spatial Autocorrelation Clustered 

2010 0.369 Positive Spatial Autocorrelation Clustered 

2011 0.364 Positive Spatial Autocorrelation Clustered 

2012 0.360 Positive Spatial Autocorrelation Clustered 

2013 0.344 Positive Spatial Autocorrelation Clustered 

2014 0.219 Positive Spatial Autocorrelation Clustered 

2015 0.263 Positive Spatial Autocorrelation Clustered 

2016 0.272 Positive Spatial Autocorrelation Clustered 

2017 0.307 Positive Spatial Autocorrelation Clustered 

2018 0.301 Positive Spatial Autocorrelation Clustered 

2019 0.300 Positive Spatial Autocorrelation Clustered 

2020 0.306 Positive Spatial Autocorrelation Clustered 

2021 0.321 Positive Spatial Autocorrelation Clustered 

2022 0.310 Positive Spatial Autocorrelation Clustered 

2023 0.305 Positive Spatial Autocorrelation Clustered 
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Over the two-decade period, Moran’s I coefficients fluctuated, indicating a moderately 

variable but relatively stable pattern of spatial dependence. During the early years of 

observation (2000-2004), coefficients ranged from 0.189 to 0.344, suggesting weaker 

clustering at the national scale, possibly reflecting lower surveillance sensitivity or initial 

variations in TB reporting and control measures. The middle period (2005-2013) showed 

more pronounced and stable autocorrelation values, predominantly between 0.34 and 0.39, 

indicating strengthened clustering of PTB cases across provinces. Despite a temporary 

decline to 0.219 in 2014, the coefficients subsequently stabilized in the 0.26-0.32 range from 

2015 onwards. These temporal variations may reflect dynamic changes in the effectiveness 

of TB control programs, regional demographic shifts, improvements in case detection, and 

differing implementation of public health interventions across provinces (Bhatia et al., 2023; 

Kak et al., 2020; Surendra et al., 2023).  

The interpretation of Moran’s I coefficients is reinforced by visual examination of 

Moran’s Scatterplots (Figure 3). Data points are predominantly concentrated in the high-

high and low-low quadrants, confirming the presence of pronounced clusters of both high-

incidence and low-incidence provinces. The high-high clusters indicate regions where PTB 

cases are elevated and surrounded by similarly high-burden neighbors, while low-low 

clusters highlight provinces with persistently low PTB incidence. This graphical evidence 

aligns with the positive Moran’s I values observed across all years, validating the presence 

of consistent spatial autocorrelation. 

Analyzing these results from a public health perspective, the findings emphasize the 

central role of geographic proximity in PTB transmission (Kementerian Kesehatan Republik 

Indonesia, 2023; World Health Organization, 2023). Provinces that are close to one another 

tend to exhibit similar risk profiles due to shared socioeconomic, demographic, and 

environmental characteristics, such as urbanization levels, population density, access to 

healthcare, and interprovincial mobility patterns (Bai & Ameyaw, 2024; Brown et al., 2022; 

Lin & Wen, 2022). 

The implications for TB control are substantial. Control strategies should move beyond 

uniform, national-level approaches and adopt spatially informed interventions that 

explicitly consider the geographic clustering of cases. These strategies may include 

strengthening cross-jurisdictional collaboration, implementing cluster-based or hotspot-

focused interventions, enhancing surveillance systems to detect emerging spatial patterns, 

and allocating resources preferentially to high-burden provinces and their neighboring 

regions (Lan et al., 2025; Rosli et al., 2018; Wardani et al., 2013). Such spatially targeted 

approaches can improve the efficiency and effectiveness of TB control programs, reduce 

transmission within and across provinces, and optimize the utilization of public health 

resources. 
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In summary, global spatial autocorrelation analysis confirms that PTB cases in 

Indonesia are significantly clustered at the provincial level, with high-burden provinces 

tending to form contiguous clusters over time. Understanding these spatial patterns 

provides an empirical foundation for designing evidence-based, geographically targeted TB 

control interventions and underscores the importance of accounting for spatial 

dependencies in national and regional public health strategies. 
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Figure 3. Moran’s Scatterplot Visualization of Spatial Patterns of Pulmonary Tuberculosis 

Cases in Indonesia from 2000 to 2023 

 

B. Local Spatial Autocorrelation Analysis of Pulmonary Tuberculosis Cases in Indonesia 

from 2000 to 2023 

The spatial configuration of PTB cases in Indonesia from 2000 to 2023 is characterized 

by the persistence of two dominant, geographically stable cluster formations, as illustrated 

in Figure 4.  

The first major cluster comprises High-High (HH) or hotspot areas, primarily 

concentrated on the island of Java, including the provinces of DKI Jakarta, West Java, 

Central Java, and Banten. These provinces consistently exhibit elevated PTB case counts and 

are surrounded by neighboring provinces with similarly high burdens, forming robust 

spatial clusters over the entire observation period. The sustained presence of this hotspot 

reflects the interplay of multiple epidemiologically relevant factors, including demographic 

concentration, rapid urban expansion, labor-driven mobility, and dense social interaction 

networks, all of which amplify the potential for disease transmission (Fahdhienie et al., 2024; 

Puspita et al., 2021; Surendra et al., 2023). Empirical evidence supports that urbanization, 

population density, and interprovincial connectivity increase vulnerability to infectious 

disease spread by facilitating frequent human contact and movement (Brown et al., 2022; 

Kak et al., 2020; Madao et al., 2024). 

Conversely, the second major cluster comprises Low-Low (LL) or coldspot areas, 

predominantly located in the eastern part of Indonesia. LL clusters consistently appear in 

the provinces of Papua, including Central Papua, Papua Pegunungan, Southwest Papua, 

and West Papua, and intermittently extend to regions in eastern Kalimantan and Maluku. 

These LL clusters do not necessarily indicate a low absolute disease burden, but rather 

relatively lower reported PTB case numbers than in neighboring areas. Several structural 

factors likely contribute to these patterns, including geographical remoteness, limited 

accessibility to health facilities, shortages of trained healthcare personnel, and variation in 

case-finding capacity (Alfaqeeh et al., 2025; Kementerian Kesehatan Republik Indonesia, 

2023; Purnama et al., 2022). Previous studies similarly emphasize that under-reporting in 
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remote and underserved regions can obscure the true magnitude of PTB transmission, 

suggesting that spatial coldspots may partially reflect limitations in surveillance and 

reporting (Kementerian Kesehatan Republik Indonesia, 2020; Lestari et al., 2023; Nurjana et 

al., 2023). 

Beyond these two major clusters, several provinces demonstrate spatial outlier 

patterns, classified as Low-High (LH) and High-Low (HL). LH patterns denote provinces 

with relatively low PTB cases surrounded by high-prevalence neighbors, whereas HL 

patterns indicate the inverse configuration (Anselin, 1995; Madao et al., 2024; Wubuli et al., 

2015). Yogyakarta, for example, consistently appears as an LH outlier, likely reflecting 

effective local health system performance, strong case detection policies, or other localized 

interventions that reduce PTB incidence relative to surrounding high-burden regions 

(Kementerian Kesehatan Republik Indonesia, 2023, 2024; Pamadi et al., 2023). In contrast, 

North Sulawesi sporadically appears as an HL outlier, suggesting temporary deviations 

from regional spatial trends due to localized outbreaks or reporting variability. These spatial 

outliers highlight localized epidemiological, administrative, or socioeconomic dynamics 

that differ from broader national patterns and warrant targeted investigation (Mahara et al., 

2018; Mohidem et al., 2021; Wang et al., 2021). 

Taken together, the spatial distribution of PTB in Indonesia over the 24 years reveals a 

dual-core structure, with stable LL clusters in Papua and enduring HH clusters in Java. This 

configuration illustrates the critical role of structural disparities, including differences in 

healthcare access, demographic pressures, population mobility, and environmental 

conditions in shaping the geography of PTB transmission (Fahdhienie et al., 2024; Iskandar 

et al., 2023; Kak et al., 2020; Lestari et al., 2023; Surendra et al., 2023). The findings are 

consistent with the principle of spatial dependency, which posits that neighboring regions 

often exhibit correlated epidemiological outcomes due to shared risk environments and 

interconnected population dynamics (Lan et al., 2025; Lin & Wen, 2022; Zhang et al., 2023). 

From a public health perspective, the persistence of these spatial configurations 

indicates that PTB transmission is influenced not only by local determinants but also by 

broader systemic and structural dynamics operating across provincial boundaries 

(Aturinde, 2020; Cuboia et al., 2024; Lin & Wen, 2022). The enduring nature of hotspot and 

coldspot clusters suggests that interventions that focus solely on clinical management or 

individual-level risk mitigation may be insufficient without complementary strategies to 

address regional inequalities in health infrastructure, surveillance capacity, and mobility 

networks (Garcia et al., 2009; Kanchar & Swaminathan, 2019; Onozaki & Raviglione, 2010). 

Integrating spatial indicators into routine TB monitoring systems can facilitate the 

early detection of emerging clusters and support the development of anticipatory, 

geographically tailored public health policies (John, 2019; World Health Organization, 2014, 
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2023). Such an approach is essential for achieving sustained reductions in PTB transmission 

and for ensuring that national TB control efforts remain responsive to the complex spatial 

realities underpinning disease distribution (Alfaqeeh et al., 2025; Iskandar et al., 2023; 

Surendra et al., 2023). 
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Figure 4. Map of Pulmonary Tuberculosis Case Clusters in Indonesia from 2000 to 2023 

 

Conclusion 

This study demonstrates that the geographical distribution of PTB in Indonesia from 

2000 to 2023 exhibits persistent, statistically significant spatial clustering. The results of 

Moran’s I analysis confirm that PTB distribution is not random, but reflects enduring spatial 

dependence shaped by demographic concentration, human mobility patterns, and 

interregional connectivity. High-High clusters consistently emerged in the densely 

populated provinces of Java, whereas Low-Low clusters predominated in the Papua region 

and parts of eastern Indonesia. These dual-core cluster formations underscore the role of 

structural disparities, including population density, health service capacity, and geographic 

accessibility, in driving regional variations in PTB burden.  

Spatial outliers identified within the Low-High and High-Low categories further 

reveal localized deviations that may result from differences in surveillance quality, health 

service delivery, or contextual epidemiological factors. Taken together, these findings 

demonstrate that PTB transmission in Indonesia is strongly influenced by spatial proximity 

and shared environmental, demographic, and socioeconomic conditions, underscoring the 

need for geographically differentiated public health strategies. 

Despite the strengths of this longitudinal and nationwide spatial analysis, several 

limitations should be acknowledged. First, the study relied on officially reported PTB case 
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counts, which may be affected by underreporting, delayed reporting, or variability in 

diagnostic practices across provinces, particularly in remote or underserved regions. 

Second, the analysis was conducted at the provincial level, which may mask finer-scale 

heterogeneity at district or subdistrict levels. Third, potential confounding factors, such as 

local variations in HIV prevalence, socioeconomic status, and population mobility, were not 

directly incorporated into the spatial models, which may partially explain the observed 

clustering patterns. 

Based on these findings and limitations, several recommendations for future research 

and policy emerge: 

1. Strengthening TB surveillance systems to improve data completeness and timeliness, 

particularly in geographically remote or underserved provinces. 

2. Conducting finer-scale spatial analyses at district or subdistrict levels to capture local 

heterogeneity and identify micro-hotspots. 

3. Integrating additional epidemiological, socioeconomic, and environmental covariates 

into spatial models to better understand drivers of PTB transmission. 

4. Implementing geographically targeted interventions, such as prioritizing hotspot 

provinces in Java for intensified case detection and enhancing healthcare access in 

historically under-reported regions of Papua and eastern Indonesia. 

5. Promoting cross-regional coordination in TB control programs to address interprovincial 

connectivity and mobility-driven transmission dynamics. 

In conclusion, this study emphasizes the value of spatial epidemiological approaches 

for informing evidence-based, geographically tailored TB control strategies in Indonesia. By 

accounting for spatial clustering, regional disparities, and local deviations, public health 

authorities can design interventions that are both equitable and effective, ultimately 

contributing to a sustained reduction in PTB transmission nationwide. 

 

References 

Alavi, S. M., Enayatrad, M., Cheraghian, B., & Amoori, N. (2023). Incidence trend analysis 

of tuberculosis in Khuzestan Province, southwest of Iran: 2010–2019. Global 

Epidemiology, 6, 100118. https://doi.org/10.1016/j.gloepi.2023.100118  

Alfaqeeh, M., Ewart, S., Tanoto, R., Buenastuti, W., Isturini, I. A., Yosephine, P., Burhan, E., 

Siagian, R. C., Hadinegoro, S. R., Lenggogeni, D., White, R. G., Suwantika, A. A., 

Kasaeva, T., & Giersing, B. (2025). New adult and adolescent tuberculosis vaccines and 

Indonesia: policy planning and evidence, November 2024. Vaccine, 62. 

https://doi.org/10.1016/j.vaccine.2025.127490  

Anselin, L. (1995). Local Indicators of Spatial Association—LISA. Geographical Analysis, 

27(2), 93–115. https://doi.org/10.1111/j.1538-4632.1995.tb00338.x  

https://doi.org/10.1016/j.gloepi.2023.100118
https://doi.org/10.1016/j.vaccine.2025.127490
https://doi.org/10.1111/j.1538-4632.1995.tb00338.x


Journal of Geosciences and Environmental Studies: Vol. 3, No. 1, 2026 18 of 22 

 

 

https://journal.pubmedia.id/index.php/ijgaes 

Aturinde, A. (2020). GIS and Health: Enhancing Disease Surveillance and Intervention through 

Spatial Epidemiology [Doctoral Dissertation, Lund University]. 

https://lup.lub.lu.se/search/files/86076015/Augustus_Aturinde_PhD_Dissertation.pdf  

Bai, W., & Ameyaw, E. K. (2024). Global, regional and national trends in tuberculosis 

incidence and main risk factors: a study using data from 2000 to 2021. BMC Public 

Health, 24(1), 12. https://doi.org/10.1186/s12889-023-17495-6  

Beyers, N., Gie, R. P., Zietsman, H. L., Kunneke, M., Hauman, J., Talley, M., & Donald, P. R. 

(1996). The use of a geographical information system (GIS) to evaluate the distribution 

of tuberculosis in a high-incidence community. South African Medical Journal, 86 (1), 40–

44. https://scholar.sun.ac.za/items/5c774fe7-6683-46c4-867a-ff1da41ebbad/full  

Bhatia, V., Rijal, S., Sharma, M., Islam, A., Vassall, A., Bhargava, A., Thida, A., Basri, C., 

Onozaki, I., Pai, M., Rezwan, M. K., Arinaminpathy, N., Chandrashekhar, P., Sarin, R., 

Mandal, S., & Raviglione, M. (2023). Ending TB in South-East Asia: flagship priority 

and response transformation. The Lancet Regional Health - Southeast Asia, 18, 100301. 

https://doi.org/10.1016/j.lansea.2023.100301  

Brown, T. S., Robinson, D. A., Buckee, C. O., & Mathema, B. (2022). Connecting the dots: 

understanding how human mobility shapes TB epidemics. Trends in Microbiology, 

30(11), 1036–1044. https://doi.org/10.1016/j.tim.2022.04.005  

Cuboia, N., Reis-Pardal, J., Pfumo-Cuboia, I., Manhiça, I., Mutaquiha, C., Nitrogénio, L., 

Zindoga, P., & Azevedo, L. (2024). Spatial distribution and determinants of 

tuberculosis incidence in Mozambique: A nationwide Bayesian disease mapping 

study. Spatial and Spatio-Temporal Epidemiology, 48, 100632. 

https://doi.org/10.1016/j.sste.2023.100632  

de Abreu e Silva, M., Di Lorenzo Oliveira, C., Teixeira Neto, R. G., & Camargos, P. A. (2016). 

Spatial distribution of tuberculosis from 2002 to 2012 in a midsize city in Brazil. BMC 

Public Health, 16(1), 912. https://doi.org/10.1186/s12889-016-3575-y  

Elliott, P., & Wartenberg, D. (2004). Spatial Epidemiology: Current Approaches and Future 

Challenges. Environmental Health Perspectives, 112(9), 998–1006. 

https://doi.org/10.1289/ehp.6735  

Fahdhienie, F., Mudatsir, M., Abidin, T. F., & Nurjannah, N. (2024). Risk factors of 

pulmonary tuberculosis in Indonesia: A case-control study in a high disease 

prevalence region. Narra J, 4(2). https://doi.org/10.52225/narra.v4i2.943  

Fahdhienie, F., Sitepu, F. Y., & Depari, E. B. (2024). Tuberculosis in Aceh Province, 

Indonesia: a spatial epidemiological study covering the period 2019–2021. Geospatial 

Health, 19(2). https://doi.org/10.4081/gh.2024.1318  

Garcia, D., Wares, F., Zuroweste, E., & Guerin, P. (2009). Tuberculosis and migration. 

Tuberculosis: A Comprehensive Clinical Reference, 892–900. 

Inggarputri, Y. R., Trihandini, I., Novitasari, P. D., & Makful, M. R. (2023). Spatial analysis 

of tuberculosis cases diffusion based on population density in Bekasi Regency in 2017-

2021. BKM Public Health & Community Medicine (Berita Kedokteran Masyarakat, 39(1), 

2023. https://doi.org/10.22146/bkm.v39i1.6462  

https://lup.lub.lu.se/search/files/86076015/Augustus_Aturinde_PhD_Dissertation.pdf
https://doi.org/10.1186/s12889-023-17495-6
https://scholar.sun.ac.za/items/5c774fe7-6683-46c4-867a-ff1da41ebbad/full
https://doi.org/10.1016/j.lansea.2023.100301
https://doi.org/10.1016/j.tim.2022.04.005
https://doi.org/10.1016/j.sste.2023.100632
https://doi.org/10.1186/s12889-016-3575-y
https://doi.org/10.1289/ehp.6735
https://doi.org/10.52225/narra.v4i2.943
https://doi.org/10.4081/gh.2024.1318
https://doi.org/10.22146/bkm.v39i1.6462


Journal of Geosciences and Environmental Studies: Vol. 3, No. 1, 2026 19 of 22 

 

 

https://journal.pubmedia.id/index.php/ijgaes 

Iskandar, D., Suwantika, A. A., Pradipta, I. S., Postma, M. J., & van Boven, J. F. M. (2023). 

Clinical and economic burden of drug-susceptible tuberculosis in Indonesia: national 

trends 2017–19. The Lancet Global Health, 11(1), e117–e125. 

https://doi.org/10.1016/S2214-109X(22)00455-7  

John, C. A. (2019). Realizing the World Health Organization’s End TB Strategy (2016–2035): 

How Can Social Approaches to Tuberculosis Elimination Contribute to Progress in 

Asia and the Pacific? Tropical Medicine and Infectious Disease, 4(1), 28. 

https://doi.org/10.3390/tropicalmed4010028  

Kak, N., Chakraborty, K., Sadaphal, S., AlMossawi, H. J., Calnan, M., & Vikarunnessa, B. 

(2020). Strategic priorities for TB control in Bangladesh, Indonesia, and the Philippines 

– comparative analysis of national TB prevalence surveys. BMC Public Health, 20(1), 

560. https://doi.org/10.1186/s12889-020-08675-9  

Kanchar, A., & Swaminathan, S. (2019). Tuberculosis Control: WHO Perspective and 

Guidelines. The Indian Journal of Pediatrics, 86(8), 703–706. 

https://doi.org/10.1007/s12098-019-02989-2  

Kementerian Kesehatan Republik Indonesia. (2020). Strategi Nasional Penanggulangan 

Tuberkulosis di Indonesia 2020-2024. 

Kementerian Kesehatan Republik Indonesia. (2023). Laporan Program Penanggulangan 

Tuberkulosis Tahun 2022. https://www.tbindonesia.or.id/pustaka---program-

la/laporan-program-penanggulangan-tuberkulosis-tahun-2022/  

Kementerian Kesehatan Republik Indonesia. (2024). Laporan Survey Kesehatan Indonesia 

Tahun 2023. https://www.badankebijakan.kemkes.go.id/ski-2023-dalam-angka/  

Laferani, Y., Makful, M. R., & Soviadi, N. V. (2023). Spatial analysis of pediatric pulmonary 

tuberculosis cases aged 0-14 years in West Java Province. BKM Public Health and 

Community Medicine, 39(02), e6659. https://doi.org/10.22146/bkm.v39i02.6659  

Lan, Y., Rancu, I., Chitwood, M. H., Sobkowiak, B., Nyhan, K., Lin, H. H., Wu, C. Y., 

Mathema, B., Brown, T. S., Colijn, C., Warren, J. L., & Cohen, T. (2025). Integrating 

genomic and spatial analyses to describe tuberculosis transmission: a scoping review. 

The Lancet Microbe, 6(8). https://doi.org/10.1016/j.lanmic.2025.101094  

Lestari, T., Fuady, A., Yani, F. F., Putra, I. W. G. A. E., Pradipta, I. S., Chaidir, L., Handayani, 

D., Fitriangga, A., Loprang, M. R., Pambudi, I., Ruslami, R., & Probandari, A. (2023). 

The development of the national tuberculosis research priority in Indonesia: A 

comprehensive mixed-method approach. PLOS ONE, 18(2), e0281591. 

https://doi.org/10.1371/journal.pone.0281591  

Lienhardt, C., Fielding, K., Sillah, J., Bah, B., Gustafson, P., Warndorff, D., Palayew, M., 

Lisse, I., Donkor, S., Diallo, S., Manneh, K., Adegbola, R., Aaby, P., Bah-Sow, O., 

Bennett, S., & McAdam, K. (2005). Investigation of the risk factors for tuberculosis: a 

case–control study in three countries in West Africa. International Journal of 

Epidemiology, 34(4), 914–923. https://doi.org/10.1093/ije/dyi100  

Lin, C. H., & Wen, T. H. (2022). How Spatial Epidemiology Helps Understand Infectious 

Human Disease Transmission. Tropical Medicine and Infectious Disease, 7(8), 164. 

https://doi.org/10.3390/tropicalmed7080164  

https://doi.org/10.1016/S2214-109X(22)00455-7
https://doi.org/10.3390/tropicalmed4010028
https://doi.org/10.1186/s12889-020-08675-9
https://doi.org/10.1007/s12098-019-02989-2
https://www.tbindonesia.or.id/pustaka---program-la/laporan-program-penanggulangan-tuberkulosis-tahun-2022/
https://www.tbindonesia.or.id/pustaka---program-la/laporan-program-penanggulangan-tuberkulosis-tahun-2022/
https://www.badankebijakan.kemkes.go.id/ski-2023-dalam-angka/
https://doi.org/10.22146/bkm.v39i02.6659
https://doi.org/10.1016/j.lanmic.2025.101094
https://doi.org/10.1371/journal.pone.0281591
https://doi.org/10.1093/ije/dyi100
https://doi.org/10.3390/tropicalmed7080164


Journal of Geosciences and Environmental Studies: Vol. 3, No. 1, 2026 20 of 22 

 

 

https://journal.pubmedia.id/index.php/ijgaes 

Madao, E. P., Hermawati, E., Putri, N. A. A., & Makful, M. R. (2024). Evaluating spatial 

analysis of tuberculosis prevalence to identify priority districts or municipalities that 

need policy attention in West Java. BKM Public Health and Community Medicine, 40(4), 

e12160. https://doi.org/10.22146/bkm.v40i04.12160  

Mahara, G., Yang, K., Chen, S., Wang, W., & Guo, X. (2018). Socio-Economic Predictors and 

Distribution of Tuberculosis Incidence in Beijing, China: A Study Using a Combination 

of Spatial Statistics and GIS Technology. Medical Sciences, 6(2), 26. 

https://doi.org/10.3390/medsci6020026  

Mao, Q., Zeng, C., Zheng, D., & Yang, Y. (2019). Analysis on spatial-temporal distribution 

characteristics of smear positive pulmonary tuberculosis in China, 2004–2015. 

International Journal of Infectious Diseases, 80, S36–S44. 

https://doi.org/10.1016/j.ijid.2019.02.038  

Mohidem, N. A., Osman, M., Hashim, Z., Muharam, F. M., Mohd Elias, S., & Shaharudin, 

R. (2021). Association of sociodemographic and environmental factors with spatial 

distribution of tuberculosis cases in Gombak, Selangor, Malaysia. PLOS ONE, 16(6), 

e0252146. https://doi.org/10.1371/journal.pone.0252146  

Moran, P. A. P. (1950). Notes on continuous stochastic phenomena. Biometrika, 37(1–2), 17–

23. https://doi.org/10.1093/biomet/37.1-2.17  

Nanque, A. R., Ramos, A. C. V., Moura, H. S. D., Berra, T. Z., Tavares, R. B. V., Monroe, A. 

A., Pinto, I. C., & Arcêncio, R. A. (2023). Spatial and temporal analysis of tuberculosis 

incidence in Guinea-Bissau, 2018 to 2020. Revista Brasileira de Enfermagem, 76(4). 

https://doi.org/10.1590/0034-7167-2022-0481  

Noviyani, A., Nopsopon, T., & Pongpirul, K. (2021). Variation of tuberculosis prevalence 

across diagnostic approaches and geographical areas of Indonesia. PLOS ONE, 16(10), 

e0258809. https://doi.org/10.1371/journal.pone.0258809  

Nurjana, M. A., Laksono, A. D., Wartana, I. K., Vidyanto, Gunawan, Nursafingi, A., 

Samarang, Anastasia, H., Tobing, K., Nurwidayati, A., & Octaviani. (2023). 

Mycobacterium tuberculosis infection among children under fifteen years of age: A 

population-based study in Indonesia. Asian Pacific Journal of Tropical Medicine, 16(11), 

506–514. https://doi.org/10.4103/1995-7645.388387  

Onozaki, I., & Raviglione, M. (2010). Stopping tuberculosis in the 21st century: Goals and 

strategies. Respirology, 15(1), 32–43. https://doi.org/10.1111/j.1440-1843.2009.01673.x  

Ostfeld, R. S., Glass, G. E., & Keesing, F. (2005). Spatial epidemiology: an emerging (or re-

emerging) discipline. Trends in Ecology & Evolution, 20(6), 328–336. 

https://doi.org/10.1016/j.tree.2005.03.009  

Pamadi, N. N., Siregar, K. N., Rahmaniati, M., & Atmiroseva, A. (2023). Analisis Spasial 

Autokorelasi Tuberkulosis di Pulau Jawa Tahun 2021. Jurnal Biostatistik, Kependudukan, 

dan Informatika Kesehatan, 4(1). https://doi.org/10.7454/bikfokes.v4i1.1051  

Pradana, K. A., & Santosa, P. B. (2019). Spatial Autocorrelation Analysis of Tuberculosis 

Cases (2016-2018) In Kebumen. KnE Engineering. 

https://doi.org/10.18502/keg.v4i3.5841  

https://doi.org/10.22146/bkm.v40i04.12160
https://doi.org/10.3390/medsci6020026
https://doi.org/10.1016/j.ijid.2019.02.038
https://doi.org/10.1371/journal.pone.0252146
https://doi.org/10.1093/biomet/37.1-2.17
https://doi.org/10.1590/0034-7167-2022-0481
https://doi.org/10.1371/journal.pone.0258809
https://doi.org/10.4103/1995-7645.388387
https://doi.org/10.1111/j.1440-1843.2009.01673.x
https://doi.org/10.1016/j.tree.2005.03.009
https://doi.org/10.7454/bikfokes.v4i1.1051
https://doi.org/10.18502/keg.v4i3.5841


Journal of Geosciences and Environmental Studies: Vol. 3, No. 1, 2026 21 of 22 

 

 

https://journal.pubmedia.id/index.php/ijgaes 

Purnama, T. B., Kamigaki, T., Minsarnawati, M., & Oshitani, H. (2022). Spatial Distribution 

of Tuberculosis in the Western Region of Java Island, Indonesia. Journal of Health 

Science and Medical Research, 41(1). https://doi.org/10.31584/jhsmr.2022889  

Puspita, T., Suryatma, A., Simarmata, O. S., Veridona, G., Lestary, H., Athena, A., Pambudi, 

I., Sulistyo, S., & Pakasi, T. T. (2021). Spatial variation of tuberculosis risk in Indonesia 

2010-2019. Health Science Journal of Indonesia, 12(2), 104–110. 

https://doi.org/10.22435/hsji.v12i2.5467  

Rosli, N., Shah, S. A., & Mahmood, M. I. (2018). Geographical Information System (GIS) 

Application in tuberculosis spatial clustering studies: A systematic review. Malaysian 

Journal of Public Health Medicine, 18, 70–80. 

https://www.researchgate.net/publication/325473307  

Sadeq, M., & Bourkadi, J. E. (2018). Spatiotemporal distribution and predictors of 

tuberculosis incidence in Morocco. Infectious Diseases of Poverty, 7(1), 43. 

https://doi.org/10.1186/s40249-018-0429-0  

Saifudin, T., Aisyah, A. S., Indrasta, I. A., & Amelia, D. (2024). Analysis of Factor Affecting 

Tuberculosis Cases in West Java Province Using Panel Data Regression Approach. 

JTAM (Jurnal Teori Dan Aplikasi Matematika), 8(4), 1202. 

https://doi.org/10.31764/jtam.v8i4.24795  

Shaweno, D., Karmakar, M., Alene, K. A., Ragonnet, R., Clements, A. C., Trauer, J. M., 

Denholm, J. T., & McBryde, E. S. (2018). Methods used in the spatial analysis of 

tuberculosis epidemiology: a systematic review. BMC Medicine, 16(1), 193. 

https://doi.org/10.1186/s12916-018-1178-4  

Sun, W., Gong, J., Zhou, J., Zhao, Y., Tan, J., Ibrahim, A., & Zhou, Y. (2015). A Spatial, Social 

and Environmental Study of Tuberculosis in China Using Statistical and GIS 

Technology. International Journal of Environmental Research and Public Health, 12(2), 

1425–1448. https://doi.org/10.3390/ijerph120201425  

Surendra, H., Elyazar, I. R. F., Puspaningrum, E., Darmawan, D., Pakasi, T. T., Lukitosari, 

E., Sulistyo, S., Deviernur, S. M., Fuady, A., Thwaites, G., van Crevel, R., Shankar, A. 

H., Baird, J. K., & Hamers, R. L. (2023). Impact of the COVID-19 pandemic on 

tuberculosis control in Indonesia: a nationwide longitudinal analysis of programme 

data. The Lancet Global Health, 11(9), e1412–e1421. https://doi.org/10.1016/S2214-

109X(23)00312-1  

Wang, L., Xu, C., Hu, M., Qiao, J., Chen, W., Li, T., Qian, S., & Yan, M. (2021). Spatio-

temporal variation in tuberculosis incidence and risk factors for the disease in a region 

of unbalanced socio-economic development. BMC Public Health, 21(1). 

https://doi.org/10.1186/s12889-021-11833-2  

Wardani, D. W. S. R., Lazuardi, L., Mahendradhata, Y., & Kusnanto, H. (2013). Pentingnya 

Analisis Cluster Berbasis Spasial dalam Penanggulangan Tuberkulosis di Indonesia. 

Kesmas: National Public Health Journal, 147. https://doi.org/10.21109/kesmas.v0i0.391  

 

 

https://doi.org/10.31584/jhsmr.2022889
https://doi.org/10.22435/hsji.v12i2.5467
https://www.researchgate.net/publication/325473307
https://doi.org/10.1186/s40249-018-0429-0
https://doi.org/10.31764/jtam.v8i4.24795
https://doi.org/10.1186/s12916-018-1178-4
https://doi.org/10.3390/ijerph120201425
https://doi.org/10.1016/S2214-109X(23)00312-1
https://doi.org/10.1016/S2214-109X(23)00312-1
https://doi.org/10.1186/s12889-021-11833-2
https://doi.org/10.21109/kesmas.v0i0.391


Journal of Geosciences and Environmental Studies: Vol. 3, No. 1, 2026 22 of 22 

 

 

https://journal.pubmedia.id/index.php/ijgaes 

Wei, W., Yuan-Yuan, J., Ci, Y., Ahan, A., & Ming-Qin, C. (2016). Local spatial variations 

analysis of smear-positive tuberculosis in Xinjiang using Geographically Weighted 

Regression model. BMC Public Health, 16(1), 1–9. https://doi.org/10.1186/s12889-016-

3723-4  

World Health Organization. (2014). Global strategy and targets for tuberculosis prevention, care 

and control after 2015 (Resolution WHA67.1, Agenda item 12.1). World Health 

Assembly. http://apps.who.int/gb/ebwha/pdf_files/WHA67/A67_R1-en.pdf  

World Health Organization. (2023). Global Tuberculosis Report 2023. 

https://iris.who.int/handle/10665/373828?search-

result=true&query=global+tuberculosis+report&scope=&rpp=10&sort_by=score&ord

er=desc  

Wubuli, A., Xue, F., Jiang, D., Yao, X., Upur, H., & Wushouer, Q. (2015). Socio-Demographic 

Predictors and Distribution of Pulmonary Tuberculosis (TB) in Xinjiang, China: A 

Spatial Analysis. PLOS ONE, 10(12), e0144010. 

https://doi.org/10.1371/journal.pone.0144010  

Yu, Y., Wu, B., Wu, C., Wang, Q., Hu, D., & Chen, W. (2020). Spatial-temporal analysis of 

tuberculosis in Chongqing, China 2011-2018. BMC Infectious Diseases, 20(1), 531. 

https://doi.org/10.1186/s12879-020-05249-3  

Zhang, Y., Ye, J., Hou, S., Lu, X., Yang, C., Pi, Q., Zhang, M., Liu, X., Da, Q., & Zhou, L. 

(2023). Spatial-temporal analysis of pulmonary tuberculosis in Hubei Province, China, 

2011–2021. PLOS ONE, 18(2), e0281479. https://doi.org/10.1371/journal.pone.0281479  

 

https://doi.org/10.1186/s12889-016-3723-4
https://doi.org/10.1186/s12889-016-3723-4
http://apps.who.int/gb/ebwha/pdf_files/WHA67/A67_R1-en.pdf
https://iris.who.int/handle/10665/373828?search-result=true&query=global+tuberculosis+report&scope=&rpp=10&sort_by=score&order=desc
https://iris.who.int/handle/10665/373828?search-result=true&query=global+tuberculosis+report&scope=&rpp=10&sort_by=score&order=desc
https://iris.who.int/handle/10665/373828?search-result=true&query=global+tuberculosis+report&scope=&rpp=10&sort_by=score&order=desc
https://doi.org/10.1371/journal.pone.0144010
https://doi.org/10.1186/s12879-020-05249-3
https://doi.org/10.1371/journal.pone.0281479

