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A B S T R A C T 
Background: Tuberculosis (TB) remains a major global health challenge, with Indonesia ranking among the 
top three countries with the highest TB burden in 2019. Information about the distribution of the tuberculosis 
(TB) incidence rate over time and space is necessary for the effective control of the disease. This study aimed 
to examine the spatio-temporal trends of tuberculosis (TB) incidence rates in Makassar, South Sulawesi. 

Methods: This Ecological study utilized aggregated TB cases data in Makassar City, from the Indonesian Na-
tional Tuberculosis Information System (SITB). between January-December 2022 (3977 patients). Kulldorff’s 
space-time scan statistic, implemented using SaTScan, was applied to identify clusters of TB. In addition, An-
selin’s Local Moran’s I, conducted in GeoDa, was utilized to further characterize tuberculosis hotspots and cold 
spots. 

Results: The greatest Tuberculosis incidence rate was recorded in middle west area in Makassar during 2022. 
Kulldorf’s space-time scan statistic identified the most probable cluster in 60 villages in the mid-western re-
gion of Makassar from July to December 2022, with a relative risk (RR) of 1.50 (p-value <0.001) and second-
ary cluster (16 villages) was identified in the southern region of Makassar, with a RR of 1.41 (p = 0.0015). 
Some high-trend TB statistically significant clusters were found in the same places. 

Conclusions: The TB cluster was located at Middle west Makassar. Prioritizing these clusters for resource al-
location could lead to more successful control and prevention of TB. Future studies should examine socioeco-
nomic and environmental determinants to better explain TB clustering and guide comprehensive interven-
tions. 
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INTRODUCTION 

Tuberculosis (TB) remains a significant global 
health concern, posing a major challenge to public 
health systems worldwide. The World Health Organ-
ization (WHO) reports that the present tuberculosis 
endemic is concerning., with an estimated 10 mil-
lion new cases of TB reported, leading to 1.4 million 
TB-related deaths. In addition, the burden of multi-
drug-resistant TB was estimated to affect 3.3% of 
new cases.1,2 in the persistent threat of TB necessi-
tates a deeper understanding of its spatio-temporal 
patterns to develop effective control and prevention 
strategies.3 

In the context of Indonesia, TB poses a significant 
burden on public health. Indonesia ranks third 
among the world's highest TB-burden countries, 
with an estimated incidence rate of 845,000 in 2020, 
with 357,199 new cases reported and 13,947 
deaths. However, the number of reported cases re-
mains far below the incidence estimated by WHO. 
Challenges persist in diagnosing and treating the 
disease, with 28% of tuberculosis cases remaining 
undiagnosed and only 34% receiving successful 
treatment.4 The country's population diversity, ur-
banization, and socioeconomic disparities contrib-
ute to the complex dynamics of TB transmission and 
its spatial distribution.5-7 

South Sulawesi, specifically the city of Makassar, 
represents an important area for TB research due to 
its high population density and its role as a regional 
economic and transportation hub. Despite efforts to 
control TB in the region, the incidence of TB still 
High it was 27 per 10,000 population.8,9 It is essen-
tial to comprehend the spatio-temporal patterns of 
tuberculosis in Makassar in order to identify high-
risk areas., predicting disease trends, and imple-
menting targeted interventions.10 

Previous research has explored the social determi-
nants of TB, highlighting factors such as poverty, 
malnutrition, overcrowding, and limited access to 
healthcare as significant contributors to TB trans-
mission and prevalence.11-13 However, there remains 
a research gap in understanding the spatio-temporal 
patterns of TB and investigated how these factors 
intersect with spatial dynamics at village level in ur-
ban setting in Makassar city. 

Integrating geographical information systems (GIS) 
and epidemiological methods, this research will en-
hance our understanding of the spatial distribution 
of TB cases, identify high-risk areas, and explore the 
drivers of transmission.14,15 It was hypothesized that 
TB clusters would be concentrated in urban regions 
with high population density. 

 

METHODOLOGY 

Study Design: An Ecological study was performed to 
investigate the dynamics of the spatio-temporal TB 

clusters in Makassar 2022. The study population in-
cluded all smear-positive TB patients who were reg-
istered at The Indonesia national tuberculosis infor-
mation system, Sistem Informasi Tuberkulosis (SITB) 
between January-December 2022, yielding a total of 
3,977 cases. A total sampling was adopted to maxim-
ize statistical power, avoid potential selection bias, 
and ensure comprehensive cluster detection. 

Study Setting: This study encompasses all of Makas-
sar City, which is divided into 15 sub-districts with 
153 villages. Minor islands were left out from sample 
due to their small population size (less than 1% of 
city’s total population) and geographic isolation from 
the mainland. The sample included all study popula-
tion with an accurate address, who had not moved to 
another place and who were still alive. 

Geographical distribution of TB Incidence: Figure 
1 presents descriptive data and references for the 
variables employed in the analysis. The annual tu-
berculosis incidence rate for administrative village-
level entities is utilized as the dependent variable. 
The annual incidence rate is determined by dividing 
the number of new TB cases by the population size of 
each geographical unit from the statistics Makassar 
database. The equation is as follows:  

Incidence Rate=
୘୭୲ୟ୪ ୬ୣ୵ ୢ୧ୱୣୟୱୣ ୡୟୱୣୱ ୢ୳୰୧୬୥ ୥୧୴ୣ୬ ୮ୣ୰୧୭ୢ

୘୭୲ୟ୪ ୮୭୮୳୪ୟ୲୧୭୬ ୟ୲ ୰୧ୱ୩ ୢ୳୰୧୬୥ ୲୦ୣ ୱୟ୫ୣ ୮ୣ୰୧୭ୢ
 × 10,000 

The annual incidence was subsequently depicted in a 
panel of choropleth maps that were generated using 
Quantum GIS (QGIS 3.28). 

Spatio-Temporal analysis: Spatial scan statistic of 
Kulldorff was applied in space-time cluster analysis 
to identify TB cluster locations. The analysis has been 
widely used in epidemiological studies of TB.16,17 In 
this study, we specified a maximum spatial scanning 
window of 50% of the population at risk and a max-
imum temporal window of 50% of the study period. 
The analysis employed a space-time permutation 
model, which is appropriate for detecting clusters 
without requiring population-at-risk data. for the 
purpose of preventative and control measures. The 
hotspot analysis, which measures the presence of 
spatial autocorrelation, was used to evaluate these 
TB-risk areas in more detail. They were then ana-
lyzed with the space-time permutation model using 
the SaTScan™ version 10.18 

Autocorrelation Analysis: The spatial autocorrela-
tion technique is employed to gauge the level of in-
terconnectedness among geographic data within a 
specific area and other similar data sets. This method 
encompasses two distinct categories: global spatial 
autocorrelation, which assesses the extent of spatial 
aggregation and correlation, and for detect High-high 
clusters groups, Low-low clusters, and spatial outli-
ers (High-low and Low-high) was using Anselin's Lo-
cal Moran's I (ALMI). A queen contiguity spatial 
weights matrix was applied in the analysis to define 
neighbourhood relationships between areas. Statisti-
cal significance for Local Moran’s I was tested using 
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999 random permutations. All analyses were con-
ducted using GeoDa software version 1.20.19,20 

Ethical Considerations: Ethical clearance was ob-
tained from the Faculty of Public Health of Hasanud-

din University Health Research Ethical Committee 
No: 3604/UN4.14.1/TP.01.02/2023. All data used in 
this study were anonymized and aggregated prior to 
analysis to ensure the protection of patient privacy. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Distribution of TB Incidence in Makassar by Village 
 

RESULTS 

Spatio-Temporal Analysis: A total of 3,977 TB cases 
was reported in Makassar during 2022 with IR of 
28.04 per 10,000 population. Figure 2 illustrates the 
identification of two statistically significant space-
time clusters of Tuberculosis. A radius of less than 
three kilometres around the two groups. Between Ju-
ly and December 2022, the largest cluster (most like-
ly cluster) was found in the middle-west of Makassar, 
with a relative risk of (RR) 1.50 (p<0.001) with LLR 
of 38.72, indicating it was the strongest cluster. This 
cluster had 60 contiguous villages in 8 sub-districts 
in Makassar (Ujung Pandang, Wajo, Makassar, 
Bontoala, Tallo, Panakukang, Rappocini and Mariso). 
The secondary cluster was located in the south of 
Makassar and had a relative risk of 1.41 (p=0.0015) 
with LLR of 15.10. The cluster occurred between Au-
gust and December 2022. The second cluster had 16 
contigous villages. The location in Tamalate, Mama-
jang and Rappocini sub-district (Table 1).  

Autocorrelation analysis: The Global Moran’s I sta-
tistic for tuberculosis incidence in Makassar in 2022 
was 0.185 (p = 0.001), indicating a statistically signif-
icant positive spatial autocorrelation. The Anselin 

Local Moran’s I analysis further identified 14 statisti-
cally significant hotspots (p < 0.05) located in the 
central-western region of Makassar. In addition, one 
high-low outlier (p<0.05) was observed in Antang 
Village, Manggala sub-district. The village has high 
TB cases but is surrounded by areas that have low 
cases (See Figure 3). 

The spatio-temporal analysis of tuberculosis cases in 
Makassar uncovered significant discoveries. The 
middle-west region of Makassar had the highest TB 
incidence, indicating a greater burden of tuberculosis 
in that area compared to other regions21,22 . Further-
more, two significant space-time clusters of tubercu-
losis were identified in Makassar City. The first clus-
ter was located in the middle-west region and the 
second cluster in the south of Makassar. These clus-
ters had higher relative risks, indicating a higher like-
lihood of TB cases occurring within those areas. 

Overlay Population Density and Cluster Area: Fig-
ure 4 show spatial overlay between TB cluster areas 
and population density. Population density data were 
obtained from Statistics Indonesia 23. The findings of 
this research have revealed a notable pattern, areas 
with elevated population density tend to exhibit a 
greater concentration of TB cases. 

 
Table 1: Significant space time cluster of Tuberculosis incidence in Makassar City, South Sulawesi 2022 

Period Villages 
(number) 

Lenght 
of Radius 

Observed 
Cases 

Expected 
Cases 

RR LLR P value 

July-December 2022 60 2.24 km 618 435.19 1.50 38.72 <0.001 
August-December 2022 16 2.15 km 311 226.40 1.41 15.10 0.0015 
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Figure 2: Space time cluster of Tuberculosis Incidence in Makassar City, South Sulawesi, 2022 
 

 

Figure 3: Cluster Incidence Map of Tuberculosis Incidence in Makassar City, South Sulawesi, 2022 
 

 

Figure 4: Overlay cluster of Tuberculosis with Population Density in Makassar City, South Sulawesi, 
2022 
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The results of simple linear regression show that 
there is an effect of population density on the in-
crease in Tuberculosis incidence in Makassar City 
with an R-Squared value of 0.040 or 4.0% with p-
value (<0.001). This shows that population density 
contributes 4% to the increase in TB incidence, and 
the rest is likely caused by other factors. This obser-
vation is consistent with the known transmission dy-
namics of TB, where prolonged close contact be-
tween individuals increases the likelihood of infec-
tion, and crowded living conditions. 
 

DISCUSSION 

This study applied spatial and space-time analysis to 
identify and understand the geographic and tem-
poral distribution of tuberculosis (TB) cases in Ma-
kassar City during 2022. The results revealed the 
presence of two statistically significant space-time 
clusters: a primary cluster located in the central-
western region and a secondary cluster in the south-
ern part of the city. These clusters suggest the pres-
ence of localized TB transmission, possibly influ-
enced by environmental or sociodemographic fac-
tors.13,24 The high relative risk observed in both 
clusters, underlines the urgent need for geograph-
ically targeted public health interventions in these 
high-burden areas. 

The spatial autocorrelation analysis further support-
ed the clustering findings, with fourteen villages in 
the central-western part of Makassar identified as 
significant hotspots. This spatial concentration indi-
cates that TB cases are not randomly distributed but 
are geographically correlated, likely driven by shared 
risk factors such as overcrowded living conditions, 
inadequate ventilation, or poor access to healthcare 
services. Moreover, the identification of a high-low 
spatial outlier in Antang village suggests that there 
may be unique, localized drivers of TB that deviate 
from broader trends, warranting further micro-level 
investigation. Similar patterns of spatial clustering 
have been documented in urban settings in other 
countries, such as in Thailand, Korea, and Zimbabwe, 
where TB hotspots were associated with population 
growth rate and socioeconomic deprivation.25-27 
However, unlike the studies in Thailand and Zimba-
bwe, this research did not incorporate direct 
measures of socioeconomic deprivation, limiting 
comparison on this dimension. 

The overlay analysis between TB cluster areas and 
population density further demonstrated that high-
density neighbourhoods tend to exhibit higher TB in-
cidence. Although the simple linear regression yield-
ed a low R-squared value (4.0%), indicating a weak 
overall correlation, the spatial co-location of high-
density zones and TB clusters suggests that popula-
tion density may still act as an enabling factor for 
transmission. This aligns with previous research in 
Brazil and Guinea-Bissau28,29, which found that high-
density environments contribute to increased TB risk 

through mechanisms such as sustained close contact 
and poor housing conditions. 

However, the limited variance explained by popula-
tion density alone underscores the multifactorial na-
ture of TB transmission. clustering analysis did not 
account for potential covariates, such as socioeco-
nomic status or healthcare access, which may con-
found the observed patterns. Second, the use of ag-
gregated data at the village level introduces the pos-
sibility of ecological fallacy, where associations 
observed at the group level may not reflect individu-
al-level risk. Lastly, while spatial and temporal clus-
tering suggests possible local transmission, this 
study did not include molecular epidemiology to con-
firm transmission pathways. This calls for future re-
search to incorporate more comprehensive multivar-
iate spatial models such as Geographically Weighted 
Regression (GWR) or Bayesian spatial models, to bet-
ter understand the complex interplay of determi-
nants of TB in Urban area.30-32 

In summary, this study highlights the value of spatial 
and spatio-temporal analyses in detecting high-risk 
areas for TB and informing geographically targeted 
public health strategies in Makassar, South Sulawesi 
Indonesia. The findings emphasize the need for in-
tensified TB control efforts in identified hotspot re-
gions, as well as further investigation into local con-
textual factors influencing disease transmission. In-
tegration of spatial evidence into routine surveillance 
and urban health planning could enhance the effec-
tiveness of TB control programs in Makassar and 
similar urban settings. 
 

CONCLUSION 

This study highlights the spatial concentration of tu-
berculosis (TB) in Makassar, particularly in the Mid-
dle West region where population density is highest. 
The presence of statistically significant clusters sug-
gests persistent local transmission that requires im-
mediate public health attention. Beyond identifying 
these high-risk zones, the findings underscore the 
need for context-specific interventions. Authorities 
should prioritize active case finding in the 60 clus-
tered villages, strengthen contact tracing, and inte-
grate community-based screening with primary 
health care services. In parallel, addressing structural 
factors such as overcrowding, poor housing condi-
tions, and limited access to timely diagnosis will be 
essential to reduce transmission. Incorporating spa-
tial evidence into TB control planning provides an 
opportunity to allocate resources more efficiently 
and enhance the impact of ongoing elimination ef-
forts. 
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