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Introduction: Tuberculosis (TB) remains a critical public health issue, particularly in 

high-incidence regions like Aceh Province, Indonesia. This study aimed to estimate the 

Relative Risk (RR) and analyze significant differences in the temporal distribution of TB 

cases across Aceh Province. 

Methods: A time-series ecological study was conducted using TB case and population 

data from 23 districts/cities in Aceh Province between 2016 and 2022. Data were analyzed 

using R software, applying descriptive and inferential statistics. The Standardized 

Morbidity Ratio (SMR) method estimates RR and is categorized into five risk levels. The 

Kolmogorov-Smirnov test assessed data normality, guiding the selection of statistical 

tests. The Friedman and Wilcoxon Signed-Rank tests examined differences in TB case 

distribution trends. 

Results: Significant spatial and temporal variations in TB risk were identified. Districts 

such as Banda Aceh (RR = 2.29–2.13) and Lhokseumawe (RR = 1.89–2.21) consistently 

demonstrated high RR from 2016 to 2022, reflecting persistent TB transmission. A general 

upward trend in TB cases was observed across districts, with significant spatial variation 

(p < 0.001), highlighting a worsening TB burden. 

Conclusions: The study emphasizes the urgent need for targeted public health 

interventions tailored to TB's unique spatial and temporal dynamics in Aceh Province, 

Indonesia. Applying SMR and robust statistical analyses provides valuable insights to 

inform localized TB control policies and strengthen management strategies in high-burden 

areas. 
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INTRODUCTION  
Tuberculosis (TB) is an infectious disease caused by Mycobacterium tuberculosis (M.tb). An estimated 

quarter of the world's population has been infected with TB. Adults account for 89% of cases, 56.5% men, and 32.5% 

women, while children comprise 11%. TB remains the leading cause of death after HIV/AIDS and consistently ranks 

among the top 20 causes of mortality worldwide. The majority of TB-related deaths occur in India, Indonesia, 

Myanmar, and the Philippines (1). Indonesia ranks as the second highest in TB cases globally, following India, 

accounting for 10% of the world's cases. In 2022, the TB incidence rate increased to 385 per 100,000 population, up 

from 354 per 100,000 in 2021, with a mortality rate of 49 per 100,000. By 2023, TB cases surged to 821,200 from 

677,464 in 2022 (2). 

In Aceh Province, one of the Provinces in Indonesia with one of the highest TB incidence rates, only 36.12% 

of the 10,896 TB cases reported in 2022 received standardized treatment. The pulmonary TB cure rate confirmed by 

bacteriology was 26.8%, while the complete treatment and success rates were 74.7% and 89.2%, respectively, with a 

mortality rate of 3.9%. These statistics underscore the significant challenges in managing TB in Aceh, exacerbated 

by limited healthcare access and high poverty rates (3,4). 

Aceh Province’s high TB burden is driven by intersecting challenges, including dense urban populations, 

limited healthcare infrastructure, persistent poverty, and low treatment adherence, which collectively exacerbate 

transmission and complicate control efforts (5). 

In light of these conditions, estimating the Relative Risk (RR) of TB across Aceh's districts is crucial to 

understanding risk variations, identifying high-risk areas, evaluating the effectiveness of interventions, monitoring 

trends, and refining public health strategies for TB control. RR, an epidemiological metric, quantifies the risk of 

disease occurrence in an exposed group relative to an unexposed group (6). RR is a metric used to compare the 

likelihood of disease occurrence and is a critical tool for understanding and mitigating health risks. RR estimation is 

one of the most important issues in disease mapping. One of the several methods used to estimate RR is the 

Standardized Morbidity Ratios (SMR) method. SMR values can be used as an approximation of RR (7). 

Recent studies estimate RR using the SMR method approach, such as those by (8), highlighting the uneven 

distribution of TB across Indonesia, showing that urban centers like DKI Jakarta face higher TB risks than other 

areas. This variation underscores the complexity of TB control efforts. Similarly, (9) identified significant differences 

in TB risks within Kedah, emphasizing region-specific data's importance in optimizing interventions. The absence of 

detailed, localized TB data in high-prevalence regions like Aceh undermines the effectiveness of targeted public 

health interventions. 

While previous studies in Indonesia have explored spatial or temporal TB trends in isolation, few have 

integrated both dimensions to assess dynamic risk patterns in high-burden regions like Aceh. This study addresses 

this gap by combining time-series ecological design with spatial RR estimation, offering a novel framework for 

understanding localized TB transmission dynamics. Such dual-dimensional analysis is critical for identifying 

persistent high-risk areas and evaluating intervention efficacy over time, a methodological advance not yet applied 

in Aceh’s context.To bridge this gap, it is essential to conduct a detailed analysis of spatial and temporal TB variations 

at the district level using precise epidemiological tools. This approach will help identify trends and variations that 

can enhance TB control strategies (10,11). 

Based on previous methodologies, this study employs SMR methods to estimate the RR for detailed risk 

assessment and different tests to examine temporal trends in TB case distributions to understand the effectiveness of 

public health interventions and fluctuations in TB cases. This dual approach is effective in discerning both spatial and 

temporal patterns in disease prevalence, thereby offering a robust framework for understanding and mitigating TB 

risks effectively. Previous studies have established methods to assess TB risk, but there are still significant gaps in 

micro-level application, especially in high-burden areas such as Aceh. Many studies lack the detailed and time-

specific analysis essential to identify dynamic patterns and facilitate timely interventions. 

This study aims to estimate the RR and analyze whether there are significant differences in the distribution 

trend of TB cases in Aceh Province from 2016 to 2022. This study offers novel insights into TB's local spatial and 

temporal dynamics. The result of this study will support the development of tailored public health policies and 

enhance TB management strategies in Aceh, potentially serving as a model for other high-burden areas. The study 

hypothesizes significant variations in TB risk across districts and over time, contributing novel insights to TB 
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epidemiology with implications for both policy and practice. This study contributes to the existing body of knowledge 

on TB distribution in high-incidence areas and provides a methodological framework that can be adapted to similar 

public health challenges in other regions. 

 

METHOD  

Study Design, Variables, and Data Source 

This study utilized A time-series ecological study, examining data in Aceh Province as one of the highest TB 

incidence rates. A time-series ecological study is particularly effective for identifying and analyzing temporal trends 

and associations within historical data sets, making it ideal for assessing the temporal dynamics of TB cases in a 

defined population (12). This study will analyze TB cases and population data across 23 districts/cities in Aceh 

Province from 2016 to 2022. The annual secondary data will be sourced from the Aceh Health Profile Report from 

2017-2023. 

 

Software and Stage of Data Analysis 

Data analysis was performed using R-4.4.2. This open-source software was chosen for its robust capabilities 

in handling data pre-processing and complex statistical operations (13,14). To analyze the data, the study calculated 

descriptive statistics. It is to provide a clear and concise summary of the data set, enabling readers to quickly 

understand the key characteristics and trends within the data (15,16). Furthermore, the study applied the SMR method 

to estimate RR. The SMR compared the case number of diseases with an expected case number obtained by applying 

the standard rates (17). RR classification spans five categories: 0 ≤ RR < 0.5 signifies a very low relative risk of 

disease spread in a region, 0.5 ≤ RR < 1 indicates low risk, 1 ≤ RR < 1.5 denotes moderate risk, 1.5 ≤ RR < 2 suggests 

high risk, and RR ≥ 2 signals very high risk (18,19). The RR for the most recent year was visualized using thematic 

disease mapping. 

The study also conducted inferential statistics beginning with normality testing using the Kolmogorov-

Smirnov test. It aims to assess the normality of the data distribution and select the appropriate statistical test, either a 

parametric or nonparametric test (20). If the TB cases for each year are normally distributed, Analysis of Variance 

(ANOVA) as a parametric method would be employed, followed by a Bonferroni test as a post hoc test. If not normally 

distributed, the Friedman test as the nonparametric test would be used, followed by the Wilcoxon Signed-Rank test 

as a post-hoc test. 

The synergy of spatial mapping and time-series RR estimation represents a novel advancement in TB 

surveillance. Unlike conventional disease mapping, this dual approach identifies not only high-risk locations but also 

persistent temporal hotspots, enabling precision-targeted resource allocation. 

 

Ethical Approval 

Ethical approval was not required as this study analysed aggregated, anonymized secondary data from public 

health reports, consistent with institutional review guidelines exempting non-human participant research. 

 

RESULTS  
Descriptive analysis provides an overview of the data being analysed (21). Table 1 highlights significant 

variations in TB cases across 23 districts in Aceh Province from 2016 to 2022, revealing differences in absolute 

numbers and population size fluctuations. North Aceh, Bireuen, and Banda Aceh reported high TB cases, with North 

Aceh peaking at 1,282 cases with a mean of 865. The large standard deviation indicates variability, possibly due to 

outbreaks or inconsistent interventions. In contrast, districts like Sabang and Bener Meriah had fewer cases with less 

variability. Population data in North Aceh ranged from 593,492 to 619,407, while smaller districts like Sabang ranged 

from 33,622 to 43,208. Expected TB cases are detailed in Table 2. 
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Table 1. Summary statistics on the number of TB cases and Population in Aceh Province 2016-2022 

No District/city 
TB Cases Population 

Min Max Mean SD IQR Min Max Mean SD IQR 

1 Simeulue 80 203 158 47 66 90,291 94,876 92,684 1,518 1,613 

2 Aceh Singkil 67 228 161 60 77 116,712 130,787 123,953 5,007 6,864 

3 South Aceh 246 747 397 165 94 228,603 238,081 23,402 3,311 4,092 

4 Southeast Aceh 58 345 164 93 72 204,468 228,308 216,450 8,585 12,041 

5 East Aceh 370 813 541 159 203 411,279 436,081 425,258 8,356 9,211 

6 Central Aceh 136 266 179 43 31 200,412 222,673 211,802 7,933 10,741 

7 West Aceh 184 311 238 50 77 197,921 210,113 202,551 4,274 4,757 

8 Aceh Besar 326 483 391 55 72 400,913 425,216 411,727 8,038 8,574 

9 Pidie 463 1144 669 245 272 425,974 444,976 437,408 6,745 8,015 

10 Bireuen 418 876 739 154 110 436,418 471,635 450,042 12,799 15,768 

11 North Aceh 175 1,282 865 380 415 593,492 619,407 607,490 8,674 10,364 

12 Southwest Aceh 18 484 227 141 81 143,312 155,046 149,431 4,033 4,798 

13 Gayo Lues 105 226 176 40 41 89,500 103,131 95,856 5,344 8,504 

14 Aceh Tamiang 150 573 371 144 175 282,921 301,492 292,774 6,313 7,207 

15 Nagan Raya 123 373 211 87 64 158,223 173,393 166,244 5,281 6,586 

16 Aceh Jaya 101 212 151 38 42 87,622 96,028 92,118 2,881 3,436 

17 Bener Meriah 23 104 70 27 27 139,890 168,690 152,890 11,661 19,126 

18 Pidie Jaya 65 199 137 51 76 151,472 162,771 158,153 3,903 4,328 

19 Banda Aceh 379 1.108 738 251 301 252,899 270,321 259,402 6,283 7,546 

20 Sabang 9 48 25 13 16 33,622 43,208 37,645 4,279 7,357 

21 Langsa 241 485 342 103 177 168,820 192,630 179,857 9,240 14,479 

22 Lhokseumawe 293 853 529 207 291 188,713 207,202 19,639 7,048 10,464 

23 Subulussalam 72 371 191 92 50 77,084 95,199 85,152 7,456 12,241 

 

Table 2 highlights the expected TB cases over seven years, revealing a steady increase across most districts. 

North Aceh, consistently reporting the highest numbers, saw cases rise from 591 in 2016 to 1,238 in 2022. Similar 

trends are observed in Pidie and Bireuen, with cases increasing from 424 and 442 in 2016 to 896 and 894 in 2022, 

respectively. Smaller districts like Sabang and Simeulue also show rising trends, though with lower absolute numbers, 

suggesting the need for sustained or intensified TB control measures. 

Further, Table 3 presents the estimated RR values calculated using the SMR method for 2016-2022. Table 3 

reveals significant temporal and spatial variations in TB risk. Over these seven years, RR values varied widely across 

districts. Banda Aceh consistently exhibited alarmingly high RR values, peaking at 2.291 in 2019, indicating 

persistent challenges in TB control due to factors such as high population density, urbanization, and inadequate public 

health infrastructure. Similarly, Lhokseumawe showed high RR values, with a peak of 2.30 in 2021, suggesting 

ongoing TB transmission issues requiring urgent public health interventions. 

In contrast, districts with lower population densities displayed more variable RR values. For instance, 

Simeulue's RR decreased from 1.636 in 2016 to 1.051 in 2022, indicating some improvement in TB control, though 

the district remains at moderate risk. Aceh Singkil followed a similar trend, with RR values declining from high to 

moderate. These fluctuations suggest that while progress has been made, continued efforts are essential to maintain 

and further reduce TB risk in these areas. The SMR method for RR estimation, widely used in disease mapping, is 

visually represented in Figure 1. 

 
Table 2. Expected TB cases by District/City in Aceh Province, 2016-2022 

No District/City 
Years 

2016 2017 2018 2019 2020 2021 2022 

1 Simeulue 90 129 148 150 107 126 191 

2 Aceh Singkil 116 169 195 200 146 173 264 

3 South Aceh 228 328 377 383 268 315 478 

4 Southeast Aceh 203 295 341 349 255 301 460 
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No District/City 
Years 

2016 2017 2018 2019 2020 2021 2022 

5 East Aceh 409 594 686 702 488 574 872 

6 Central Aceh 199 289 334 342 249 294 449 

7 West Aceh 197 285 330 338 229 270 409 

8 Aceh Besar 399 579 669 685 468 551 835 

9 Pidie 424 612 704 716 503 591 896 

10 Bireuen 442 641 741 759 504 591 894 

11 North Aceh 591 852 981 997 696 817 1,238 

12 Southwest Aceh 143 206 238 242 174 205 312 

13 Gayo Lues 89 129 149 151 115 136 208 

14 Aceh Tamiang 282 406 467 475 340 400 607 

15 Nagan Raya 157 228 264 269 194 229 349 

16 Aceh Jaya 87 127 146 150 108 127 193 

17 Bener Meriah 139 202 233 239 186 221 340 

18 Pidie Jaya 151 219 254 260 183 216 328 

19 Banda Aceh 254 368 425 435 292 343 519 

20 Sabang 33 48 55 56 48 57 87 

21 Langsa 168 243 280 285 215 254 388 

22 Lhokseumawe 194 282 326 334 218 255 386 

23 Subulussalam 77 111 129 131 105 125 192 

 

In this analysis, the first step of inferential statistics before conducting a difference test is to ensure data 

distribution on the number of TB cases each year. The normality test results using Kolmogorov-Smirnov showed that 

the TB case data from 2016 to 2022 did not follow a normal distribution for each year of observation (p-value = 

0.000). Based on these results, the Friedman test, a nonparametric method, was chosen to analyze the differences in 

the overall distribution of TB cases from 2016 to 2022. The Friedman Test results indicated a significant difference 

in the distribution of TB cases across the years of observation (p-value = 0.000). 

 

Table 3. Estimated RR of TB cases in Aceh Province in 2016-2022 

No District/City 
Years 

2016 2017 2018 2019 2020 2021 2022 

1 Simeulue 1.64 1.56 1.37 0.83 1.39 0.64 1.05 

2 Aceh Singkil 1.34 1.35 0.92 1.04 0.65 0.39 0.74 

3 South Aceh 1.08 1.01 1.02 0.98 1.05 1.32 1.56 

4 Southeast Aceh 1.00 0.54 0.26 0.37 0.23 0.53 0.75 

5 East Aceh 0.99 0.69 0.54 0.81 1.18 1.13 0.93 

6 Central Aceh 0.80 0.47 0.52 0.53 0.76 0.50 0.59 

7 West Aceh 0.94 0.74 0.69 0.92 1.13 0.68 0.71 

8 Aceh Besar 0.82 0.66 0.72 0.60 0.74 0.65 0.52 

9 Pidie 1.09 0.79 0.70 1.12 1.17 1.22 1.28 

10 Bireuen 0.95 1.14 1.12 1.12 1.47 1.23 0.98 

11 North Aceh 0.30 1.50 1.27 0.90 1.10 0.82 0.82 

12 Southwest Aceh 0.13 0.71 2.04 0.83 1.33 1.20 0.84 

13 Gayo Lues 2.18 1.53 1.11 1.31 0.91 1.10 1.09 
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No District/City 
Years 

2016 2017 2018 2019 2020 2021 2022 

14 Aceh Tamiang 0.53 0.71 1.23 0.90 0.76 1.12 0.74 

15 Nagan Raya 1.02 0.77 0.68 1.06 0.63 0.79 1.07 

16 Aceh Jaya 1.16 1.09 1.27 1.42 1.44 0.95 0.74 

17 Bener Meriah 0.53 0.29 0.10 0.28 0.54 0.28 0.31 

18 Pidie Jaya 0.70 0.74 0.70 0.77 0.36 0.39 0.49 

19 Banda Aceh 2.2 2.15 1.67 2.29 1.30 1.76 2.13 

20 Sabang 0.36 1.00 0.58 0.53 0.38 0.16 0.32 

21 Langsa 1.43 1.05 1.60 1.44 1.16 1.20 1.25 

22 Lhokseumawe 1.89 1.17 2.08 1.79 1.35 2.30 2.21 

23 Subulussalam 2.40 1.83 1.03 1.33 0.69 1.62 1.93 

 

 
Figure 1. Disease Mapping of RR for TB cases in Aceh Province, 2022 

 

Furthermore, the Wilcoxon Signed-Rank test was applied to identify differences in the distribution of TB 

cases between adjacent years. The analysis results showed significant differences in the distribution of TB cases 

between 2016 and 2017, 2019 and 2020, and 2020 and 2021, with p-values of 0.002, 0.000, and 0.000, respectively. 

In contrast, no significant differences were found between 2017 and 2018, 2018 and 2019, and 2020 and 2021, with 

p-values of 0.260, 0.520, and 0.073, respectively, greater than the α = 5% significance level. A visualization of the 
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results of this comparison test can be seen in Figure 2, which further explains the differences in the distribution of 

TB cases in Aceh Province over the period analyzed. 

 

 
Figure 2. Visualization of the Difference Test for TB cases in Aceh Province 2016-2022 

 

 

DISCUSSION 
The SMR based RR estimation and disease-mapping methods contribute to knowledge on TB distribution in 

high-incidence areas and provide a methodological framework that can be adapted to similar public health; for 

instance, it can be adapted into user-friendly digital dashboards for local health authorities. Such tools, integrated 

with real-time data, can visualize high-risk areas and prioritize interventions, as demonstrated in similar settings (22). 

Key findings revealed significant spatial and temporal variations in TB risk across the districts. Higher TB 

risks were consistently observed in urban centers like Banda Aceh and Lhokseumawe, underscoring the challenge of 

TB control in densely populated areas. The study results align with previous studies showing that urban centers 

exhibit higher TB risks due to factors such as high population density and mobility. These characteristics create an 

environment conducive to the spread of TB, making urban areas particularly vulnerable to outbreaks. High population 

density is a significant driver of TB transmission. The study indicates that areas with elevated population density 

often exhibit crowded living conditions, facilitating the spread of TB. For instance, crowded living areas, often found 

in urban settings, contribute to the rapid transmission of TB, especially when sanitation and nutrition are poor (23). 

There is a strong positive correlation between population density and TB incidence (24). 

Further, mobility is another critical factor that enhances TB transmission in urban centers. The constant 

movement of people within and between cities can introduce new strains of M.tb, complicating control efforts. For 

instance, the study highlights that urban migration patterns can significantly influence TB mortality rates, particularly 

in informal settlements where healthcare access is limited (25). This mobility facilitates the spread of TB and 

complicates the epidemiological landscape, making it challenging to track and manage outbreaks effectively (26,27). 

However, our study extends these findings by demonstrating that even less populated districts in Aceh show 

fluctuating TB risks over time, suggesting that local health interventions and socioeconomic factors also play critical 

roles. Low-income populations face compounded barriers, including financial constraints, distance to healthcare 

facilities, and low health literacy, delaying diagnosis and treatment. Poverty also correlates with malnutrition and 

overcrowded housing, amplifying transmission risks (28,29). The persistent high risk in specific districts indicates 

potential gaps in public health infrastructure and a lack of implementation of TB management strategies that need 

addressing (30,31). The lack of access to healthcare services in regions with TB disease can lead to delays in diagnosis 
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and treatment, allowing the disease to spread unchecked (32). Access to healthcare services is another significant 

barrier to effective TB management. Individuals living in rural areas often face challenges in accessing healthcare 

facilities that provide TB diagnostic services, leading to increased patient delays (33). This lack of access is 

compounded by lower health literacy in these populations, which can result in poorer health outcomes. Similarly, the 

study result of (34) indicates that social and demographic factors, including living in urban slums, can further hinder 

timely healthcare access and contribute to delays in TB diagnosis and treatment initiation. 

The study's findings are primarily generalizable to regions similar to Aceh, where a high TB burden coexists 

with varied access to healthcare and public health infrastructure. While the specific RR values and trends differ, the 

methodology and the observed impact of socioeconomic factors on TB distribution could apply to other high-burden 

provinces in Indonesia and similar settings globally. This study contributes to epidemiological theories by supporting 

the notion that TB distribution is multifactorial, influenced not just by biological factors but also by socioeconomic 

and environmental factors. Urban slums in districts/cities with high TB RR, e.g., Banda Aceh Lhokseumawe, lack 

sanitation infrastructure, fostering TB transmission. Limited education further reduces health-seeking behavior, as 

seen in low treatment adherence rates (35–37). It highlights the dynamic nature of TB risk, suggesting that continuous 

monitoring and adaptable public health strategies are crucial for effective TB control (38). 

The findings highlight the need for further research into factors driving high TB risks in urban and rural 

settings, particularly the impact of targeted interventions and socioeconomic changes like urbanization and migration. 

Future studies should assess these influences to refine TB control strategies. Community-based TB control should 

prioritize training local health workers to conduct door-to-door screenings and education campaigns in high-risk 

areas. Mobile clinics offering free diagnostics and treatment and stigma-reduction programs have proven effective in 

similar high-burden regions. Integrating these strategies with Indonesia's existing Posyandu (community health post) 

network could enhance reach and sustainability. Practically, policymakers and practitioners must prioritize 

interventions in high-risk areas, tailoring strategy to specific regional challenges while enhancing surveillance, 

community engagement, and TB care accessibility (39). A localized approach is essential, with policies focused on 

strengthening healthcare infrastructure and integrating TB control with broader public health initiatives to address 

socioeconomic determinants. Further, the main limitations of this study include its reliance on secondary data in 

where the potential for underreporting and variability in data quality across districts could bias the RR estimates. 

This study advances TB risk modelling by demonstrating how spatial-temporal integration refines 

epidemiological insights beyond traditional unidimensional analyses. The Aceh model, combining SMR-based RR 

with geospatial mapping, provides a replicable framework for LMICs grappling with heterogeneous TB burdens. 

  

CONCLUSION 

This study contributes to disease mapping methodology by demonstrating the utility of integrated spatial-

temporal analysis in resource-limited settings. Our approach offers a scalable model for regional policy formulation, 

aligning with global TB elimination targets while addressing localized epidemiological complexities. Furthermore, 

this study provides critical insights into the spatial and temporal dynamics of TB disease in Aceh Province, 

highlighting significant intra-regional variations in TB risk. These findings reinforce the need for region-specific TB 

control strategies considering local health, social, and economic factors. The use of SMR for estimating RR and 

different tests as robust statistical analyses proved effective and could be instrumental in other epidemiological studies 

aiming to improve disease control and public health outcomes. The originality of this work lies in its detailed analysis 

of a prolonged period and its implications for improving targeted public health interventions in high-burden TB areas. 
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