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SUMMARY 

Background: The global distribution of tuberculosis is skewed heavily toward low-and-middle 

income countries, which accounted for about 87% of all estimated incident cases. Ethiopia is a 

low-income country in east Africa that remains highly afflicted by tuberculosis, with varying 

degrees of magnitudes across settings. However, there is a dearth of studies clarifying about the 

spatial epidemiology of the disease in Ethiopia. Lack of such information may contribute to the 

partial effectiveness of tuberculosis control programs. 

Objectives: The specific objectives of this study were: 1) to detect spatial and space-time 

clustering of tuberculosis, 2) to estimate spatial risk of tuberculosis distribution using limited 

spatial datasets, and 3) to identify ecological factors affecting spatial distribution of tuberculosis 

in Gurage Zone, Southern Ethiopia.  

Methods: The study data were obtained from different sources. Specific objectives 1 and 3 

included a total of 15,805 tuberculosis patients diagnosed at health facilities in Gurage Zone 

during 2007 to 2016, whereas specific objective 2 included 1,601 patients diagnosed in 2016. 

The geo-location and population data were obtained from the Central Statistical Agency of 

Ethiopia (specific objectives 1-3). The altitude data were extracted from global digital elevation 

model v2 (specific objective 2). The normalized difference vegetation index data were derived 

from the moderate resolution imaging spectroradiometer imagery, and the temperature and 

rainfall data were obtained from the Meteorological Agency of Ethiopia (specific objective 3). 

The global Moran’s I, Kulldorff’s scan and Getis-Ord   
  statistics were used to analyze purely 

spatial and space-time clustering of tuberculosis (specific objective 1). The geostatistical kriging 

approach was applied to estimate the spatial risk of tuberculosis distribution (specific objective 

2). The spatial panel data analysis was used to estimate the effects of ecological factors on spatial 

distribution of tuberculosis prevalence rate (specific objective 3).  

Results: The prevalence of tuberculosis varied from 70.4 to 155.3 cases per 100,000 population 

in the Gurage Zone during 2007 to 2016. Eleven purely spatial clusters (relative risk: 1.36–14.52, 

P-value < 0.001) and three space-time clusters (relative risk: 1.46–2.01, P-value < 0.001) for 

high occurrence of tuberculosis were detected. The clusters were mainly concentrated in border 

areas of the zone. The predictive accuracies of ordinary cokriging models have improved with 

the inclusion of anisotropy, altitude and latitude covariates, the change in detrending pattern 

from local to global, and the increase in size of spatial dataset (mean-standardized error = 0, root-
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mean-square-standardized error = 1, and average-standard error ≈ root-mean-square error). The 

spatial risk of tuberculosis was estimated to be higher (i.e., tuberculosis prevalence rate > 100 

cases per 100,000 population) at western, northwest, southwest and southeast parts of the study 

area, and crossed between high and low at west-central parts. The tuberculosis prevalence rate 

observed in a given kebele was determined by both tuberculosis prevalence rate (spatial 

autoregressive coefficient = 0.83) and unobserved factors (spatial autocorrelation coefficient = -

0.70) in the neighboring kebeles. By controlling the spatial effects, a 1°C rise in temperature was 

associated with an increase in the number of tuberculosis prevalence rate by 0.72, and a 1 person 

per square kilometer increase in population density was related to an increase in the number of 

tuberculosis prevalence rate by 1.19. 

Conclusions: The spatial and space-time clusters for high occurrence of tuberculosis were 

mainly concentrated at border areas of the Gurage Zone. The prevalence rate of tuberculosis in a 

given kebele was determined by both the prevalence rate of tuberculosis and other unobserved 

factors in its neighboring kebeles in the zone, indicating sustained transmission of the disease 

within the communities. The spatial risk of tuberculosis distribution between kebeles in the zone 

was partly explained by spatial variations in temperature, population density, altitude, and 

latitude. The geostatistical kriging approach can be applied to estimate the spatial risk of 

tuberculosis distribution in data limited settings.  

Recommendations: Tuberculosis control programs should consider the cooperation of 

neighboring kebeles in the design and implementation of tuberculosis prevention and control 

strategies to interrupt the chain of disease transmission between the communities. Moreover, the 

designing of locally effective tuberculosis prevention and control strategies should consider 

spatial locations with higher temperature and population density. Further research is required to 

evaluate the effectiveness of geographically targeting tuberculosis prevention and control 

interventions using the inputs from spatial epidemiological methods.  

Keywords: Ecological factors, Geostatistical kriging approach, Purely spatial clusters, Space-

time clusters, Spatial autocorrelation, Spatial epidemiology, Spatial heterogeneity, Spatial panel 

data analysis, Tuberculosis distribution 



1 

 

1. INTRODUCTION 

1.1 Background 

Tuberculosis (TB) is an infectious disease affecting millions worldwide and is caused by the 

Mycobacterium tuberculosis (MTB) complex, with MTB being the most common infecting 

species in humans. Despite intensified efforts to control TB under Directly Observed Treatment-

Short course (DOTS) strategy, the disease continues to place an extraordinary public health, 

financial, and social burden on those afflicted by the disease and their families, and on 

government (1, 2). The global distribution of the disease is skewed heavily toward resource-

limited settings due to inequitable distribution of health services, poor socio-economic 

conditions, co-infection with Human Immunodeficiency Virus (TB/HIV) and emergence of 

Multi-Drug Resistant TB (MDR-TB) (1, 3, 4).  

The Government of Ethiopia initiated a pilot TB control project based on the DOTS strategy in 

the mid of 1992 (5). Since then the program has been subsequently scaled up in the country and 

has reached 100% district and 90% health facility coverage (6). However, studies from northern, 

central and southern Ethiopia have shown that the prevalence of TB ranges from 76 to 189 per 

100,000 population suggesting the spatial distribution of TB is nonrandom and cases are 

clustered at specific-geographical locations (7-10). This calls for an urgent need to identify high-

risk geographical areas that require targeted interventions. 

The recent advancements in spatial statistics and Geographic Information Systems (GIS), and 

increasing availability of public health data from the health facilities, demographic and health 

surveillance sites and national surveys have provided good opportunities for epidemiologists to 

explore the spatial nature of TB, even at smaller administrative levels (9, 11, 12). These 

techniques can be used to assess the local inequalities in TB distribution in Ethiopia, where 

uniform interventions are being implemented across the country (9, 10). Therefore, this study 

attempted to assess the spatial epidemiology of TB in Gurage Zone, Southern Ethiopia. 
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1.2 Statement of the problem 

TB is a major global public health problem. In 2016, there were an estimated 10.4 million 

incident cases and 1.7 million deaths worldwide (1). The rate varied widely among countries 

from under 10 per 100,000 population in most high-income countries to 150-300 in most of the 

30 high TB burden countries, and above 500 in a few countries (1). Africa, home to 13% of the 

world's population, carries 25% of the global burden of TB cases (1). 

Ethiopia is a low-income country in east Africa that remains highly afflicted by TB and is ranked 

among the list of 14 countries with high burden of TB, TB/HIV and MDR-TB (1). In 2016, there 

were an estimated 182,000 incident cases and 30,000 death (1). About 7.6% of the incident cases 

were estimated among people living with HIV in 2016. The MDR-TB cases were estimated to be 

2.7% (95% CI: 1.5-4%) among new TB cases and 14% (95% CI: 5.6-23%) among previously 

treated TB cases (1). Moreover, TB is a leading cause of death among infectious diseases in the 

country (13).  

Several studies have been carried out at district, regional and national levels to investigate the 

epidemiology of TB in Ethiopia (5, 14, 15). Although these studies disclose important 

information for TB control programs, spatial nature of the disease have rarely been taken into 

account. The studies are based on administrative units that may include cases outside of the 

catchment areas or miss cases from their catchment that are enrolled in neighboring health 

facilities. Moreover, most of the studies were conducted in a short period of time, which make 

them deficient in detecting the pattern of the disease distribution over time. Spatial analyses of 

TB may help public health officials discover high-risk geographical locations for targeted 

interventions, identify neighborhood factors affecting TB distribution, explore the transmission 

pattern, and evaluate the impacts of interventions (9, 16). Lack of such information may 

contribute for the partial effectiveness of TB control programs in Ethiopia (9, 10). 

The spatial distribution of TB at a given geographic area can be affected by the spatial 

heterogeneity of underlying ecological factors, like climatic, socioeconomic and environmental 

factors (11, 17). Geographically-diverse literatures have revealed that the ecological factors 

affecting spatial distribution of TB in one region may not be the same as those in another region 

(11, 17, 18). This spatial heterogeneity proves the place-specific nature of the risk factors. 
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However, most previous studies did not incorporate the spatial effects of the factors into 

statistical modeling of TB distribution in Ethiopia (9, 10, 12). This might bias the estimation 

results, and finally could lead to wrong public health policy formulation. 

This study attempted to detect spatial and space-time clustering of TB, estimate spatial risk of 

TB distribution using limited spatial datasets, and identify ecological factors affecting spatial 

distribution of TB in Gurage Zone, southern Ethiopia. The findings may help local public health 

authorities as a guide for planning, budgeting and resource mobilization.  

1.3 Rationale and significance 

Within the context of Sustainable Development Goal 3, the World Health Organization (WHO) 

defined the End TB Strategy 2016-2035—an ambitious framework for ending the global TB 

epidemic by 2035. It calls for spatial analysis of TB data to assess within-country inequalities, 

with findings used to identify geographical areas where progress is lagging and greater attention 

is needed (1). Moreover, epidemiological evidences have revealed that applying similar 

interventions to control TB across settings is not effective and efficient (9, 10). Thus, TB control 

programs should consider strategies to reach the vulnerable populations at high-risk geographical 

areas where on-going transmission sustains the epidemic. However, there is a dearth of studies 

clarifying about the spatial epidemiology of TB in Ethiopia. Lack of such information may 

contribute to the partial effectiveness of TB control programs.  

Therefore, this study was intended to detect spatial and space-time clustering of TB, estimate 

spatial risk of TB distribution, and identify ecological factors affecting spatial distribution of TB 

in Gurage Zone, Southern Ethiopia. The study findings may help to identify geographical 

locations that require targeted interventions, measure the burden of TB within-and-between 

smaller administrative units, active case detection, evaluate the impacts of intervention programs, 

optimize public health resource utilization, increase communities’ awareness, improve patient 

treatment outcome, and reduce drug resistance. Moreover, the findings may also add for the 

growing body of spatial epidemiological research on TB in high-burden countries. 
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2. LITERATURE REVIEW 

2.1 The biology of TB 

2.1.1 Historical perspective of TB 

TB is an ancient disease. Pathological signs of tubercular decay discovered in Egyptian 

mummies proved the existence of human TB since prehistoric era. The disease has been 

described by various names, such as schachepheth in Hebrew, phthisis in Greek, and 

consumption, wasting disease and the white plague in English (19). 

In the 18th century, the first TB epidemic occurred in Europe as a result of industrialization (20). 

Cities were being rapidly developed and urban settlements were improperly arranged. People 

were thrown together in squatters where housing and hygiene condition was poor. Crowded 

living environments, poor hygiene and malnutrition constituted ideal circumstances for the 

accelerated spread of TB. Following the global diffusion of industrialization and population 

migration, TB epidemic swept through the world in the next 150 years (20). 

Sanatorium care was introduced as the first specific treatment for TB in mid 1800s. Infected 

people were sent to sanatorium where they were provided with plenty of food, large living area 

and fresh air. The improved living environment allowed patients to strengthen host immunity to 

fight against the TB bacteria in their body, and gradually led to recovery. Medical care in 

sanatorium had been used for almost 100 years as a primary treatment to TB. The discovery of 

MTB by Robert Koch in 1882 and the discovery of X-rays by Wilhelm Konrad Röntgen in 1895 

led to a wave of research that initiated the development of the Bacille Calmette-Guerin (BCG) 

vaccine in the 1912, and effective medical treatment. Some of the major breakthroughs were the 

discovery of the anti-TB drugs, like streptomycin in 1944, isoniazid in 1952, and rifampicin in 

1965 (19). 

2.1.2 Aetiological agents of TB 

TB is caused by the members of the MTB complex, with MTB being the most common infecting 

species in humans. The MTB complex also comprises the human pathogens M. africanum and 

M. canettii as well as the primarily animal infecting species M. bovis, M. microti, M. pinnipedii 

and M. caprae, all of which have been identified as causative agents of TB in humans (21, 22).  
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2.1.3 Transmission of TB 

The MTB is spread by small airborne droplets, called droplet nuclei (each of them contain 5,000 

to 10,000 bacteria), generated by the coughing, sneezing, talking, or singing of a person with 

pulmonary or laryngeal TB. About 3,000 droplet nuclei can be generated when one coughs, talks 

for 5 minutes, and sings for one minute. Sneezing generates about 40,000 droplet nuclei, which 

can spread to individuals up to 10 feet away. These tiny droplets can remain airborne for minutes 

to hours after expectoration (23). Each of them may transmit the disease since inhaling less than 

10 bacteria may cause an infection (24). If not treated, an infectious person could infect 10 to 15 

people on average every year (25). The probability of transmission depends upon infectiousness 

of the person with TB, environment of exposure, duration of exposure, and virulence of the 

organism (26). The chain of transmission can be stopped by isolating patients with active disease 

and starting effective anti-TB therapy (27). 

2.1.4 Clinical manifestations of TB 

TB may develop differently in each patient according to the patient’s status of immune system. 

Stages include latency, primary disease, primary progressive disease, and extrapulmonary 

disease. Each stage has different clinical manifestations. 

Latent TB 

MTB organisms can be enclosed, but are difficult to completely eliminate (28). Persons with 

latent TB have no signs or symptoms of the disease, do not feel sick, and are not infectious (29). 

However, viable bacilli can persist in the necrotic material for years or even a lifetime (30), and 

if the immune system later becomes compromised, the disease can be reactivated. Factors that 

can trigger reactivation of an infection include co-infection with HIV, uncontrolled diabetes 

mellitus, renal failure, malnutrition, smoking, chemotherapy, organ transplantation, and long-

term corticosteroid usage (29).  

Primary disease 

Primary pulmonary TB is often asymptomatic that the results of diagnostic tests are the only 

evidence of the disease. Although primary disease essentially exists subclinically, some self-

limiting findings might be noticed in an assessment. Associated paratracheal lymphadenopathy 

may occur because the bacilli spread from the lungs through the lymphatic system. If the primary 
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lesion enlarges, pleural effusion is a distinguishing finding. This effusion develops because the 

bacilli infiltrate the pleural space from an adjacent area. The effusion may remain small and 

resolve spontaneously, or it may become large enough to induce symptoms, such as fever, 

preuritic chest pain, and dyspnea. Dyspnea is due to poor gas exchange in the areas of affected 

lung tissue. Dullness to percussion and a lack of breath sounds are physical findings indicative of 

a pleural effusion because excess fluid has entered the pleural space (31). 

Primary progressive TB  

Active TB disease develops in only 5 to 10% of persons infected with MTB. When a patient 

progress to active TB, early signs and symptoms are often nonspecific. Manifestations often 

include progressive fatigue, malaise, weight loss, and a low-grade fever accompanied by chills 

and night sweats (32). Wasting is due to lack of appetite and altered metabolism associated with 

the inflammatory and immune responses.  

Wasting involves the loss of both fat and lean tissue; the decreased muscle mass contributes to 

the fatigue (33). Finger clubbing, a late sign of poor oxygenation, may occur; however, it does 

not indicate the extent of the disease (34). A cough eventually develops in most patients. 

Although the cough may initially be nonproductive, it advances to a productive cough of 

purulent sputum. The sputum may also be streaked with blood. Hemoptysis can be due to 

destruction of a patent vessel located in the wall of the cavity, the rupture of the dilated vessel in 

a cavity, or the formation of an aspergilioma in an old cavity. The inflamed parenchyma may 

cause pleuritic chest pain. Extensive disease may lead to dyspnea or orthopnea because the 

increased interstitial volume leads to a decrease in lung diffusion capacity. Although many 

patients with active disease have few physical findings, rales may be detected over involved 

areas during inspiration, particularly after a cough. Hematologic studies may reveal anemia, 

which is the cause of the weakness and fatigue. Leukocytosis may also occur due to the large 

increase in the number of leukocytes in response to the infection (31).  

Extrapulmonary TB 

Although the pulmonary system is the most common location for TB, extrapulmonary disease 

occurs in more than 20% of immunocompetent patients, and the risk for extrapulmonary disease 

increases with immunosuppression (35). The most serious location is the central nervous system, 
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where infection may result in meningitis or tuberculomas. If not treated, tubercular meningitis is 

fatal in most cases; making rapid detection of the myobacteria essential (36). Headaches and 

change in mental status after possible exposure to TB or in high risk groups should prompt 

consideration of this disease as a differential diagnosis. Another fatal form of extrapulmonary TB 

is infection of the bloodstream by mycobacteria; this form of the disease is called disseminated 

or miliary TB. The bacilli can then progresses rapidly throughout the body, leading to multi-

organ involvement (37). Miliary TB progresses rapidly and can be difficult to diagnose because 

of its systemic and nonspecific signs and symptoms, such as fever, weight loss, and weakness 

(31). Lymphatic TB is the most common extrapulmonary TB, and cervical adenopathy occurs 

most often. Other locations include bones, joints, pleura, and genitourinary system (35). 

2.1.5 Diagnosis and treatment of TB 

In low-income countries diagnosis of TB relies on detection of Acid Fast Bacilli (AFB) on 

microscopic examination and on cultivation of MTB. Diagnosing MDR-TB is more demanding 

since it takes six to eight weeks to grow the mycobacteria on a culture media containing anti-TB 

drugs and requires special laboratory facilities (38). Rapid tests like GeneXpert and line probe 

assays are also being used to diagnose drug resistance. The sputum smear result is often negative 

in patients with extra-pulmonary TB and TB/HIV co-morbidity. Because of insufficient 

laboratories for histo-pathological or culture examinations, the most common way of diagnosing 

such cases is clinical diagnosis supported by chest radiography. 

Chemotherapy regimens that are used for the treatment of all types of TB are classified as first- 

and second-line anti-TB drugs. First-line anti-TB drugs include Isoniazid, Rifampicin, 

Pyrazinamide, Ethambutol and Streptomycin. Isoniazid and Rifampicin are the two most 

commonly used drugs for treatment of TB. First-line anti-TB drugs are safe and effective if used 

correctly. Second-line drugs are used for the treatment of MDR-TB. These are listed as 

aminoglycosides, polypeptides, fluoroquinolones and thioamides. Second-line anti-TB drugs are 

less potent, need to be administered for a much longer time, are more toxic and are high-cost 

compared to first-line anti-TB drugs. Agents with unclear roles in drug-resistant TB treatment 

are called third-line anti-TB drugs, such as Clofazimine, Linezolid, Amoxicillin/Clavulanate, 

Thioacetazone, Imipenem/Cilastatin and high-dose Isoniazid (39). 
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2.2 Spatial epidemiology of TB 

2.2.1 Spatial epidemiology 

Spatial epidemiology is the description and analysis of geographically indexed health data with 

respect to demographic, environmental, and socioeconomic risk factors. The core idea of spatial 

epidemiology is based on the Tobler’s First Law of Geography. In 1970, Tobler stated that 

everything is related to everything else, but near things are more related than distant things (40). 

Therefore, in the analytical framework of spatial epidemiology, disease is not evenly distributed 

across space. The resultant disease pattern could be influenced by the varying distribution of risk 

factors over space (40).  

The discipline of spatial epidemiology has developed greatly since the 19th century with the 

development of spatial statistics and advances in specialist GIS software and handheld Global 

Positioning System receivers in the past two decades. The utilization of these methods and 

software packages can allow the spatial linkage of various datasets of relevance to disease 

distributions and the description and understanding of complex spatial patterns in the risk of 

disease. There is increasing acceptance of evidence that people's area of residence may influence 

their health either in addition to or in interaction with their individual characteristics. Most of the 

time environmental determinants could not be conceptualized in individual level. In this case, it 

is necessary to aggregate disease pattern and suspected determinants by different places, treating 

spatial units, rather than individuals, as the basic analytical unit of the study (40). 

Spatial epidemiology is of particular significance in studying infectious disease. As infectious 

disease must be transmitted via direct contact, the presence of disease in certain area may imply 

possible episodes of transmission. There is growing number of studies applying spatial statistics 

in studying infectious disease, such as schistosomiasis, filariasis, soil transmitted helminths, 

dengue, malaria, H1N1 influenza pandemic, HIV and TB (11, 41-47).                                                                                
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2.2.2 Global distribution of TB 

The spatial distribution of TB is skewed heavily toward low-income and emerging economies. 

Most of the estimated number of cases in 2016 occurred in South-East Asian Region (45%), the 

African Region (25%) and Western Pacific Region (17%); smaller proportions of cases occurred 

in the Eastern Mediterranean Region (7%), the European Region (3%) and the Region of the 

Americas (3%). The 30 high-burden countries that have been given highest priority at the global 

level since 2000 accounted for 87% of all estimated incident cases worldwide (Figure 1) (1). 

 

 

 

Figure 1 Estimated TB incidence rates, 2016. Source: The WHO global TB report of 2017 (1). 

 

 

 

 

 

 



10 

 

2.2.3 Spatial and space-time clustering of TB 

The findings from spatial and space-time cluster analysis of TB may help local public health 

authorities identify geographical locations that require more attention, evaluate the impacts of 

intervention programs, and allocate public health resources. Few studies have been conducted to 

detect spatial and space-time clustering of TB in high-burden countries.  

Ge E, et al. (2016) employed Moran’s I, Getis-Ordi Gi*, and Kulldorff’s space-time scan 

statistics to explore the spatial patterns of TB in Zhejiang Province, China. The disease was 

spatially clustering with statistically significant Moran’s I values (P-value < 0.001). The most 

likely cluster and ten secondary clusters were identified in the province (48). 

Dangisso MH, et al. (2015) conducted a study to identify spatial and space-time clusters of 

smear-positive pulmonary TB in Sidama Zone, southern Ethiopia. Scan statistics, Global 

Moran’s I and Getis-Ordi Gi* statistics were used to analyze the spatial distribution and clusters 

of the disease. In a purely spatial analysis, they identified the most likely cluster with Relative 

Risk (RR) of 2. The Getis-Ordi Gi* statistic also identified the clusters in the same areas, and the 

spatial clusters showed stability in most areas in each year during the study period. The space-

time analysis also detected the most likely cluster with a RR of 1.92 (9). 

Tadesse T, et al. (2013) conducted a population-based study to detect the spatial clustering of 

smear-positive TB cases in Dabat District, northwest Ethiopia. A spatial scan statistic was used 

to identify purely spatial clusters of TB among permanent residents. Two significant spatial 

clusters were identified in the study district (10). 

Tiwari N, et al. (2006) made a population-based study to test for the presence of statistically 

significant spatial clusters of TB in India. The Global Moran’s I was used to test spatial 

clustering of TB for the period 2003 to 2005. The study showed that there were statistically 

significant high rates of spatial clusters of TB mainly in three areas of the district (49). 
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2.2.4 Estimating spatial risk of TB distribution 

In low-income countries obtaining complete data that show spatial heterogeneity in the risk of 

TB within-and-between smaller administrative units is difficult. The existing epidemiological 

data are from surveys that are conducted through sampling a limited number of locations due to 

logistical and financial limitations. This presents a considerable obstacle to measure the disease 

burden at all locations (1, 50). In such settings geostatistical kriging method can be used to 

produce prediction estimates and associated prediction errors at all unsampled locations using 

data from the neighboring sampled locations (11). The method uses semivariogram models to 

found out weights from the sampled data. The weights dictate how each sampled value 

contributes to the estimated value at unsampled location (51).  

2.2.5 Ecological determinants of TB distribution 

Spatial unit in conventional statistics are treated as independent entity assuming that the spatial 

pattern of these spatial units along with its associated values do not pose any influence in the 

observed pattern. This assumption violates the basic assumption of spatial analysis that value in 

one place is influenced by values in nearby places (52). Detecting spatial dependency would help 

researchers justify their regression models in an ecological analysis and their smoothing 

techniques when mapping in small boundaries (40). Few studies adopted spatial modeling 

techniques to examine the relationship between TB distribution and its determinants.  

Sun W, et al. (2015) explored geographic, climatic and socioeconomic factors, and employed 

methods of spatial statistical analyses to evaluate the role of spatial heterogeneity in the complex 

ecological causes of TB prevalence. Social and environmental variables were tabulated to 

investigate the latent factor structure of the data using exploratory factor analysis. Partial least 

square path modeling was used to analyze the complex causal relationship between the factors 

and TB prevalence. A GWR model was used to explore the local association between factors and 

TB prevalence. Exploratory factor analysis and partial least square path modeling indicated 

significant associations between TB prevalence and its latent factors. Altitude, longitude, 

climate, and education burden played an important role. Additionally, the GWR model showed 

that each latent factor had different effects on TB prevalence in different areas (53). 
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Li XX, et al. (2014) conducted a study to determine factors contributing to the regional inequity 

of TB burden in China by using an ecological approach. Latent ecological variables were 

identified by using exploratory factor analysis. Partial least squares path modeling was chosen to 

construct the structural equation model to evaluate the relationship between TB prevalence and 

ecological variables. Furthermore, a Geographically Weighted Regression (GWR) model was 

used to explore the local spatial heterogeneity in the relationships. The latent ecological variables 

in terms of TB prevalence, TB investment, TB service, health investment, health level, economic 

level, air quality, climatic factor and geographic factor were identified. With the exception of TB 

service and health level, other ecological factors had significant impacts on TB prevalence to 

varying degrees. Moreover, each ecological factor had different impacts on TB prevalence in 

different regions (18). 

2.3 Public health, economic and social impacts of TB 

TB is a public health, economic and social disaster of immense magnitude (1, 54). The WHO 

data show that approximately 10.4 million people become infected annually. It is currently the 

ninth leading cause of death globally and the leading cause of death from a single infectious 

agent (1).  

The TB/HIV co-epidemic remains to be a major public health challenge, particularly in low-

income countries. There were an estimated 1.2 million TB/HIV co-infected patients globally; 

about 74% of these cases were in the African Region (55). There has been strong link between 

TB and HIV, as they are capable of disarming the host’s immune responses. TB is the most 

common opportunistic disease which kills those infected with HIV. Similarly, HIV co-infection 

increases the risk of latent TB reactivation by 20-folds (56). The proportion of smear-negative 

pulmonary TB and extra-pulmonary TB is high among HIV co-infected TB patients (57, 58).   

Resistance of TB strains to numerous anti-TB agents is recognized as an increasing problem in 

many countries. In 2016, estimated 4.1% of new and 19% of previously treated TB cases had 

MDR-TB globally with noticeable geographic variations (1). Patients with MDR-TB must take a 

daily cocktail of drugs, as many as 20 pills a day, and a daily painful injection in the early stages 

of treatment for more than two years, resulting in social isolation, loss of employment and long-

term socio-economic effects (59). Furthermore, the side effects of such treatment range from 
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persistent nausea to psychosis and total deafness. Some patients find the side effects too arduous 

to bear and interrupt or stop treatment altogether, which again can lead to extensively drug-

resistant TB, resistant to Isoniazid and Rifampicin plus any fluoroquinolone and at least one of 

three injectable second-line drugs. On average, an estimated 6.5% of patients with MDR-TB had 

extensively drug-resistant TB in 2016 (1).  

TB treatment requires significant amounts of scarce resources from families, government and 

insurance schemes (60). In 2017, an estimated US$ 9.2 billion per year is required to ensure a 

full response to the global TB epidemic: about 75% for detection and treatment of drug 

susceptible TB; 21.7% for MDR-TB and 2.1% for collaborative TB/HIV activities (1). Although 

TB drugs are provided free of charge in most countries, becoming ill with TB can have a 

substantial financial impact on patients and households because TB causes physical weakness to 

continue working or find work, requires regular visits to a health facility requiring time off work 

and incurring travel expenses, and needs nutritious food or supplementary vitamins to counter 

the side effects of TB drugs (61). Evidences show that TB causes as much as 40% of patient’s 

average annual income loss, an average 3 months of work time loss, about 30% of annual 

household income loss, and an average 15 years of income loss if the individual dies of disease 

(62, 63). Catastrophic costs can lead to profound social and public health impacts. For example, 

children of parents ill with TB may drop out of school to seek paying work or care for parents, 

and some patients stop treatment before cure and may suffer worsening health, transmit disease 

or die. Patients often have to resort to coping mechanisms that may be irreversible: up to 75% of 

TB patients must take out a loan; up to 50% sell household items; and up to 66% rely on 

financial support from relatives (64).  

Apart from economic costs TB has social costs too (59). Evidences from high-burden countries 

have shown that TB patients face various levels of isolation and rejection from families and 

communities, including loss of employment, reduced education opportunities, vulnerability to 

disability, divorce or spoiled marriage prospects, and isolation at home that forbids sharing food, 

utensils or sleeping space (54). This may influence the patients’ desire to seek medical help. The 

fear of stigmatization makes individuals with very obvious signs and symptoms to attribute it to 

non-stigmatized diseases or hide the diagnosis from others. Those put on treatment may end up 
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defaulting from treatment because of lack of support. These may be responsible for sustained 

community transmission of TB and the emergence of drug resistance strains (2). 

2.4 TB prevention and control strategies in Ethiopia 

TB control efforts in Ethiopia were dated back to the early 1960s when a few TB centers and 

sanatoriums were set up in some urban settings. These efforts were not well coordinated until 

1976 when the national TB control program office was established. However, the program had 

staff and budgetary constraints. In the early 1990s the national TB and leprosy control program 

was reorganized to strengthen the regional TB program units and integrate the program into the 

general health services. In the meantime, the TB and leprosy programs were merged to form a 

single program (65, 66). 

Currently, Ethiopia is working towards interrupting transmission dynamics of TB, reducing 

morbidity and mortality, and preventing emergence and spread of drug resistance in the general 

population by expanding TB diagnostic and treatment services in line with the increasing number 

of public and private health facilities. A total of 266 hospitals, 3,622 health centers, and 16,660 

health posts are providing DOTS services (13).  

TB/HIV collaborative activities are being scaled-up in health centers and hospitals to provide TB 

patients’ access to HIV testing and HIV care including antiretroviral treatment, and reducing TB 

burden in people living with HIV through TB screening and scale-up of Isoniazid preventive 

therapy (66).  

TB prevention and control is one of the 16 package programs of the health service extension 

program at the community level. The health extension workers are engaged in awareness 

creation, promotion of TB prevention, better TB diagnosis, and treatment through early referral 

of presumptive TB cases and treatment support (67). Through the use of advocacy, 

communication and social mobilization, the TB program aims to promote awareness of key 

prevention and control strategies throughout the general population (14). 

A systematic review shows that symptom screening, physical examination, chest X-ray, 

histology, histopathology, cytology, smear microscopy, tuberculin skin test, QuantiFERON TB 

gold in tube and culture are being used to diagnose TB in Ethiopia (68). The sputum smear 
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microscopy remains as the most accessible test for TB in the country. To strengthen the TB 

control program, the Ministry of Health established one National Reference Laboratory at the 

Ethiopian Public Health Institute, 10 laboratories with TB culture and drug susceptibility tests, 

and 315 laboratories equipped with Gene Xpert MTB/RIF (to detect MTB and Rifampicin 

resistance, which is a proxy marker for MDR-TB) (65). At the region level, the provision of 

laboratory reagents, supplies, and external quality assurance is managed by the regional 

reference laboratories (14). 

According to the Ministry of Health, the treatment regimens for the new TB cases consist of 

Isoniazid-Rifampicin-Pyrazinamide-Ethambutol for the first two months followed by Isoniazid-

Rifampicin for four months. The first two months of intensive phase treatment are under direct 

supervision of the health workers. During this phase, with the exception of those who are 

critically ill, TB patients receive treatment on ambulatory basis. Whereas, for previously treated 

TB cases an eight month regimen containing Streptomycin-Rifampicin-Isoniazid-Rifampicin-

Ethambutol for two months followed by Isoniazid-Rifampicin-Pyrazinamide-Ethambutol for 

another one month during the intensive phase, followed by five months Isoniazid-Rifampicin-

Ethambutol, is recommended. The standard treatment regimens for MDR-TB cases consist of 

Ethambuto-Pyrazinamide-Kanamycin or Amikacin-Levofloxacin-Ethionamide-Cycloserine for 

six months followed by Ethambutol-Pyrazinamide-Levofloxacin-Ethionamide-Cycloserine for 

12 months (69).  
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2.5 Conceptual framework 

This study is designed of three specific objectives (papers) addressing the major components of 

spatial epidemiology of TB (i.e., cluster analysis, spatial risk mapping and ecological analysis of 

risk factors) in Gurage Zone, Southern Ethiopia. Specific objective 1 (Paper I) has detected the 

location, size and severity of purely spatial and space-time clusters for high occurrence of TB. 

Specific objective 2 (Paper II) has estimated spatial risk of TB distribution co-impacted by 

geographic factors using data from sample locations, with findings important to measure the 

disease distribution at all locations. Finally, specific objective 3 (Paper III) has identified 

environmental and climatic factors affecting spatial distribution of TB across the study area 

(Figure 2).  

 

 

 
 

Figure 2 The conceptual framework of the study 
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3. OBJECTIVES 

3.1 General objective 

 The overall objective of this study is to assess the spatial epidemiology of TB in Gurage 

Zone, Southern Ethiopia. 

 

3.2 Specific objectives 

1. To detect spatial and space-time clustering of TB in Gurage Zone, Southern Ethiopia  

(Paper I) 

 

2. To estimate spatial risk of TB distribution in Gurage Zone, Southern Ethiopia (Paper II) 

 
 

3. To identify ecological factors affecting spatial distribution of TB in Gurage Zone, Southern 

Ethiopia (Paper III)  
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4. MATERIALS AND METHODS 

4.1 Study area and setting 

The study was conducted in the Gurage Zone, Southern Ethiopia, which is located between 7°76’ 

and 8°45’ N latitude and 37°46’ and 38°71’ E longitude (Figure 3). The zone has 13 districts, 

two town administrations (at Butajira and Wolkite), and 403 rural and 20 urban kebeles (the 

smallest administrative units with a population of 5,000 on average). It covers an area of about 

5,932 km
2
. According to the 2007 census, the zone has a total population of 1,279,646 (48.6% 

males and 51.4% females) in 2007. About 84% of the population lived in the rural areas (70).  

 

 

Figure 3 Map of the study area (Gurage Zone) 
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The zone is selected for conducting this study due to reasons described below. First, the zone has 

a geographic diversity characterized by mountain ranges and valleys, which may impact a 

geographic access to TB diagnosis and treatment centers (71). Studies show that problems of 

geographic access to DOTS-providing health facilities are the most important factors influencing 

early TB treatment initiation, compliance, and treatment outcome (72). As a result of this, it is 

assumed that TB cases are clustered in specific-geographic locations. Hence, implementing a 

uniform TB control measures may not be effective in mitigating the burden of TB in the zone. 

Second, according to the Southern Nations, Nationalities, and Peoples’ Regional State Health 

Department Report of 2016 the zone was among the highest hit areas by TB in the region (73). 

Third, the zone covers a wider geographical area containing urban and rural areas. Fourth, the 

zone houses the Butajira Health and Demographic Surveillance site, which has about two 

decades of field experience (74).   

The zone has a total of 6 hospitals, 70 health centers, 414 health posts and 92 clinics that are 

involved in the prevention and control of TB (73). The health posts and the clinics provide 

community education, identify and refer presumptive TB cases to health facilities for further 

investigation, give BCG vaccination, contact locating and screening, trace and link lost to follow 

up cases, and support treatment adherence through female health extension workers. The health 

centers carryout all activities as health posts and clinics, and additionally provide intensified case 

finding, sputum microscopy services, provide isoniazid preventive therapy for eligible persons, 

diagnose and manage adverse drug reactions and other complications, carry out TB/HIV 

collaborative activities, refer smear negative presumptive TB, extra-pulmonary TB and MDR-TB 

patients to higher level facilities, provide support to health post staff, keep patient records and 

manage medicines stocks, plan and implement TB infection control. Health centers additionally 

provide DOTS services for patients with MDR-TB referred by treatment initiation centers. The 

hospitals carry out activities as health centers, and additionally provide referral services and 

admission care for seriously ill TB patients. Selected hospitals provide diagnosis and treatment 

for MDR-TB patients, including inpatient care. The GeneXpert machines are installed at hospital 

laboratories. Private health facilities are also engaged in TB diagnosis, treatment and/or referral 

of presumptive TB and MDR-TB cases depending on their capacity (75). 
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4.2 Study design 

An ecological study is an observational study that analyzes aggregated data to assess the burden 

of a disease at the population level, rather than the individual level (76). In this study, the data 

were aggregated at the kebele level before final analyses. The kebele was chosen as a unit of 

spatial analysis because it was the finest resolution used for healthcare planning in the study area, 

and could provide information closer to the individual level. 

4.3 Study population 

The study population was all TB patients who were permanent residents of the Gurage Zone and 

attended DOTS-providing health facilities during 2007 to 2016. 

4.4 Sample size determination 

All TB cases (15,805) diagnosed between 2007 and 2016 were included in specific objectives 1 

and 3 (Papers I and III), and those 1,601 cases diagnosed in 2016 were used in specific objective 

2 (Paper II).  

4.5 Study variables 

4.5.1 Dependent variable 

The spatial distribution of TB prevalence rate at each kebele (the number of TB cases of a given 

kebele divided by the population of a given year and multiplied by 100,000) was used as a 

dependent variable in specific objectives 2 and 3 (Papers II and III). 

4.5.2 Independent variables 

The altitude, latitude and longitude were used as independent variables in specific objective 2 

(Paper II), whereas normalized difference vegetation index, population density, rainfall and 

temperature in specific objective 3 (Paper III). 

4.6 Data sources 

The list of DOTS-providing health facilities were obtained from the Health Department database 

of Gurage Zone. TB patients’ data retrieved from unit TB registers at the facilities during 2007 to 

2016 were used in specific objectives 1 and 3 (Papers I and III), whereas the 2016 TB data in 

specific objective 2 (Paper II). A data collection format was used to retrieve the patient data 

(Annex II). The latitude, longitude and population data obtained from the Central Statistical 
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Agency of Ethiopia (CSA) were used for the three papers. Altitude data extracted from ASTER 

Global Digital Elevation Model V2 were used in specific objective 2 (Paper II). The NDVI data 

derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) imagery, and the 

temperature and rainfall data obtained from the Meteorological Agency of Ethiopia were used in 

specific objective 3 (Paper III). 

4.7 TB diagnosis and case definition 

The diagnostic criteria of the national TB diagnosis guideline of Ethiopia were used to diagnose 

the TB cases (66). 

Smear-positive pulmonary TB (PTB+): is diagnosed when at least two initial sputum smear 

examinations are positive for AFB or one smear-positive result for AFB and culture-positive 

result for M. tuberculosis or one smear-positive result for AFB and radiographic abnormalities 

indicative of active TB, in addition to a clinician’s judgment. The regional laboratory carries out 

external quality assurance on all slides, and provides a feedback to the health facility providing 

DOTS services.  

Smear-negative pulmonary TB (PTB-): is diagnosed when there are symptoms evocative of 

TB, at least three smear-negative initial results for AFB, lack of response to antibiotics, smear-

negative and radiological abnormalities indicative of pulmonary TB, and judgment of a clinician. 

Extra-pulmonary TB (ETB): is diagnosed when a specimen from an extra-pulmonary site is 

culture positive or histo-pathological abnormality from a biopsy, and strong clinical evidence 

indicative of active ETB. However, because of insufficient laboratories for histo-pathological or 

culture examinations, most of the health facilities diagnose ETB based on a clinician’s judgment.  

Newly diagnosed case of TB: is a patient who had never taken anti-TB drugs or had taken for 

less than a month. 

Retreatment TB case: is a patient who has previous treatment failure, or relapse or default. 
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4.8 Data management and processing 

In specific objectives 1-3 (Papers I-III), data were entered, validated, cleaned, and coded using 

MS Excel (MicroSoft, Redmond, WA, USA). The patients’ data were linked to their actual 

address using CSA codes to prevent duplication, and were aggregated at kebele level for spatial 

analyses. 

In specific objectives 1 and 2 (Papers I and II), kebele centroids were used to represent a 

geographically weighted central location as coordinates. 

In specific objective 2 (Paper II), the aggregated dataset from all the 423 kebeles in the Gurage 

Zone were used to examine the actual spatial risk of TB distribution. Then, the aggregated TB 

datasets co-impacted by geographic factors from sample of 169(40%), 254(60%) and 338(80%) 

kebeles were used to estimate the spatial risk of TB distribution and associated standard error by 

using a geostatistical kriging approach. 

In specific objective 3 (Paper III), the spatial weighting matrix, which was needed to perform the 

spatial panel regression analyses, was constructed in Geographic Data analysis tool (GeoDa) by 

using the kebele-level polygon shape file. A first order queen contiguity (adjacency) weights 

matrix, which defines the neighbors as those with either a shared border or vertex, was used for 

spatial weights (77). The zero TB prevalence rates in the spatial panel dataset were replaced by 

one in order to make the data structure strongly balanced (i.e., all kebeles have data for all years). 

All the variables were log transformed since it improved estimation. 
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4.9 Data analyses 

4.9.1 For specific objective 1 (Paper I) 

Spatial autocorrelation analyses 

The global Moran’s I statistic was run in ArcGIS 10.2 to examine the presence of spatial 

clustering of TB in the whole study area. The value of Moran’s I is calculated based on the 

deviation from the mean of two neighboring values. The following equation is used to calculate 

the Moran’s I statistic (78, 79): 

  
 

  

∑ ∑         
 
   

 
   

∑   
  

   

 

where    is the deviation of a prevalence of TB for kebele i from its mean (    ̅), 
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where      =   (   )⁄   and        =            . The spatial relationships among kebeles 

were conceptualized by calculating the spatial weights from the input file containing the 

prevalence rate of TB for each kebele and the geo-coordinates data. A first order queen polygon 

contiguity (adjacency) weights matrix, which defines the neighbors as those with either a shared 

border or vertex, was used for spatial weights (9). The spatial weighing matrix was constructed 

in GeoDa by using the kebele-level polygon shape file (77). Statistical significance for high 

occurrence of TB was decided when the Z-score ≥1.96 and a P-value ≤ 0.05.  

Purely spatial and space-time cluster analyses 

The Kulldroff’s scan statistic was performed in SaTScan 9.2 to identify the location, size and 

severity of purely spatial and space-time clusters using the number of TB cases, the population 

for each kebele, the year of TB diagnosis and the geo-coordinates data as input files (80). The 

discrete Poisson model was used with the assumption that the number of TB cases at each 

location was Poisson distributed with a known population at risk. Scan circles of various sizes 

were used to identify the purely spatial clusters for high occurrence of TB. The upper limit for 

the maximum cluster size was set to 50% of the population at risk, which allowed small and 

large clusters to be detected.  
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To identify space-time clusters for high occurrence of TB, a cylindrical window with the circular 

geographic base representing to the space and height to time was used. The size of the window 

was limited to 50% of the expected number of TB cases, and the time was set to the time period 

from 2007 to 2016.  

In both cases, the likelihood ratio was computed to measure a RR of TB occurrence within the 

cluster when compared to the risk outside using Monte Carlo simulations. The maximum number 

of replications for Monte Carlo simulation was set to 99,999. The null hypothesis stated that the 

risk of TB remains the same inside and outside the cluster. The cluster with the maximum Log-

Likelihood Ratio (LLR) and containing more cases than expected was defined as the most likely 

cluster. The likelihood function for a specific scanning window is proportional to: 

(
 

    
)
 

(
   

      
)

   

 (       ) 

where C is the total number of TB cases, c is the observed number of TB cases in the scanning 

window, and      is the expected number of TB cases in the window under the null-hypothesis, 

  is an indicator function that is equal to 1 where the window has more cases than those expected 

under the null hypothesis, and 0 otherwise.  

The P-value was created using the combination of approximation. A standard of ‘no 

geographical overlap’ was selected to report secondary clusters (80). Statistical significance was 

reported when a P-value was ≤ 0.05.  
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The Getis-Ord   
  statistic was also implemented in ArcGIS 10.2 to identify the locations of 

clusters for high occurrence of TB. The   
  statistic performs the spatial analysis by looking at 

each kebele within the context of a neighboring kebele. The local sum for a kebele and its 

neighbors is proportionally compared to the sum of all kebeles. When the local sum is much 

different than the expected local sum and that difference is too large to be the result of random 

chance, a statistically significant Z-score result. The following equation is used to compute the 

  
  statistic (78, 81): 

  
  

∑       
 
     ̅ ∑     

 
   

 √[ ∑     
  

    (∑     
 
   )

 
]

   

 

where    is the prevalence of TB for kebele  j,      is the spatial weight between kebeles i and j, n 

is the total number of kebeles,   ̅  
∑   

 
   

 
 , and    √

∑   
  

   

 
   ( ̅)  . Therefore, the   

  

statistic is a Z-score. The spatial relationships among kebeles were conceptualized by calculating 

the spatial weights from the input file containing the prevalence rate of TB for each kebele and 

the geo-coordinates data. A first order queen polygon contiguity weights matrix, which defines 

the neighbors as those with either a shared border or vertex, was used for spatial weights (9). 

Statistical significance for high occurrence of TB was decided when the   
  ≥1.96 and a P-value 

≤ 0.05.   

4.9.2 For specific objective 2 (Paper II) 

Spatial smoothing  

Spatial Empirical Bayes Smoothing (SEBS) method was employed in GeoDa in order to 

overcome small areas variance instability, which is due to variations in population size as well as 

few cases of TB in some areas. The population for each kebele was used as a base variable and 

number of TB cases was used as an event (9, 77). A queen contiguity weights matrix that defines 

the neighboring kebeles as those with either a shared border or vertex was used for spatial 

weights (9). The SEBS method was not applied for the datasets that were used for spatial 

prediction since the geostatistical kriging would result smoothed estimates by using a weighted 

linear combination of the known measured values. 
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Ordinary kriging 

Varieties of kriging have been developed, such as ordinary, universal, simple and indicator. 

Ordinary kriging was preferred to other types of kriging because it predicts an estimate for 

unsampled kebele by assuming a constant mean in the local neighborhood of each estimation 

kebele, which is a characteristic of focal diseases like TB. Besides, it is a good geostatistical 

method to model data that exhibit spatial trend (82). It uses a semivariogram model to measure 

spatial autocorrelation between pairs of prevalence rates as follows (83):  

 ( )    
 

  
∑ ( ( )   (   ))

  

   
 …………………………………………………….…… (1) 

where n is the total number of pairs of sample kebeles, Z(x) and Z(x + h) are the prevalence rates 

at any two kebeles x and x + h separated by distance h. Calculations of   ( ) are repeated for 2h, 

3h, 4h, ..., kh. The models of spatial autocorrelation commonly exhibit similar characteristics, 

which are called the sill, range, and nugget. The sill is the maximum variability between pairs of 

prevalence rates. The separation distance at which the sill is reached is termed the range and 

represents the maximum distance beyond which prevalence rates are spatially independent. The 

nugget effect refers to the situation in which the difference between prevalence rates taken at 

sampling kebeles that are close together is not zero. It represents spatial sources of variation at 

distances smaller than the sampling interval (i.e. spatial variations of prevalence rates at village 

level, which is a spatial subset of kebele) or measurement error (e.g. passive case detection).  

As described in detail previously (84), an unknown prevalence rate  ̂   at kebele u is estimated 

as a weighted-linear combination of n known samples as follows: 

 ̂    ∑   
 
       …………………………………….…………………………………….….. (2) 

      ∑   
 
       

The optimal weights which produce the minimum estimation error in equation (2) can be 

determined by using the following simultaneous equations: 

   (    )                 (    )                 (    ) …………………………….……...… (3) 

                                                                                          

   (    )                (    )                  (    ) 

                                                                 (    ) 

where  (    ) is a semivariogram model which is a function of distance      between prevalence 

rates i and j, and     is the Lagrange Multiplier to minimize the kriging error.  
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The correlation between prevalence rates i and j is expected to decrease as their separation 

distance      increases.  The optimal weights in equation (2) are calculated as follows:  

[

  

 
  

 

]   =   

[
 
 
 
 (    )      

                  
 (    )      

                  

     (    )

 
     (    )

 

     

  
 
 
 ]
 
 
 
  

[
 
 
 
 (    )

 
 (    )

 ]
 
 
 
 ……..……………………………...…..… (4)              

Therefore, ordinary kriging produces an unbiased estimate with minimum variance.  

Ordinary cokriging 

Ordinary cokriging is an extension of ordinary kriging method that uses both the spatial 

autocorrelation for prevalence rate (i.e. the main variable of interest) and the spatial cross-

correlations between prevalence rate and geographic variables (i.e. altitude, latitude and 

longitude) to make estimations of the prevalence rates at unsampled kebeles. The development of 

the ordinary cokriging system is identical to the development of ordinary kriging system. The 

mathematical formulation of ordinary cokriging has been described in detail by Yalcin (85). 

In this objective both ordinary kriging and ordinary cokriging models were tested for the three 

categories of datasets, and ordinary cokriging models were selected as the best-fitted ones. 

Model selection 

In this study the effects of the different types of semivariogram models (i.e., stable, spherical, 

circular, tetraspherical, pentaspherical, Gaussian, exponential, rational quadratic, K-Bessel, hole 

effect and J-Bessel), detrending (i.e., neighborhood, global and local), anisotropy (i.e., false and 

true) and geographic covariates (i.e., longitude, latitude and altitude) on the predictive 

performance of kriging were checked by using a cross-validation technique. The technique 

leaves and adds each sample points in the dataset turn by turn to provide pairs of predicted and 

measured values that can be compared to evaluate the model's performance. A total of 528 

geostatistical kriging models were generated for each category of spatial dataset (i.e., 40%, 60% 

and 80%).  
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The final models for each category of the spatial dataset were decided based on the lowest total 

error, obtained by sorting values of Root-Mean-Square Error (RMSE), absolute value of Mean-

Standardized Error (MSE), Root-Mean-Square-Standardized Error (RMSSE) and absolute value 

of the difference of Average-Standard Error (ASE) from RMSE in ascending order, and then 

ranking and summing up the ranks. All these errors are expressed by equations (5)-(8) below 

(86):  

        √
 

 
∑    (  )   (  )  

 
    ………………...…………..….………….……...…….. (5) 

       
 

 
∑ *

  (  )  (  )

  (  )
+ 

    ………………….…...………………..…………………...…….. (6) 

          √
 

 
∑ *

  (  )  (  )

  (  )
+
 

 
    ………………..…………...……………..………...…….. (7) 

        √
 

 
∑   (  )

 
    …………….……….………………...……………..………...…….. (8) 

where   (  ) is the kriging variance for location   , and    (  ) and  (  ) are the predicted and 

the sampled values at the location      respectively. 

Sensitivity analyses 

The Semivariogram Sensitivity tool, which is found under the Geostatistical Analyst toolbox of 

ArcGIS 10.2, was used to perform sensitivity analyses on the predicted values and associated 

standard errors by varying the nugget and range within a percentage of the original values. The 

outputs of the analyses were a table indicating which parameter values were used and what the 

resulting predicted and standard error values were. Small fluctuations in the output with small 

changes in the input parameter values indicate more confident predictions which can be used to 

make decisions. 
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4.9.3 For specific objective 3 (Paper III) 

Spatial panel data models 

The previous study has shown that there were statistically significant similarities in TB 

prevalence rates between neighboring kebeles in the Gurage Zone for each year during 2007 to 

2016 (87, 88), suggesting that the traditional ordinary least squares regression should incorporate 

the spatial effects in the analysis to improve estimation. Therefore, this study used spatial panel 

data modeling techniques to estimate the effects of ecological factors (i.e., rainfall, temperature, 

NDVI, and population density) on spatial distribution of TB prevalence rate.  

Four spatial panel data models have been compared to select the best fit one for the data 

analyses. These are: 

1. Spatial lag or Spatial Autoregressive model (SAR). This model explains the interaction 

among prevalence rate of TB as: 

   =                 ………………………………………………….……..…….. (1) 

where  
 
 denotes the prevalence rate of TB,    denotes the spatial autoregressive (or lag) 

coefficient reflecting the severity of spatial interdependence in the distribution of TB 

prevalence between neighboring kebeles (the normal range is 0 to 1, and a high value 

indicated strong neighborhood effect),   denotes the spatial weight matrix describing the 

spatial proximity between kebeles,    denotes the matrix of ecological variables,   denotes 

the regression coefficients,   denotes the kebele-specific fixed effects whose omission could 

bias the estimates, and    denotes the error terms. 

2. Spatial Error Model (SEM). This model specifies the interaction among error terms as: 

   =         , with             ………….…………………………….…..….. (2) 

where    denotes the spatially autocorrelated error term and   denotes the coefficient of 

spatial autocorrelation in error terms. 
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3. Spatial Durbin Model (SDM). This model includes spatially lagged values of TB prevalence 

rates and spatially weighted ecological variables from neighboring kebeles as independent 

variables. It reads as: 

   =                      …………...………………………….……....…….. (3) 

where     represents the weighted average effect of the neighboring kebeles on the 

ecological variables and   represents the coefficient of spatial dependence between the 

ecological variables. 

4. Spatial Autocorrelation model (SAC). This model combines the SAR model with 

autoregressive errors, and is also known as SARAR model. It is specified as: 

   =                   with             …………………….……....…..….. (4) 

Specification tests 

The Hausman test has revealed that the SDM with spatial fixed-effects specification is 

appropriate when compared to the SDM with random-effects specification (chi
2
 = 107.95, P-

value < 0.001). Next, the SAR and SEM models are compared against SDM since they are 

nested in SDM [24]. The SDM is preferred to the SAR (chi
2
 = 93.66, P-value < 0.001) and the 

SEM (chi
2
 = 143.84, P-value < 0.001) models. Finally, since the SDM and the SAC model are 

non-nesting models, the Akaike’s Information Criterion (AIC) and the Bayesian Information 

Criterion (BIC) are used to compare them. The SAC model is proved to be the best fit model for 

explaining the variations in TB prevalence in the different kebeleswith AIC = 8585.79 and BIC = 

8630.27 against AIC = 8732.05 and BIC = 8795.59 for SDM. The spatial panel data analyses and 

the specification tests were executed in Stata 14 (Stata Corp, College Station, Texas) using the 

XSMLE command (estimating spatial panel data using Maximum Likelihood Estimator) (89).    

4.10 Data quality assurance 

Supervisors and data collectors were trained on the field methods, data extraction and record 

keeping. The data completeness and consistency was checked page-by-page by year, health 

facilities, kebele, and district against unit TB registers. Errors related to the geo-coding of cases 

were avoided by linking each case to the correct home address using geo-codes from the CSA. 

Moreover, the representativeness of the study was ensured by including all DOTS-providing 

health facilities and cases from all kebeles in the study. 
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4.11 Ethical considerations 

The study protocol was reviewed and approved by the Research and Ethical Committee of the 

School of Public Health, and the Institutional Review Board of the College of Health Sciences, 

Addis Ababa University. Because of the retrospective nature of the study, informed consent from 

patients was not required. A letter of support was obtained from the Gurage Zone Department of 

Health to obtain information from all districts and health facilities. The anonymity of cases was 

kept by using pseudo identification. Medical records were stored in a secure place to help 

maintain the confidentiality of the clinical information of cases. Moreover, spatial confidentiality 

was ensured by aggregating the patient data at kebele level (Annex III). 

Table 1 Summary of specific objectives and methods used for the study in Gurage Zone, 

Southern Ethiopia 

 

Objectives  Study design Study population Data sources Data analyses 

Specific 

objective 1:  

Spatial and 

space-time 

clustering of TB 

Ecological 

study design 

 

All TB patients of 

the Gurage Zone 

who attended 

DOTS-providing 

facilities from 

2007 to 2016 

• Unit TB Register 

- TB patients data 

• CSA 

- Population data 

- Geo-location data 

• Global Moran’s 

I statistic 

• Kulldroff’s scan 

statistic 

• Getis-Ord   
  

statistic 

Specific 

objective 2:  

Estimating 

spatial risk of 

TB distribution  

Ecological 

study design 

 

All TB patients of 

the Gurage Zone 

who attended 

DOTS-providing 

facilities in 2016 

• Unit TB Register 

- TB patients data 

• CSA 

- Population data 

- Geo-location data 

• GDE Model V2 

- Altitude data 

• SEBS 

• Geostatistical 

kriging 

• Cross-validation 

technique 

• Sensitivity 

analyses 

Specific 

objective 3:  

Ecological 

factors affecting 

spatial 

distribution of 

TB  

Ecological 

study design 

 

All TB patients of 

the Gurage Zone 

who attended 

DOTS-providing 

facilities from 

2007 to 2016 

• Unit TB Register 

- TB patients data 

• CSA 

- Population data 

- Geo-location data 

• MODIS imagery 

- NDVI data 

• Meteorol. Agency 

- Rainfall data 

- Temperature data 

• Spatial panel 

data analyses 
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5. RESULTS 

5.1 Specific objective 1 (Paper I): Spatial and space-time clustering of TB 

5.1.1 Demographic characteristics of TB cases 

A total of 16,618 TB cases were diagnosed between 2007 and 2016. Of these, 4.9% were 

excluded from the final analyses due to incomplete addresses or being outside of the study area. 

Out of the 15,805 cases included in this study 55.3% were males. The mean age with a standard 

deviation of the cases was 34.0 ± 16.4. About 93.2% of the cases were newly diagnosed, while 

6.8% were retreatment cases. Fifteen percent of the cases were from urban areas. The prevalence 

of TB varied from 70.4 to 155.3 cases per 100,000 population during 2007 to 2016 (Figure 4). 

 

 
 

Figure 4 Trend of TB prevalence in Gurage Zone, Sothern Ethiopia 

5.1.2 Spatial autocorrelation 

The global Moran's I statistic was significant for each year (P-value < 0.001), implying that there 

were spatial and space-time clustering in the distribution of TB in the Gurage Zone (Table 2). 
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Table 2 Global spatial autocorrelation of TB distribution in Gurage Zone, Southern Ethiopia, 

2007-2016 

Year                               Moran’s I  Z-score       P-value                         Pattern 

2007                                0.266568    12.3 <0.001                        Clustered 

2008                                0.143781    6.8 <0.001                        Clustered                                      

2009                                0.194124 

2010                                0.288589 

2011                                0.191062 

2012                                0.161519 

2013                                0.116817 

2014                                0.130803 

2015                                0.174448 

2016                                0.098785 

   9.6 

   13.4 

   9.1 

   7.7 

   5.4 

   6.1 

   8.2 

  4.6 

<0.001                        Clustered                                 

<0.001                        Clustered 

<0.001                        Clustered 

<0.001                        Clustered 

<0.001                        Clustered 

<0.001                        Clustered 

<0.001                        Clustered 

<0.001                        Clustered 

 

5.1.3 Purely spatial clusters 

The purely spatial cluster analyses identified the clusters for high occurrence of TB at peripheral 

areas of the geographic zone. The most likely cluster with 291 TB cases (71.19 expected cases) 

was detected at southwest of Abeshege district. The size of the cluster was within a radius of 

4.45 km. People within this cluster had about four times higher risk of TB infection than those 

outside the cluster (LLR = 192.87, P-value < 0.001). Eleven significant secondary clusters for 

high occurrence of TB were also detected (LLR = 2.56-135.75, P-value < 0.001). Most of these 

locations belong to the districts of Gumer, Endegagn, Enemor Ener, eastern Abeshege, Kebena, 

Welkite Town, northern Ezha, northwestern and eastern Cheha, Meskan, Butajira Town, 

northern Merako, southwest Sodo (Table 3, Figure 5).   
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Table 3 Purely spatial clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia, 

2007-2016 

 

Cluster type            Cluster Year     Cluster center/radius             

Observed     Expected  

   cases             cases 

 

 LLR            RR     P-value  

Most likely cluster     2007-2016       (8.27 N, 37.58 E) / 4.45 km                         

Secondary cluster      2007-2016        (8.12 N, 38.53 E) / 16.50 km             

2
nd

 secondary             2007-2016        (7.85 N, 37.82 E) / 9.97 km               

3
rd

  secondary            2007-2016        (8.33 N, 37.88 E) / 12.32 km             

4
th

  secondary            2007-2016        (8.05 N, 37.64 E) / 14.69 km             

5
th

  secondary            2007-2016        (7.97 N, 38.06 E) / 3.98 km               

6
th

  secondary            2007-2016        (8.24 N, 38.06 E) / 0 km                     

7
th

  secondary            2007-2016        (8.14 N, 38.31 E) / 1.56 km                

8
th

  secondary            2007-2016        (8.18 N, 37.85 E) / 0 km                     

 9
th

  secondary           2007-2016        (8.32 N, 38.55 E) / 0 km              

10
th

  secondary          2007-2016        (8.41N, 38.24 E) / 0 km                         

     291              71.19 

     3325            535.65 

     1365            998.14 

     1253            942.62 

     685              460.81 

     340              213.02 

     36                8.93 

     218              136.27 

     58                23.55 

     140              86.04 

     44                17.22 

 192.87        4.16       <0.001   

 135.75        1.39       <0.001 

 64.99          1.40       <0.001  

 49.53          1.36       <0.001 

 49.21          1.51       <0.001 

 32.51          1.61       <0.001 

 23.14          4.04       <0.001 

 20.91          1.61       <0.001 

 17.86          2.47       <0.001 

 14.29          1.63       <0.001 

 2.56            14.52     <0.001 

 

 
 

Figure 5 Purely spatial clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia 
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The nature of the clusters for high occurrence of TB in the study area was evaluated for each 

year from 2007 to 2016. There were considerable spatial variations in the risk of TB by year 

(Table 4, Figure 6). The   
  statistic showed spatial variations in the risk of TB at nearly similar 

geographic locations (Figure 7). 

Table 4 Annual purely spatial clusters for high occurrence of TB in Gurage Zone, Southern 

Ethiopia, 2007-2016 

 

Cluster type            Cluster Year      Cluster center/radius            

 Observed    Expected  

      cases         cases 

 

  LLR         RR       P-value  

Most likely cluster        2007              (8.15 N, 38.17 E) / 32.07 km                     

Secondary cluster         2007              (8.29 N, 37.51 E) / 14.61 km             

Most likely cluster        2008              (8.36 N, 37.49 E) / 14.45 km             

Secondary cluster         2008              (8.28 N, 37.99 E) / 23.45 km              

2
nd

 secondary                2008              (8.23 N, 38.49 E) / 4.54 km                

3
rd

 secondary                2008               (7.94 N, 38.07 E) / 0 km                     

4
th

 secondary                2008               (7.84 N, 37.83 E) / 7.78 km                

5
th

 secondary                2008               (8.14 N, 38.31 E) / 1.56 km                    

Most likely cluster       2009               (8.43 N, 37.56 E) / 47.88 km               

Secondary cluster         2009              (7.89 N, 37.84 E) / 6.97 km                 

2
nd

 secondary                2009              (8.22 N, 38.51 E) / 7.02 km                 

3
rd

 secondary                2009               (8.14 N, 38.31 E) / 1.56 km                          

4
th

 secondary                 2009              (8.33 N, 38.20 E) / 11.49 km                

5
th

 secondary                 2009              (7.97 N, 38.11 E) / 9.16 km                  

Most likely cluster        2010              (7.86 N, 37.73 E) / 12.99 km                

Secondary cluster          2010              (7.97 N, 38.11 E) / 5.98 km                   

2
nd

 secondary                 2010              (8.25 N, 38.51 E) / 10.06 km                   

3
rd

 secondary                 2010              (8.06 N, 38.46 E) / 3.13 km                       

4
th

 secondary                 2010              (8.13 N, 38.30 E) / 0 km                            

5
th

 secondary                 2010              (8.31 N, 37.96 E) / 4.93 km                  

Most likely cluster        2011              (8.13 N, 38.64 E) / 23.49 km                   

Secondary cluster          2011              (8.36 N, 37.49 E) / 14.45 km               

2
nd

 secondary                 2011              (8.03 N, 37.83 E) / 0 km                      

3
rd

 secondary                 2011              (7.84 N, 37.83 E) / 1.56 km                     

4
th

 secondary                 2011              (8.17 N, 38.25 E) / 7.07 km                  

Most likely cluster        2012              (8.00 N, 38.58 E) / 27.86 km               

Secondary cluster          2012             (8.12 N, 37.76 E) / 4.58 km                 

2
nd

 secondary                 2012             (8.26 N, 37.73 E) / 5.93 km                  

Most likely cluster         2013             (8.06 N, 38.47 E) / 11.50 km               

Secondary cluster          2013             (7.86 N, 37.75 E) / 2.20 km                  

2
nd

 secondary                 2013             (8.28 N, 38.53 E) / 4.96 km                  

3
rd

 secondary                 2013              (8.27 N, 37.58 E) / 4.45 km                  

Most likely cluster         2014             (8.00 N, 38.50 E) / 4.96 km                  

Secondary cluster          2014             (8.33 N, 37.85 E) / 3.30 km                  

2
nd

 secondary                 2014             (8.10 N, 37.70 E) / 11.50 km               

3
rd

 secondary                 2014             (8.19 N, 37.94 E) / 3.98 km                 

Most likely cluster         2015             (8.06 N, 38.51 E) / 17.92 km               

Secondary cluster          2015             (8.18 N, 37.63 E) / 40.94 km              

2
nd

 secondary                 2015             (7.82 N, 37.89 E) / 3.13 km                 

Most likely cluster         2016             (8.29 N, 37.51 E) / 9.92 km                 

Secondary cluster          2016             (7.91 N, 37.86 E) / 3.98 km                  

2
nd

 secondary                 2016             (8.00 N, 38.58 E) / 25.06 km               

3
rd

 secondary                 2016             (8.33 N, 37.88 E) / 12.32 km               

4
th

 secondary                 2016             (8.05 N, 37.64 E) / 7.78 km                  

       635           406.44 

       86             24.92 

      101            22.78 

       325           215.73 

       44             12.91 

       14             2.13 

       68             34.01 

       25             8.04 

       382           194.53 

       85             39.00 

       61             26.13 

       28             9.20 

       100           60.88 

       71             39.17 

       137           54.72 

       89             31.16 

       111           52.84 

       60             21.73 

       23             6.54 

       35             14.97 

      507            267.67 

      109            45.68 

       26             7.19 

       27             7.84 

       72             39.60 

       525           319.81 

       60             21.56 

       93             57.16 

       380           231.48 

       42             12.21 

       49             21.85 

       25             8.55 

       151           52.54 

       48             11.27 

       144           87.60 

       46             22.48 

       481           334.77 

       843           688.91 

       43             18.53 

       66             23.11 

       57             21.01 

       343           251.21 

       148           95.13 

       26             9.82 

 118.53       2.91      <0.001    

 47.64         3.71      <0.001 

 75.66         4.85      <0.001  

 32.70         1.78      <0.001 

 23.40         3.53      <0.001 

 14.56         6.65      <0.001 

 13.78         2.08      <0.001 

 11.55         3.17        0.004 

 92.08         2.50      <0.001 

 21.26         2.28      <0.001 

 17.44         2.42      <0.001 

 12.53         3.10      <0.001 

 11.28         1.71        0.005 

 10.90         1.87        0.006 

 46.24         2.68      <0.001 

 36.90         2.99      <0.001 

 25.61         2.20      <0.001 

 23.24         2.85      <0.001 

 12.56         3.56      <0.001 

 9.85           2.38        0.017 

 103.35       2.23      <0.001 

 32.59         2.47      <0.001 

 14.71         3.65      <0.001 

 14.32         3.48      <0.001 

 10.94         1.85        0.006 

 69.98         1.91      <0.001 

 23.39         2.84      <0.001 

 9.80           1.66        0.018 

 46.66         1.80      <0.001 

 22.33         3.49      <0.001 

 12.62         2.28      <0.001 

 10.44         2.95      <0.011 

 63.04         3.00      <0.001 

 33.11         4.33      <0.001 

 15.87         1.68      <0.001 

 9.53           2.07        0.024 

 34.58         1.57      <0.001 

 25.27         1.38      <0.001 

 11.88         2.35        0.003 

 26.96         2.94      <0.001 

 21.32         2.78      <0.001 

 18.24         1.47      <0.001 

 13.49         1.61      <0.001 

 9.22           2.68        0.030 
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Figure 6 Annual purely spatial clusters for high occurrence of TB identified by using SaTScan 

statistic in Gurage Zone, Southern Ethiopia 

 

 



37 

 

 
 

Figure 7 Spatial locations of significant hotspots of TB identified by using Getis-Ord   
  statistic 

in Gurage Zone, Southern Ethiopia 
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5.1.4 Space-time clusters 

The space-time cluster analysis identified the clusters for high occurrence of TB at peripheral 

areas of the study area. The most likely cluster with 2,502 observed cases (1,353.51 expected 

cases) was detected for the period 2011 to 2015. The cluster covered Meskan, Butajira Town, 

Merako and southwest of Sodo areas within a radius of 17.92 km. People living within this 

cluster had about two times higher risk of TB infection than those outside the cluster (LLR = 

435.61, P-value < 0.001). A secondary cluster covering Endegagn, Enemor Ener, Cheha, 

Abeshege, Welkite Town, weastern Kebena, northern Ezha and western Mihur Aklil areas was 

detected for the period 2011 to 2015 (LLR = 202.81, P-value < 0.001). The second secondary 

cluster was detected at central Gumer district for the period 2007 to 2011 (LLR = 37.64, P-value 

< 0.001) (Table 5, Figure 8).  

Table 5 Space-time clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia, 2007-

2016 

 

Cluster type                  Year            Cluster center/radius             

Observed    Expected  

 cases           cases 

 

LLR           RR         P-value  

Most likely cluster      2011-2015      (8.06 N, 38.51 E) / 17.92 km                      

Secondary cluster        2011-2015      (8.12 N, 37.64 E) / 39.95 km               

2
nd

 secondary               2007-2011      (7.97 N, 38.06 E) / 3.98 km                  

 2502            1353.51 

 4117            3076.12 

 197              99.21 

435.61        2.01        <0.001   

202.81        1.46        <0.001 

37.64          2.00        <0.001  

 

 
 

 

Figure 8 Space-time clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia 
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5.2 Specific objective 2 (Paper II): Estimating spatial risk of TB distribution 

5.2.1 Patient characteristics  

A total of 1,626 TB cases were diagnosed during January to December, 2016. Only 1.5% of them 

were excluded from the final analyses because of incomplete addresses or being outside of the 

study area. Out of 1,601 cases included in this study 57.5% were males and 42.5% were females, 

yielding a male to female ratio of 1.3:1. The mean age with a standard deviation was 36 ± 17 

years for all cases (34 ± 16 years for males and 38 ± 17 years for females). About 89.6% of the 

cases were newly diagnosed, while 10.4% were retreatment cases. Of the cases 41.2% were 

PTB+, 31.9% PTB- and 26.9% ETB. Residentially, 86.6% were from rural areas (Table 6).  

Table 6 Characteristics of TB patients in Gurage Zone, Southern Ethiopia, 2017 (n = 1,601) 

Variables Number Percent 

Sex                                 

   Male 920 57.5 

   Female 681 42.5 

Residence              

   Rural 1387 86.6 

   Urban 214 13.4 

Category of TB            

   Newly diagnosed 1435 89.6 

   Retreatment 166 10.4 

Type of TB                   

   PTB+ 661 41.2 

   PTB- 510 31.9 

   ETB 430 26.9 
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5.2.2 The actual spatial risk of TB distribution 

The risk distribution of TB varied from 59 to 173 cases per 100,000 population across districts of 

the Gurage Zone (Figure 9). Moreover, the smoothed rates of TB varied from zero to 634 cases 

per 100,000 population across kebeles of the zone. High risk of TB was observed at northwest, 

western, southwest and southeast parts. The risk distribution crossed between high and low at 

west-central parts (Figure 10). 

 

 

 

 

Figure 9 TB prevalence rates by districts in Gurage Zone, Southern Ethiopia 

173 

158 154 

139 

122 
114 

99 
92 

87 

77 76 75 75 73 

59 

40

60

80

100

120

140

160

180

T
B

 c
a
se

s 
p

er
 1

0
0
,0

0
0
 p

o
p

u
la

ti
o
n

 



41 

 

 
 
 

Figure 10 The SEBS rates of TB in Gurage Zone, Southern Ethiopia 

 

5.2.3 The best-fitted models 

The best geostatistical kriging models were decided to be: 1) Pentaspherical semivariogram, 

local detrending, true anisotropy and altitude and latitude covariates for modeling with 40% of 

spatial dataset, 2) Rational Quadratic semivariogram, local detrending, true anisotropy and 

altitude and latitude covariates for modeling with 60% of spatial dataset, and 3) K-Bessel 

semivariogram, global detrending, true anisotropy and altitude and latitude covariates for 

modeling with 80% of spatial dataset. The detrending pattern of the models changed from local 

to global as the size of spatial dataset increased. Moreover, the models predictive accuracies also 

improved as the size of spatial dataset increased, which was indicated by 0 MSE, 1 RMSSE, and 

ASE approached RMSE (i.e., the variability in prediction is correctly assessed) (Table 7). 
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Table 7 Comparison of cross-validation statistics for TB spatial datasets in Gurage Zone, 

Southern Ethiopia, 2017 

 

Cross-validation statistics 

                    Ordinary cokriging models  

With 40% dataset      With 60% dataset 

 

With 80% dataset         

MSE  

RMSSE  

RMSE  

ASE 

         0                                         0 

         1                                         1 

         89                                       88 

         93                                       87 

                    0 

                    1 

                    87 

                    87 

 

 

5.2.4 Sensitivity analyses outputs 

The parameter values for nugget and range from the input geostatistical model sources were 

8123.85 and 72891.45 for the model with 40% spatial dataset, 7178.77 and 78808.04 for the 

model with 60% spatial dataset, and 7210.46 and 78767.27 for the model with 80% spatial 

dataset, respectively. Five random nugget and range values that were found within 10% of the 

input models’ nugget and range values were calculated for each dataset and used as input 

parameters. There were only small fluctuations in the prediction outputs for the corresponding 

input parameters, indicating more accurate predictive performance of the models (Table 8). 
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Table 8 The semivariogram sensitivity analyses results for TB spatial datasets in Gurage Zone, 

Southern Ethiopia, 2017 

Model                        Random Parameter         Prediction      Standard Error        Nugget                         Range                                                                 

Modeling with 40%        Nugget 

Dataset                             Nugget 

                                          Nugget 

                                          Nugget 

                                          Nugget 

                                          Range 

                                          Range 

                                          Range 

                                          Range 

                                          Range 

Modeling  with 60%       Nugget 

Dataset                             Nugget 

                                          Nugget 

                                          Nugget 

                                          Nugget 

                                          Range 

                                          Range 

                                          Range 

                                          Range 

                                          Range 

Modeling with 80%        Nugget 

Dataset                             Nugget 

                                          Nugget 

                                          Nugget 

                                          Nugget 

                                          Range 

                                          Range 

                                          Range 

                                          Range 

                                          Range 

79.00                        22.95                7898.75  

78.99                        23.34                8170.68 

79.01                        22.66                7702.39 

79.01                        22.35                7467.51 

79.02                        22.47                7572.18 

78.99                        23.18                8062.43 

78.65                        23.19                8068.52 

78.66                        23.17                8050.92 

78.66                        23.17                8051.90 

78.65                        23.19                8068.39 

67.35                        21.45                6995.20 

67.63                        20.94                7360.37 

67.57                        21.05                7284.92 

67.66                        20.90                7425.62 

67.68                        21.24               7669.06 

67.44                        21.16               7018.50 

83.57                        21.03               6920.55 

67.55                        21.00               7076.75 

77.54                        20.82               6979.91 

67.55                        21.00               7076.00 

77.35                        20.49               7017.76 

77.46                        20.86               7356.95 

77.51                        21.51               7865.18 

77.20                        20.02               6603.89 

77.45                        20.84               7332.31 

77.82                        20.60               7212.61 

77.82                        20.60               7212.40 

74.71                        19.43               7172.59 

74.71                        19.44               7179.62 

77.82                        20.61               7221.91 

            72891.45 

            72891.45 

            72891.45 

            72891.45 

            72891.45 

            76769.04 

            79894.51 

            72346.21 

            72671.44 

            79821.99 

            78808.04 

            78808.04 

            78808.04 

            78808.04 

            78808.04 

            80198.91 

           73192.36 

           85175.07 

           77256.03 

           85106.29 

           78767.27 

           78767.27 

           78767.27 

           78767.27 

           78767.27 

           80939.15 

           80888.19 

           72233.82 

           73658.34 

           83206.47 

 

5.2.5 The estimated spatial risk of TB distribution 

The ordinary cokriging models with 40%, 60% and 80% of the spatial datasets estimated high 

risk of TB at northwest, western, southwest and southeast parts of the Gurage Zone. The risk 

distribution crossed between high and low at west-central parts. Moreover, the models estimated 

high uncertainties of prediction at border areas of the zone, the magnitude of which decreased as 

the spatial dataset increased (Figure 11).  
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Figure 11 The prediction risk maps of TB and associated standard error maps in Gurage Zone, 

Southern Ethiopia 
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5.2.6 Comparison between estimated and actual spatial risk of TB distribution 

The three estimation models identified areas for high risk of TB at locations that were closely 

similar to the actual high-risk areas, with reasonable predictive accuracies. These locations 

included northwest, western, southwest and southeast parts of the Gurage Zone. The risk 

distribution crossed between high and low at west-central parts (see Figures 10 and 11 above). 

5.3 Specific objective 3 (Paper III): Ecological factors affecting spatial distribution of TB 

5.3.1 Characteristics of TB cases 

From 16,618 TB cases diagnosed at all DOTS-providing health facilities in Gurage Zone from 

2007 to 2016, 4.9% were excluded from the final analyses due to incomplete addresses or being 

outside of the zone. Out of the 15,805 cases included in the final analyses 55.3% were males. A 

high proportion (85.8%) of the cases belonged to the working age group. About 93.2% of the 

cases were newly diagnosed. Pulmonary TB comprised more than two-thirds of all the cases. 

About 85.3% of the cases were diagnosed at the health centers in the zone (Table 9). Higher 

prevalence of TB was observed in urban areas compared to the rural areas during 2007 to 2016 

(Figure 12).  

Table 9 Demographic and clinical characteristics of TB cases in Gurage Zone, Southern Ethiopia, 2007-2016 

Variables Number Percent 

Sex                                 

   Male 8742 55.3 

   Female 7063 44.7 

Age (in years)               

   ≤ 14 1447 9.2 

   15-34 6888 43.6 

   35-64 6665 42.2 

   ≥ 65 805 5.1 

DOTS-providing facility               

   Health center 13480 85.3 

   Hospital 2325 14.7 

Category of TB            

    Newly diagnosed 14736 93.2 

    Retreatment 1069 6.8 

Type of TB                   

   PTB+ 5197 32.9 

   PTB- 6049 38.3 

   EPT 4559 28.8 



46 

 

 

Figure 12 Trend of TB prevalence in urban and rural areas of Gurage Zone, Sothern Ethiopia 

5.3.2 Description of the panel data 

The panel data included 425 kebeles that were observed for the period 2007 to 2016. There was 

higher variability in rainfall and temperature within kebeles compared to between kebeles. The 

variability in NDVI and population density was observed to be higher between kebeles compared 

to within kebeles. A higher variability in prevalence rate of TB was observed within kebeles 

compared to between kebeles during the study period (Table 10). This variability was lower at 

district level compared to the variability at kebele level (Figure13). 

Table 10 Summary of panel data used for the study in Gurage Zone, Southern Ethiopia, 2007-2016 

Variable Variation   Mean     Std. Dev.            Min            Max   Observation* 

Rainfall Overall   89.9   21.5 31.9 147.9          N = 4250 

Between 

 

 14.7 59.7 121.0          n = 425 

 

Within 

 

 15.7 36.5 126.4          T = 10 

Temperature Overall 18.9    2.1 9.2 69.0          N = 4250 

Between 

 

   1.8 14.5 25.6          n = 425 

 

Within 

 

   1.0 11.8 64.7          T = 10 

NDVI Overall 5493.4     806.0 2718.8 7017.8          N = 4250 

 

Between 

 

    772.8 3159.6 6643.8          n = 425 

 

Within 

 

    231.9 4813.8 6199.2          T = 10 

Population density Overall    332.1     444.2 31.5 7300.6          N = 4250 

 

Between 

 

    441.6 35.8 6467.7          n = 42 

 

Within 

 

 52.1 -441.6 1802.1          T = 10 

TB prevalence rate Overall    111.9    132.0      1.0  1820.0           N = 4250 

 

Between 

 

 82.5      1.0   887.6           n = 425 

 

Within 

 

   103.2   -774.6  1106.1           T = 10 

*N = total number of observations, n = the number of kebeles, T = observation per kebele 

0

50

100

150

200

250

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

T
B

 c
a

se
s 

p
er

 1
0

0
,0

0
0

 p
o

p
u

la
ti

n
 

Year of diagnosis 

Urban

Rural



47 

 

 

A) Trend of log10(TB prevalence rate) at district level 

 

B) Trend of log10(TB prevalence rate) at kebele level 
 

Figure 13 Variation of TB prevalence rate at A) districts and B) sample kebeles in Gurage Zone, 

Southern Ethiopia 
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5.3.3 Ecological factors affecting the spatial distribution of TB 

The fixed-effects spatial autocorrelation model revealed that both the spatial autoregressive 

coefficient ( ) in the spatial lag of TB prevalence rate and the spatial autocorrelation coefficient 

( ) in the spatial error terms were statistically significant, indicating that the TB prevalence rate 

observed in a given kebele was affected by both TB prevalence rate and unobserved factors in 

the neighboring kebeles. By controlling the spatial effects, a 1°C rise in temperature was 

associated with an increase in the number of TB prevalence rate by 0.72. By controlling the 

spatial effects, a 1 person per square kilometer increase in population density was related to an 

increase in the number of TB prevalence rate by 1.19 (Table 11).  

Table 11 Outcome of fixed-effects spatial autocorrelation model for the spatial association 

between ecological factors and TB prevalence rate in Gurage Zone, Southern Ethiopia, 2007-

2016 

Variable   Coefficient Std. Err.      Z    P>|Z|    [95% Conf. Interval] 

Rainfall       0.07     0.08    0.88   0.378      -0.080   0.212 

Temperature       0.72     0.32    2.28   0.022       0.102   1.345 

NDVI       0.23     0.34    0.69   0.491      -0.432   0.901 

Population density 

    

   

      1.19 

      0.83 

     -0.70 

    0.17 

    0.01 

    0.03 

   6.93 

 66.52 

-20.62 

<0.001 

<0.001 

<0.001 

      0.855 

      0.800 

     -0.769 

  1.529 

  0.849 

 -0.636 
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5.4 Summary of the results by specific objectives 

Specific objective 1 (Paper I): The prevalence of TB varied from 70.4 to 155.3 cases per 

100,000 population in the Gurage Zone during 2007 to 2016. Eleven purely spatial and three 

space-time clusters were detected (P-value < 0.001). The clusters were concentrated in border 

areas of the Gurage Zone.  

Specific objective 2 (Paper II): The predictive accuracies of ordinary cokriging models have 

improved with the true anisotropy, altitude and latitude covariates, the change in detrending 

pattern from local to global, and the increase in size of spatial dataset. The risk of TB was 

estimated to be higher at western, northwest, southwest and southeast parts of the study area, and 

crossed between high and low at west-central parts.  

Specific objective 3 (Paper III): The TB prevalence rate observed in a given kebele was 

influenced by both TB prevalence rate and unobserved factors in the neighboring kebeles in the 

Gurage Zone. By controlling the spatial effects, a 1°C rise in temperature was associated with an 

increase in the number of TB prevalence rate by 0.72, and a 1 person per square kilometer 

increase in population density was related to an increase in the number of TB prevalence rate by 

1.19. 
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6. DISCUSSION 

6.1 Specific objective 1 (Paper I): Spatial and space-time clustering of TB 

This study aims to identify the location, size and risk of purely spatial and space-time clusters for 

high occurrence of TB in Gurage Zone, Southern Ethiopia during 2007 to 2016. The clusters 

with high likelihood of TB occurrence were detected in border areas of the zone. The possible 

explanation for this could be that there were frequent cross-border population movements from 

the neighboring border areas of Jimma, Yem, Hadiya, Silte, West Shewa and East Shewa zones 

for economic and social reasons, which could favor the disease transmission in these areas. This 

is true according to other studies (90). Therefore, future TB prevention and control efforts in 

these areas should include strengthening health infrastructure, staff capacity building, 

considering early diagnosis and treatment of symptomatic cases, and increasing community 

awareness. Furthermore, establishing a neighborhood collaboration network may also help 

reduce the disease burden in these areas. 

Three space-time clusters that were persistent for five years were detected in the zone. This 

might be due to the uniform implementation of TB prevention and control activities in the zone 

without targeting high-risk geographical areas (9). On the other hand, the high occurrence of TB 

could be due to the community-based TB intervention through TB REACH program during 2011 

to 2015. Thus, application of GIS and spatial statistical techniques to identify purely spatial and 

space-time clusters for high occurrence of TB can be recommended for optimal utilization TB 

resources (49). 

6.2 Specific objective 2 (Paper II): Estimating spatial risk of TB distribution 

This study has underscored that the geostatistical kriging approach can be applied to estimate the 

spatial risk of TB distribution in settings where spatially limited data are available. The 

estimation models indicated that there was spatial heterogeneity in the risk of TB distribution in 

the Gurage Zone, indicating the disease did not affect all of the communities in the area with the 

same severity. The risk was higher in northwest, western, southwest and southeast parts of the 

zone. However, the risk distribution interlocked between high and low at west-central parts. 

Evidences have revealed that differences in underlying socioeconomic, climatic and geographic 

conditions, and uneven allocation of public health resources could contribute for the spatial 

heterogeneity in the risk of TB distribution (11, 18, 91). Moreover, the cross-border population 
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movements from the neighboring border areas could also facilitate the high transmission of TB, 

especially at border areas of the zone (90, 92, 93). Therefore, the estimated risk map of TB may 

help local public health authorities prioritize locations that required immediate interventions. 

This study revealed that cokriging with altitude and latitude were the best geostatistical models, 

which suggested that including these covariables improved the predictive accuracies of the 

models. This reflects that geographical factors can affect the risk distribution of TB in the 

Gurage Zone. Previous studies have highlighted that the geographical factors had explicit 

impacts on the risk distribution of TB (11, 18, 53, 91). Thus, impacts of geographical factors on 

TB prevention and control should be evaluated, and interventions should be formulated based on 

geographical features. 

This study has also practical implications to TB prevention and control programs in low-income 

countries, where obtaining spatially complete TB data is difficult. The recent advancements in 

geostatistical modeling techniques and increasing availability of public health data from the 

national prevalence surveys, demographic and health system surveys and health facilities will be 

the good opportunities for epidemiologists working in such settings to predict the spatial risk of 

TB distribution and associated prediction uncertainty at non-surveyed locations (11, 94, 95). The 

resulting prediction risk map may allow them measure burden of the disease at all locations, 

identify high-risk geographical areas for targeted interventions, and evaluate the impacts of 

intervention programs. This will be useful for optimal utilization of the scarce public health 

resource. 

6.3 Specific objective 3 (Paper III): Ecological factors affecting spatial distribution of TB 

This study has applied the spatial panel data modeling techniques to estimate the effects of 

ecological factors on spatial distribution of TB prevalence rate in Gurage Zone, Southern 

Ethiopia using panel data from 425 kebeles and the period 2007 to 2016. A spatial panel data 

model is more appropriate when longitudinal data from multiple spatial units exhibit spatial 

autocorrelation (96). The model corrects for the deviations that are caused by the spatial 

interaction between kebeles and unobserved spatial heterogeneity by introducing a spatial weight 

matrix and a spatial heterogeneity into statistical modeling (89, 97). 
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This study revealed that the TB prevalence rate observed in a given kebele was affected by both 

the TB prevalence rate and unobserved factors in the surrounding kebeles, suggesting that there 

has been sustained transmission of TB within the communities. This finding is similar to 

previous studies (9, 12, 87, 88). Therefore, it can be recommended that neighboring kebeles 

should cooperate in the design and implementation of TB prevention and control strategies. 

The spatial panel data analysis has revealed that there was a positive association between 

temperature and TB prevalence rate during the study period. Previous studies support this finding 

(98). The relationship could be explained by the fact that higher temperatures promote the 

survival and replication of MTB and improve its activity (53). This implies that the burden of TB 

will be higher in the coming decades since there is a rapid increment in global temperature. Thus, 

TB prevention and control strategies should take temperature variations into consideration. 

This study has also elucidated that there was a positive association between population density 

and TB prevalence rate in the study area. The reason for this could be that higher population 

density increases the risk of personal contact and facilitates the transmission of TB (9). 

Therefore, policymakers and public health authorities should consider spatial locations with 

higher population density for TB prevention and control interventions. 

6.4 Internal validity and generalizability 

6.4.1 Internal validity 

Internal validity refers to the ability of the study to measure what it intends to measure correctly. 

It can be evaluated based on selection bias, information bias, confounding, and chance (99). 

Selection bias 

Selection bias refers to the distortion that arises from the processes by which individuals are 

selected into the study population (99). For the three specific objectives (Papers I-III) of this 

study, TB patients’ information was retrieved from all the unit TB registers at each DOTS-

providing health facilities in the study area. The TB patients were linked to their home address 

using geo-codes from CSA. This could help understand the true spatial epidemiology of TB in 

each kebele. The problem of ecologic bias (i.e., inferring results from aggregated data to 

individuals) was minimized by carrying out the analysis at the kebele level, the smallest 

administrative unit in the study area. The scan statistic, which was used in the cluster analyses, 
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has avoided a pre-selection bias by including all TB cases and areas without pre-determining 

high and low rates (Paper I). 

Information bias 

Information bias refers to the distortion that occurs from inaccuracies in the measurement of 

individual characteristics, and incorrect classification (99). This thesis has used secondary data 

that were collected from different sources. The TB patients’ information was obtained from all 

the unit TB registers at each DOTS-providing health facilities in the study area, linked to the 

correct home address, and geo-coded. Information bias depends on the capacity of health care 

workers to classify TB and complete the information in the register like address and date of 

diagnosis. The data consistency was checked by using the information from the unit TB registers. 

The population data were obtained from the CSA. Training was provided for supervisors and 

data collectors on issues like, the field methods, data extraction and record keeping (Papers I-III). 

Appropriate statistical methods were employed (Papers I-III). Altitude data were extracted from 

ASTER Global Digital Elevation Model V2 (Paper II). The NDVI data were derived from the 

MODIS imagery, and the temperature and rainfall data from the Meteorological Agency of 

Ethiopia (Paper III). 

Confounding 

Confounding refers to the distortion in the interpretation of findings due to the association of 

third variable with the exposure and outcome of interest obscuring whether the exposure is a 

cause of the outcome (99). The third variable does not lie in a causal pathway between the 

exposure and outcome. Confounding can underestimate, overestimate or change the direction of 

association. The ordinary cokriging models and spatial panel data regression were employed to 

control for the potential cofounders in Papers II and III, respectively. The confounding effects of 

ecological level factors, like unemployment rate and literacy rate were not controlled in the 

spatial analyses since it was not possible to access these variables at the kebele level. This could 

bias the results (Papers I-III). 
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Chance 

Chance refers to the random distortion of the observed association between the exposure and 

outcome of interest due to sampling variability (99). In Papers I and III, the role of chance was 

assessed by performing test of statistical significance at a P-value ≤ 0.05 or a 95% confidence 

interval not crossing the null hypothesis. The cross-validation technique was also used to decide 

the best set of input parameters for the geostatistical kriging models in Paper II. Moreover, all 

TB cases diagnosed at each DOTS-providing health facilities were included in the study for each 

kebele and for each year, which could improve precision of the studies’ results (Papers I-III).  

6.4.2 Generalizability 

Generalizability refers to the extent to which the study findings can be generalized to the larger 

population or other similar situations (100). The findings of this thesis can be used to understand 

the spatial epidemiology of TB in geographical locations that have similar socioeconomic, health 

services and other characteristics to the area of these studies. Moreover, the spatial 

epidemiological methods used in these studies can also be applied in other settings to discover 

geographical areas that need more attention, measure the disease burden at locations where data 

is unavailable, identify neighborhood factors affecting TB distribution, explore the transmission 

pattern, and evaluate the impacts of interventions. 

6.5 Strengths and limitations 

6.5.1 Strengths  

This study has several strengths. A high resolution spatial data were used to assess the spatial 

nature of TB distribution at the smallest administrative level, which might reduce the role of 

ecological bias (Papers I-III). The study covered a wider geographical area containing urban and 

rural areas (Papers I-III). Errors related to the geo-coding of cases were avoided by linking each 

case to the correct home address using geo-codes from the CSA (Papers I-III). The spatial data 

included all forms of TB, so findings did reflect the total burden of TB in the study area (Papers 

I-III). A longer study period data were used to evaluate the changes in spatial pattern of TB and 

its ecological level determinants (Papers I and III). Multiple methods were used to detect 

location, size and severity of purely spatial and space-time clusters for high occurrence of TB in 

the study area (Paper I). The use of a geostatistical kriging approach to estimate communicable 

disease's predicted risk surface is a new trend in public health and it is robust. The method was 
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employed to estimate the spatial risk of TB distribution in the study area using limited spatial 

datasets (Paper II). The spatial panel data analysis, which could be more appropriate method to 

analyze space-time data, was used to examine the relationship between ecological factors and TB 

prevalence rate (Paper III). 

6.5.2 Limitations 

This study has also limitations. The study did not include TB patients who would remain 

undiagnosed due to different reasons, and those diagnosed and treated at health facilities outside 

the study area. These could affect the nature of TB distribution by underestimating the 

prevalence (Papers I-III). The modifiable area unit problem might arise due to data aggregation 

at the kebele level. The results of the analysis could vary if the geographic boundaries of kebeles 

were modified. This might potentially influence the validity of the results (Papers I-III). The 

denominator population numbers could be affected by uneven population growth across the 

study area since the numbers were projected from the 2007 census (Papers I-III). The 

confounding effects of factors, like unemployment rate, literacy rate and age dependency ratio 

stigma, level of awareness about TB, HIV prevalence, migration, health service coverage and 

performance of health system were not controlled in the spatial analyses since it was difficult to 

access these variables at the kebele level (Papers I-III). The Kulldroff’s scan statistic used 

circular spatial scanning windows and space-time cylinders with circular spatial bases which 

could not detect irregular shaped clusters, and could include a few non-significant locations 

(Papers I). 
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7. CONCLUSIONS 

The following conclusions were made based on the findings of the study: 

 

 

 The spatial and space-time clusters for high occurrence of TB were mainly concentrated at 

border areas of the Gurage Zone. 

 The prevalence rate of TB in a given kebele was influenced by both the prevalence rate of 

TB and unobserved factors in its neighboring kebeles in the Gurage Zone, indicating 

sustained transmission of the disease within the communities. 

 The spatial risk of TB distribution between kebeles in the Gurage Zone was partly 

explained by spatial variations in temperature, population density, altitude, and latitude. 

 The geostatistical kriging approach can be applied to estimate the spatial risk of TB 

distribution in data limited settings.  
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8. RECOMMENDATIONS 

 

1. For TB prevention and control programs 

 The neighboring kebeles should cooperate in the design and implementation of TB 

prevention and control strategies to interrupt the chain of disease transmission between the 

communities. 

 TB prevention and control efforts at high-risk geographical areas should include 

strengthening health infrastructure, staff capacity building, early diagnosis and treatment 

of symptomatic cases, and increasing community awareness. 

 The designing of locally effective TB prevention and control strategies should consider 

spatial locations with higher temperature and population density. 

2. For policy implementation 

 Policymakers should consider applying the spatial epidemiological methods to assess 

spatial inequalities in TB distribution, and identify geographical areas where progress is 

lagging and greater public health attention is needed. 

 Planning TB prevention and control strategies based on data obtained from regional 

averages may mask local variations within regions. Thus, TB data from health facilities, 

demographic and health surveillances, national surveys and others should be used to 

estimate the spatial risk of TB distribution at kebele level, the smallest administrative unit 

used for healthcare planning. 

3. For further research 

 Further studies are required to evaluate the effectiveness of geographically targeting TB 

prevention and control interventions using the inputs from spatial analysis and mapping. 

 Further studies should be conducted to estimate the local spatial effects of ecological 

factors at each kebele using geographically weighted regression. 
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Abstract

Introduction

Spatial targeting is advocated as an effective method that contributes for achieving tubercu-

losis control in high-burden countries. However, there is a paucity of studies clarifying the

spatial nature of the disease in these countries. This study aims to identify the location, size

and risk of purely spatial and space-time clusters for high occurrence of tuberculosis in

Gurage Zone, Southern Ethiopia during 2007 to 2016.

Materials and methods

A total of 15,805 patient data that were retrieved from unit TB registers were included in the

final analyses. The spatial and space-time cluster analyses were performed using the global

Moran’s I, Getis-Ord G�i and Kulldorff’s scan statistics.

Results

Eleven purely spatial and three space-time clusters were detected (P <0.001).The clusters

were concentrated in border areas of the Gurage Zone. There were considerable spatial

variations in the risk of tuberculosis by year during the study period.

Conclusions

This study showed that tuberculosis clusters were mainly concentrated at border areas of

the Gurage Zone during the study period, suggesting that there has been sustained trans-

mission of the disease within these locations. The findings may help intensify the implemen-

tation of tuberculosis control activities in these locations. Further study is warranted to

explore the roles of various ecological factors on the observed spatial distribution of

tuberculosis.
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Introduction

Ethiopia remains among high Tuberculosis (TB) endemic countries in the world, with an esti-

mated annual incidence of 177 per 100,000 population [1]. TB places an extraordinary public

health, financial and social burden in the country [2, 3]. It is one of the most important infec-

tious diseases responsible as a leading cause of death and second cause of hospital admission

[4, 5]. The patients face various levels of isolation and rejection, including loss of employment,

reduced education opportunities, vulnerability to disability and divorce or spoiled marriage

prospects [6]. Moreover, co-infection with Human Immunodeficiency Virus and the emer-

gence of resistance to numerous anti-TB agents are recognized as increasing problems in the

country [7, 1].

During the past two decades, Geographic Information Systems (GIS) and spatial statistics

were used to detect spatial and space-time clustering of TB in many developing countries [8–

12]. Several studies have been conducted at the national, regional and district levels to investi-

gate the epidemiology of TB in Ethiopia [13–16]. Although these studies reveal helpful infor-

mation for TB control programs, spatial context such as clustering patterns of the disease have

rarely been taken into account. Spatial and space-time cluster analyses of TB may help public

health officials discover the high-risk geographical areas and population groups that require

targeted interventions [8–12]. Lack of such information may contribute for the partial effec-

tiveness of TB control programs in Ethiopia, where the national TB control program imple-

ments a uniform approach to allocate resource across the regions.

This study aims to identify the location, size and risk of purely spatial and space-time clus-

ters for high occurrence of TB in Gurage Zone, Southern Ethiopia during 2007 to 2016. The

information may contribute to more effective budget allocation, active search for symptomatic

patients, drug distribution, recruitment of skilled human resources, guiding the design of vac-

cination programs, community awareness creation through public health advocacy, and iden-

tifying factors behind the spread of the disease in high-risk areas.

Methods and materials

Study area

The study was conducted in the Gurage Zone, Southern Ethiopia, which is located between 7˚

76’ and 8˚45’ N latitude and 37˚46’ and 38˚71’ E longitude (Fig 1).The zone is divided into 13

districts and two town administrations (at Butajira and Wolkite).There are 403 rural and 20

urban kebeles (the smallest administrative units with a population of 5,000 on average) in the

zone. About 84% of the populations live in the rural areas [17]. The zone has an average popu-

lation of about 1,453,531 during 2007 to 2016 [18].

The zone has a total of 6 hospitals, 70 health centers, 414 health posts and 92 clinics that

are involved in the prevention and control of TB. The health posts and clinics provide health

education, identify suspects, refer patients to health centers and support treatment through

trained health extension workers from the community. Health centers perform sputum

microscopy, treatment and the referral of smear-negative and extra-pulmonary cases to hos-

pitals for further management, while hospitals render diagnosis, treatment and inpatient

care services [19].

The zone is selected for conducting this study mainly for two reasons. First, the zone has a

geographic diversity characterized by mountain ranges and valleys. This may impact a geo-

graphic access to TB diagnosis and treatment centers [20–21]. Hence, it is assumed that TB

cases are clustered in specific-geographic locations, and implementing a uniform TB control

measures may not be effective in mitigating the problem. Second, according to the Southern

Spatial and space-time clustering of tuberculosis
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Nations, Nationalities, and Peoples’ Regional State Health Department Report of 2016 the

zone is among the highest hit areas by TB in the region [19].

Data sources

The study was conducted from June to September, 2017. The list of DOTS-providing health

facilities were obtained from the Gurage Zone Health Department database. Trained data col-

lectors retrieved the patient information on sex, age, address, TB type, patient category and

date of treatment started from unit TB registers at DOTS-providing health facilities in the

Gurage Zone during 2007 to 2016. The patients’ addresses with similar names but from

Fig 1. Map of the study area (Gurage Zone).

https://doi.org/10.1371/journal.pone.0198353.g001
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different geo-locations were linked to their correct geo-locations to prevent duplication. TB

cases were diagnosed using pathogen detection, X-ray, and pathologic diagnosis according to

the diagnosis criteria recommended by the national TB diagnosis and treatment guideline of

Ethiopia [22]. The population and geo-location data for each kebele in the Zone were obtained

from the Central Statistical Agency of Ethiopia (CSA).

Data quality control. The training of data collectors and supervisors emphasized issues

such as data extraction format, field methods, and record keeping. The data were double

entered and checked page-by-page by year, district, kebele and health facilities against unit TB

registers for consistency and completeness throughout the entire data collection.

Data management and processing. Data entering, validating, cleaning and coding were

employed using MS Excel (MicroSoft, Redmond, WA, USA). In the study area TB data were

reported by the Basic Management Units. The reports might include cases outside of the

administrative catchment or miss cases from their catchment enrolled in neighboring health

facilities. The reason for this could be that the patients could cross the administrative bound-

aries for seeking health services by reason of access, preference and quality of care. Data aggre-

gation based on the correct address of patients could help understand the true spatial nature of

TB burden in the study area. Therefore, the patient data were aggregated at kebele level for spa-

tial analyses in this study. Kebele centroids were used to represent a geographically weighted

central location as coordinates.

Spatial autocorrelation analyses

The global Moran’s I statistic was run in ArcGIS 10.2to examine the presence of spatial cluster-

ing of TB in the whole study area. The value of Moran’s I is calculated based on the deviation

from the mean of two neighboring values. The following equation is used to calculate the Mor-

an’s I statistic [8]:

I ¼
n
S0

Pn
i¼1

Pn
j¼1

oi;jzizj
Pn

i¼1
z2
i

where zi is the deviation of a prevalence of TB for kebele i from its mean ðXi �
�XÞ, zj is the devia-

tion of a prevalence of TB for kebele j from its mean ðXj �
�XÞ, ωi,j is the spatial weight between

kebele i and j, n is the total number of kebeles, and S0 is the aggregate of all the spatial weights:

S0 ¼
Pn

i¼1

Pn
j¼1

oi;j. The zI-score for the statistic is computed as: zI ¼
I� E½I�ffiffiffiffiffi

V½I�
p , where E[I] = −1/(n−1)

and V[I] = E[I2]−E[I]2. The spatial relationships among kebeles were conceptualized by calculating

the spatial weights from the input file containing the prevalence rate of TB for each kebele (the

number of TB cases divided by the population of a given year and multiplied by 100,000) and the

geo-coordinates data. A first order queen polygon continuity weights matrix, which defines the

neighbors as those with either a shared border or vertex, was used for spatial weights [10]. The

spatial weighing matrix was constructed in Geographical data analysis tool (GeoDa) by using the

kebele-level polygon shape file Statistical significance for high occurrence of TB was decided when

the Z-score�1.96 and a P-value� 0.05.

Purely spatial and space-time cluster analyses

The Kulldroff’s scan statistic was performed in SaTScan 9.2 to identify the location, size and

severity of purely spatial and space-time clusters using the number of TB cases, the population

for each kebele, the year of TB diagnosis and the geo-coordinates data as input files (S1 and S2

Tables) [23]. The discrete Poisson model was used with the assumption that the number of TB

cases at each location was Poisson distributed with a known population at risk. Scan circles of

Spatial and space-time clustering of tuberculosis
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various sizes were used to identify the purely spatial clusters for high occurrence of TB. The

upper limit for the maximum cluster size was set to 50% of the population at risk, which allowed

small and large clusters to be detected. To identify space-time clusters for high occurrence of

TB, a cylindrical window with the circular geographic base representing to the space and height

to time was used. The size of the window was limited to 50% of the expected number of TB

cases, and the time was set to the time period from 2007 to 2016. In both cases, the likelihood

ratio was computed to measure a Relative Risk (RR) of TB occurrence within the cluster when

compared to the risk outside using Monte Carlo simulations. The maximum number of replica-

tions for Monte Carlo simulation was set to 99,999. The cluster with the maximum Log Likeli-

hood Ratio (LLR) was defined as the most likely cluster. The P-value was created using the

combination of approximation [23]. A standard of ‘no geographical overlap’ was selected to

report secondary clusters. Statistical significance was reported when a P-value was� 0.05.

The Getis-Ord G�i statistic was also implemented in ArcGIS 10.2 to identify the locations of

clusters for high occurrence of TB. The G�i statistic performs the spatial analysis by looking at each

kebele within the context of a neighboring kebele. The local sum for a kebele and its neighbors is

proportionally compared to the sum of all kebeles. When the local sum is much different than the

expected local sum and that difference is too large to be the result of random chance, a statistically

significant Z-score result. The following equation is used to compute the G�i statistic [8]:

G�i ¼
Pn

j¼1
oi;jxj � �X

Pn
j¼1

oi;j

S

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

n
Pn

j¼1
o2
i;j �
Pn

j¼1
oi;j

� �2
� �

n� 1

v
u
u
t

where xj is the prevalence of TB for kebele j, ωi,j is the spatial weight between kebeles i and j, n is

the total number of kebeles, �X ¼
Pn

j¼1
xj

n , and S ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
j¼1

xj2

n � ð�XÞ2
r

. Therefore, the G�i statistic is

a Z-score. The spatial relationships among kebeles were conceptualized by calculating the spatial

weights from the input file containing the prevalence rate of TB for each kebele and the geo-coor-

dinates data. A first order queen polygon continuity weights matrix, which defines the neighbors

as those with either a shared border or vertex, was used for spatial weights [10]. Statistical signifi-

cance for high occurrence of TB was decided when the G�i � 1:96 and a P-value� 0.05.

Ethical considerations

The study protocol was reviewed and approved by the Research and Ethical Committee (REC)

of the School of Public Health, and the Institutional Review Board (IRB) of the College of

Health Sciences, Addis Ababa University. Since the study used data from the retrospective

review of unit TB registers during 2007 to 2016, both the REC and IRB waived the requirement

for informed consent from the patients. For this reason, informed consent was not obtained

from the patients. A letter of support was obtained from the Gurage Zone Department of

Health to obtain information from all districts and health facilities. The anonymity of cases

was kept by using pseudo identification. Medical records were stored in a secure place to help

maintain the confidentiality of the clinical information of cases.

Results

Demographic characteristics of TB cases

A total of 16,618 TB cases were diagnosed between 2007 and 2016. Of these, 4.9% were

excluded from the final analyses due to incomplete addresses or being outside of the study
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area. Out of the 15,805 cases included in this study55.3% were males. The mean age with a

standard deviation of the cases was 34.0±16.4. About 93.2% of the cases were newly diagnosed,

while 6.8% were retreatment cases. Fifteen percent of the cases were from urban areas. The

prevalence of TB varied from 70.4 to 155.3 cases per 100,000 population during 2007 to 2016

(Fig 2).

Spatial autocorrelation

The global Moran’s I statistic was significant for each year, implying that there were clusters in

the distribution of TB in Gurage Zone, Southern Ethiopia (Table 1).

Purely spatial clusters

The purely spatial cluster analyses identified the clusters for high occurrence of TB at periph-

eral areas of the geographic zone. The most likely cluster with 291 TB cases (71.19 expected

cases) was detected at southwest of Abeshege district. The size of the cluster was within a

Fig 2. Trend of TB prevalence in Gurage Zone, Sothern Ethiopia, 2007–2016.

https://doi.org/10.1371/journal.pone.0198353.g002

Table 1. Global spatial autocorrelation of TB distribution in Gurage Zone, Southern Ethiopia, 2007–2016.

Year Moran’s I Z-score P-value Pattern

2007 0.266568 12.3 <0.001 Clustered

2008 0.143781 6.8 <0.001 Clustered

2009 0.194124 9.6 <0.001 Clustered

2010 0.288589 13.4 <0.001 Clustered

2011 0.191062 9.1 <0.001 Clustered

2012 0.161519 7.7 <0.001 Clustered

2013 0.116817 5.4 <0.001 Clustered

2014 0.130803 6.1 <0.001 Clustered

2015 0.174448 8.2 <0.001 Clustered

2016 0.098785 4.6 <0.001 Clustered

https://doi.org/10.1371/journal.pone.0198353.t001
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radius of 4.45 km. People within this cluster had 4.16 times higher risk of TB infection than

those outside the cluster. Eleven significant secondary clusters for high occurrence of TB were

also detected. Most of these locations belong to the districts of Gumer, Endegagn, Enemor

Ener, eastern Abeshege, Kebena, Welkite Town, northern Ezha, northwestern and eastern

Cheha, Meskan, Butajira Town, northern Merako, southwest Sodo (Table 2, Fig 3).

Table 2. Purely spatial clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia, 2007–2016.

Cluster type Cluster Year Cluster center/radius Observed cases Expected cases LLR RR P-value

Most likely cluster 2007–2016 (8.27 N, 37.58 E) / 4.45 km 291 71.19 192.87 4.16 <0.001

Secondary cluster 2007–2016 (8.12 N, 38.53 E) / 16.50 km 3325 535.65 135.75 1.39 <0.001

2nd secondary 2007–2016 (7.85 N, 37.82 E) / 9.97 km 1365 998.14 64.99 1.40 <0.001

3rd secondary 2007–2016 (8.33 N, 37.88 E) / 12.32 km 1253 942.62 49.53 1.36 <0.001

4th secondary 2007–2016 (8.05 N, 37.64 E) / 14.69 km 685 460.81 49.21 1.51 <0.001

5th secondary 2007–2016 (7.97 N, 38.06 E) / 3.98 km 340 213.02 32.51 1.61 <0.001

6th secondary 2007–2016 (8.24 N, 38.06 E) / 0 km 36 8.93 23.14 4.04 <0.001

7th secondary 2007–2016 (8.14 N, 38.31 E) / 1.56 km 218 136.27 20.91 1.61 <0.001

8th secondary 2007–2016 (8.18 N, 37.85 E) / 0 km 58 23.55 17.86 2.47 <0.001

9th secondary 2007–2016 (8.41N, 38.24 E) / 0 km 44 17.22 2.56 14.52 <0.001

10th secondary 2007–2016 (8.32 N, 38.55 E) / 0 km 140 86.04 14.29 1.63 <0.001

https://doi.org/10.1371/journal.pone.0198353.t002

Fig 3. Significant purely spatial clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia, 2007–2016.

https://doi.org/10.1371/journal.pone.0198353.g003
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The nature of the clusters for high occurrence of TB in the study area was evaluated for

each year from 2007 to 2016. There were considerable spatial variations in the risk of TB by

year (Table 3, Fig 4). Nearly consistent results were obtained by the G�i statistic (Fig 5).

Table 3. Annual purely spatial clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia, 2007–2016.

Cluster type Cluster Year Cluster center/radius Observed cases Expected cases LLR RR P-value

Most likely cluster 2007 (8.15 N, 38.17 E) / 32.07 km 635 406.44 118.53 2.91 <0.001

Secondary cluster 2007 (8.29 N, 37.51 E) / 14.61 km 86 24.92 47.64 3.71 <0.001

Most likely cluster 2008 (8.36 N, 37.49 E) / 14.45 km 101 22.78 75.66 4.85 <0.001

Secondary cluster 2008 (8.28 N, 37.99 E) / 23.45 km 325 215.73 32.70 1.78 <0.001

2nd secondary 2008 (8.23 N, 38.49 E) / 4.54 km 44 12.91 23.40 3.53 <0.001

3rd secondary 2008 (7.94 N, 38.07 E) / 0 km 14 2.13 14.56 6.65 <0.001

4th secondary 2008 (7.84 N, 37.83 E) / 7.78 km 68 34.01 13.78 2.08 <0.001

5th secondary 2008 (8.14 N, 38.31 E) / 1.56 km 25 8.04 11.55 3.17 <0.004

Most likely cluster 2009 (8.43 N, 37.56 E) / 47.88 km 382 194.53 92.08 2.50 <0.001

Secondary cluster 2009 (7.89 N, 37.84 E) / 6.97 km 85 39.00 21.26 2.28 <0.001

2nd secondary 2009 (8.22 N, 38.51 E) / 7.02 km 61 26.13 17.44 2.42 <0.001

3rd secondary 2009 (8.14 N, 38.31 E) / 1.56 km 28 9.20 12.53 3.10 <0.001

4th secondary 2009 (8.33 N, 38.20 E) / 11.49 km 100 60.88 11.28 1.71 <0.005

5th secondary 2009 (7.97 N, 38.11 E) / 9.16 km 71 39.17 10.90 1.87 <0.006

Most likely cluster 2010 (7.86 N, 37.73 E) / 12.99 km 137 54.72 46.24 2.68 <0.001

Secondary cluster 2010 (7.97 N, 38.11 E) / 5.98 km 89 31.16 36.90 2.99 <0.001

2nd secondary 2010 (8.25 N, 38.51 E) / 10.06 km 111 52.84 25.61 2.20 <0.001

3rd secondary 2010 (8.06 N, 38.46 E) / 3.13 km 60 21.73 23.24 2.85 <0.001

4th secondary 2010 (8.13 N, 38.30 E) / 0 km 23 6.54 12.56 3.56 <0.001

5th secondary 2010 (8.31 N, 37.96 E) / 4.93 km 35 14.97 9.85 2.38 <0.017

Most likely cluster 2011 (8.13 N, 38.64 E) / 23.49 km 507 267.67 103.35 2.23 <0.001

Secondary cluster 2011 (8.36 N, 37.49 E) / 14.45 km 109 45.68 32.59 2.47 <0.001

2nd secondary 2011 (8.03 N, 37.83 E) / 0 km 26 7.19 14.71 3.65 <0.001

3rd secondary 2011 (7.84 N, 37.83 E) / 1.56 km 27 7.84 14.32 3.48 <0.001

4th secondary 2011 (8.17 N, 38.25 E) / 7.07 km 72 39.60 10.94 1.85 <0.006

Most likely cluster 2012 (8.00 N, 38.58 E) / 27.86 km 525 319.81 69.98 1.91 <0.001

Secondary cluster 2012 (8.12 N, 37.76 E) / 4.58 km 60 21.56 23.39 2.84 <0.001

2nd secondary 2012 (8.26 N, 37.73 E) / 5.93 km 93 57.16 9.80 1.66 <0.018

Most likely cluster 2013 (8.06 N, 38.47 E) / 11.50 km 380 231.48 46.66 1.80 <0.001

Secondary cluster 2013 (7.86 N, 37.75 E) / 2.20 km 42 12.21 22.33 3.49 <0.001

2nd secondary 2013 (8.28 N, 38.53 E) / 4.96 km 49 21.85 12.62 2.28 <0.001

3rd secondary 2013 (8.27 N, 37.58 E) / 4.45 km 25 8.55 10.44 2.95 <0.001

Most likely cluster 2014 (8.00 N, 38.50 E) / 4.96 km 151 52.54 63.04 3.00 <0.001

Secondary cluster 2014 8.33 N, 37.85 E) / 3.30 km 48 11.27 33.11 4.33 <0.001

2nd secondary 2014 (8.10 N, 37.70 E) / 11.50 km 144 87.60 15.87 1.68 <0.001

3rd secondary 2014 (8.19 N, 37.94 E) / 3.98 km 46 22.48 9.53 2.07 <0.024

Most likely cluster 2015 (8.06 N, 38.51 E) / 17.92 km 481 334.77 34.58 1.57 <0.001

Secondary cluster 2015 (8.18 N, 37.63 E) / 40.94 km 843 688.91 25.27 1.38 <0.001

2nd secondary 2015 (7.82 N, 37.89 E) / 3.13 km 43 18.53 11.88 2.35 <0.003

Most likely cluster 2016 (8.29 N, 37.51 E) / 9.92 km 66 23.11 26.96 2.94 <0.001

Secondary cluster 2016 (7.91 N, 37.86 E) / 3.98 km 57 21.01 21.32 2.78 <0.001

2nd secondary 2016 (8.00 N, 38.58 E) / 25.06 km 343 251.21 18.24 1.47 <0.001

3rd secondary 2016 (8.33 N, 37.88 E) / 12.32 km 148 95.13 13.49 1.61 <0.001

4th secondary 2016 (8.05 N, 37.64 E) / 7.78 km 26 9.82 9.22 2.68 <0.030

https://doi.org/10.1371/journal.pone.0198353.t003
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Space-time clusters

The space-time cluster analysis identified the clusters for high occurrence of TB at peripheral

areas of the study area. The most likely cluster with 2,502 observed cases (1,353.51 expected cases)

was detected for the period 2011 to 2015.The cluster covered Meskan, Butajira Town, Merako

and southwest of Sodo areas within a radius of 17.92 km. People living within this cluster had 2.01

times higher risk of TB infection than those outside the cluster. A secondary cluster covering

Endegagn, Enemor Ener, Cheha, Abeshege, Welkite Town, weastern Kebena, northern Ezha and

western Mihur Aklil areas was detected for the period 2011 to 2015. The second secondary cluster

was detected at central Gumer district for the period 2007 to 2011 (Table 4, Fig 6).

Discussion

This study aims to identify the location, size and risk of purely spatial and space-time clusters

for high occurrence of TB in Gurage Zone, Southern Ethiopia during 2007 to 2016. The

Fig 4. Annual purely spatial clusters for high occurrence of TB identified by using SaTScan statistic in Gurage Zone, Southern Ethiopia,

2007–2016.

https://doi.org/10.1371/journal.pone.0198353.g004
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clusters with high likelihood of TB occurrence were detected in border areas of the zone. The

possible explanation for this could be that there were frequent cross-border population move-

ments from the neighboring border areas of Jimma, Yem, Hadiya, Silte, West Shewa and East

Shewa zones for economic and social reasons, which could favor the disease transmission in

these areas. This is true according to other studies [24]. Therefore, future TB prevention and

control efforts in these areas should include strengthening health infrastructure, staff capacity

building, considering early diagnosis and treatment of symptomatic cases, and increasing

community awareness. Furthermore, establishing a cross-border collaboration network may

also help reduce the disease burden in these areas.

Fig 5. Spatial locations of significant hotspots of TB identified by using Getis-Ord G�i statistic in Gurage Zone, Southern Ethiopia, 2007–2016.

https://doi.org/10.1371/journal.pone.0198353.g005

Table 4. Space-time clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia, 2007–2016.

Cluster type Cluster Year Cluster center/radius Observed cases Expected cases LLR RR P-value

Most likely cluster 2011–2015 (8.06 N, 38.51 E) / 17.92 km 2502 1353.51 435.61 2.01 <0.001

Secondary cluster 2011–2015 (8.12 N, 37.64 E) / 39.95 km 4117 3076.12 202.81 1.46 <0.001

2nd secondary 2007–2011 (7.97 N, 38.06 E) / 3.98 km 197 99.21 37.64 2.00 <0.001

https://doi.org/10.1371/journal.pone.0198353.t004
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Three space-time clusters that were persistent for five years were detected in the zone. This

might be due to the uniform implementation of TB prevention and control activities in the

zone without targeting high-risk geographical areas [10]. Thus, application of GIS and spatial

statistical techniques to identify purely spatial and space-time clusters for high occurrence of

TB can be recommended for optimal utilization TB resources [25].

This study used the Kulldroff’s scan and Getis-Ord G�i statistics to detect statistically signifi-

cant clusters for high occurrence of TB in the Gurage Zone, Southern Ethiopia. The Kulldorff’s

scan statistic is widely used in the field of public health to detect purely spatial and space-time

clusters of infectious diseases, including TB [9–11]. The method searches for disease clusters

without prior hypothesis on their location, size or time period. Moreover, Monte-Carlo ran-

domization technique for hypothesis testing gives the empirical joint distribution of the statis-

tics and hence accounts for the correlation among the statistics, providing a P-value after

taking into account multiple testing [26]. In this and previous studies Kulldroff’s scan and

Getis-Ord G�i statistics have generated comparable results in identifying geographic areas

where unusually high rates of TB occurred [10, 27]. However, some inconsistencies were

observed which may be due to the fact that the methods used varying assumptions in deter-

mining clusters. The Kulldroff’s scan statistic calculated the maximum likelihood ratio of TB

cases with relation to the underlying population in the area to detect larger clusters [23],

whereas the Getis-Ord G�i statistic examined each distance-defined grouping of values to

Fig 6. Significant space-time clusters for high occurrence of TB in Gurage Zone, Southern Ethiopia, 2007–2016.

https://doi.org/10.1371/journal.pone.0198353.g006

Spatial and space-time clustering of tuberculosis

PLOS ONE | https://doi.org/10.1371/journal.pone.0198353 June 5, 2018 11 / 14



identify more localized clusters [8]. Since there is no one gold standard method to detect dis-

ease clusters in spatial analyses it would be better to use more than one method at a time to

cross-validate the results.

This study has some limitations. The study did not include TB patients who would remain

undiagnosed, and those residents who were diagnosed and treated at health facilities outside

the Gurage Zone. These could affect the nature of TB distribution by underestimating the

prevalence. Another limitation of this study was that the Kulldroff’s scan statistic used circular

spatial scanning windows and space-time cylinders with circular spatial bases which could not

detect irregular shaped clusters, and could include a few non-significant locations. The annual

projected population based on the 2007 census was used to provide up-to-date denominator

population numbers which could be affected by uneven population growth across the kebeles.

Besides, the confounding effects of covariates, like age and sex were not controlled in the spa-

tial analyses since it was not possible to access the geo-coordinates data for the individual

patients at the unit TB registers. This could also bias the results.

The strength of this study was that multiple methods were used to detect spatial clusters for

high occurrence of TB in the study area. A high resolution spatial data were used to examine

the spatial and space-time clustering of TB at the smallest administrative unit, which might be

the best approach for TB control planning. A longer study period data were used to evaluate

the changes in spatial and space-time clustering of TB. The study covered a wider geographical

area containing urban and rural areas. Errors related to the geo-coding of cases were avoided

by linking each case to the correct home address using geo-codes from the CSA. The spatial

data included all forms of TB to explore the high-risk geographical locations which require

more focused public health attention.

Conclusions

This study showed that TB clusters were mainly concentrated at border areas of the Gurage

Zone, suggesting that there has been sustained transmission of the disease within these loca-

tions. The findings may help intensify the implementation of TB control activities in these

locations. Further study is warranted to explore the roles of various ecological factors on the

observed spatial distribution of TB.
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Estimating the spatial risk of tuberculosis
distribution in Gurage zone, southern
Ethiopia: a geostatistical kriging approach
Sebsibe Tadesse1*, Fikre Enqueselassie2 and Seifu Hagos Gebreyesus2

Abstract

Background: In low-income countries it is difficult to obtain complete data that show spatial heterogeneity in the
risk of tuberculosis within-and-between smaller administrative units. This may contribute to the partial effectiveness
of tuberculosis control programs. The aim of this study was to estimate the spatial risk of tuberculosis distribution in
Gurage Zone, Southern Ethiopia using limited spatial datasets.

Methods: A total of 1601 patient data that were retrieved from unit tuberculosis registers were included in the final
analyses. The population and geo-location data were obtained from the Central Statistical Agency of Ethiopia. Altitude
data were extracted from ASTER Global Digital Elevation Model Version 2. Aggregated datasets from sample of 169(40%),
254(60%) and 338(80%) kebeles were used to estimate the spatial risk of TB distribution in the Gurage Zone by using a
geostatistical kriging approach. The best set of input parameters were decided based on the lowest prediction error
criteria of the cross-validation technique. ArcGIS 10.2 was used for the spatial data analyses.

Results: The best semivariogram models were the Pentaspherical, Rational Quadratic, and K-Bessel for the 40, 60 and 80%
spatial datasets, respectively. The predictive accuracies of the models have improved with the true anisotropy, altitude
and latitude covariates, the change in detrending pattern from local to global, and the increase in size of spatial dataset.
The risk of tuberculosis was estimated to be higher at western, northwest, southwest and southeast parts of the study
area, and crossed between high and low at west-central parts.

Conclusion: This study has underlined that the geostatistical kriging approach can be applied to estimate the spatial risk
of tuberculosis distribution in data limited settings. The estimation results may help local public health authorities
measure burden of the disease at all locations, identify geographical areas that require more attention, and evaluate the
impacts of intervention programs.

Keywords: Geostatistical kriging, Risk of tuberculosis, Semivariogram model, Spatial heterogeneity

Background
Tuberculosis (TB) continues to place an extraordinary
public health, financial and social burden on those
afflicted by the disease and their families, and on govern-
ment. In 2016, there were an estimated 10.4 million inci-
dent cases and 1.7 million deaths worldwide [1]. The
global distribution of the disease is skewed heavily toward
low-and-middle income countries, which accounted for
about 87% of all estimated incident cases. Ethiopia is a

low-income country in east Africa that remains highly
afflicted by TB and is ranked among the list of 14 coun-
tries with high burden of TB, Human Immunodeficiency
Virus (HIV)-associated TB (TB/HIV) and Drug Resistant
TB (DR-TB) [1].
It is difficult to obtain spatially complete data on TB in

Ethiopia [1, 2]. About 36% of the estimated TB cases were
not notified to the national TB program in 2016. The na-
tional TB prevalence surveys were conducted through sam-
pling a limited number of locations due to logistical and
financial limitations [3, 4]. Moreover, other regional reports
did also not show continuous spatial distribution and bur-
den of the disease within-and-between smaller geographical
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locations [5, 6]. This presents a substantial obstacle to
measure burden of the disease, identify high-risk geograph-
ical locations, evaluate the impacts of intervention pro-
grams and allocate public health resources.
Spatial interpolation is the process of estimating values

for a variable of interest at unmeasured locations using
data from the surrounding locations [7]. All the spatial
interpolation models share a common underlying as-
sumption of the closer values are more related than the
distant ones [8]. These models are divided into two cat-
egories, deterministic and geostatistical models [9]. The
deterministic models estimate between measured values
using mathematical formulas that vary the smoothness
of the estimated surface. The spatial correlation of the
data is not considered in the estimation. Consequently,
deterministic models do not estimate the uncertainty of
predictions. Conversely, geostatistical models consider
the spatial correlation of the dataset. Rather than giving
interpolation weights based on arbitrary formulas, the
semivariogram models are used to found out weights
from the observed data [10]. The weights dictate how
each measured value contributes to the interpolated
value at unmeasured location. Geostatistical models pro-
duce prediction estimates and associated prediction er-
rors at all unmeasured locations. Kriging is the most
robust and widely used geostatistical method of
interpolation in many fields of science [11]. It is known
as the optimal interpolation method because it mini-
mizes the mean square error of predictions and is statis-
tically unbiased (i.e., estimated values and measured
values agree on average) [12]. Recently, there have been
several applications of kriging in the area of public
health for estimating the predicted risk surface of infec-
tious diseases, such as TB [3], malaria [11], cholera [13],
helminths [14] and schistosomiasis [15].
The aim of this study was to estimate the spatial risk

of TB distribution in Gurage Zone, Southern Ethiopia.
Three geostatistical kriging models were fitted with 40,
60 and 80% of spatially aggregated TB dataset
co-impacted by geographical factors. The estimated risk
map may help local authorities as a guide for planning,
budgeting and resource mobilization. The graphical
demonstration may be a good tool for advocacy since
stakeholders can easily identify the spatial structure of
the disease by watching over the map and may be inter-
ested to implement geographically targeted interven-
tions. Furthermore, the study findings may also
contribute for the growing body of geostatistical research
on TB.

Methods
Study area
This study was conducted in the Gurage Zone in south-
ern Ethiopia, which is located between 7°76′ and 8°45’ N

latitude and 37°46′ and 38°71′ E longitude (Fig. 1). The
zone has 13 districts and two town administrations (at
Butajira and Wolkitie). It covers an area of about
5932 km2. There are 403 rural and 20 urban kebeles (the
smallest administrative units with a population of 5000
on average) in the zone. There were a total of 1,542,131
populations in 2016, about 84% of which live in the rural
areas [16].
There are a total of 6 hospitals, 70 health centers, 414

health posts and 92 clinics in the zone that provide TB
prevention and control services [16]. The clinics and the
health posts provide community education, identify and
refer presumptive TB cases to health facilities for further
investigation, give Bacillus Calmette-Guérin vaccination,
contact locating and screening, trace and link lost to fol-
low up cases, and support treatment adherence through
female health extension workers. The health centers
carry out all activities as health posts and clinics, and
additionally provide intensified case finding, sputum mi-
croscopy services, provide isoniazid preventive therapy
for eligible persons, diagnose and manage adverse drug
reactions and other complications, carry out TB/HIV
collaborative activities, refer smear negative presumptive
TB, extra-pulmonary TB and DR-TB patients to higher
level facilities, provide support to health post staff, keep
patient records and manage medicines stocks, plan and
implement TB infection control. Health centers add-
itionally provide Directly Observed Treatment-Short
courses (DOTS) services for patients with DR-TB re-
ferred by treatment initiation centers. The hospitals
carry out activities as health centers, and additionally
provide referral services and admission care for seriously
ill TB patients. Selected hospitals provide diagnosis and
treatment for DR-TB patients, including inpatient care.
The GeneXpert machines are installed at hospital la-
boratories. Private health facilities are also engaged in
TB diagnosis, treatment and/or referral of presumptive
TB and DR-TB cases depending on their capacity [17].

Data sources
The list of health facilities providing DOTS services
were obtained from the Health Department database
of Gurage Zone. All TB patients who were residents
of the zone and registered at the health facilities dur-
ing January to December, 2016 were included in the
study. The patient data were retrieved from the unit
TB registers from June to September, 2017. The pa-
tients’ addresses were checked for duplication and
linked to their true geo-locations. The data on
geo-location and population of each kebele in the
zone were accessed from the Central Statistical
Agency of Ethiopia (CSA). Altitude of each kebele
was extracted from ASTER Global Digital Elevation
Model V2 [18].
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TB diagnosis and case definition
The diagnostic criteria of the national TB diagnosis
guideline of Ethiopia were used to diagnose the TB
cases [19].
Smear-positive pulmonary TB (PTB+): is diagnosed

when at least 2 initial sputum smear examinations are
positive for Acid Fast Bacilli (AFB) or 1 smear-positive
result for AFB and culture-positive result for M. tuber-
culosis or 1 smear-positive result for AFB and radio-
graphic abnormalities indicative of active TB, in addition
to a clinician’s judgment. The regional laboratory carries
out external quality assurance on all slides, and provides

a feedback to the health facility providing DOTS
services.
Smear-negative pulmonary TB (PTB-): is diagnosed

when there are symptoms evocative of TB, at least 3
smear-negative initial results for AFB, lack of response
to antibiotics, smear-negative and radiological abnormal-
ities indicative of pulmonary TB, and judgment of a
clinician.
Extra-pulmonary TB (ETB): is diagnosed when a spe-

cimen from an extra-pulmonary site is culture positive
or histo-pathological abnormality from a biopsy, and
strong clinical evidence indicative of active ETB.

Fig. 1 Map of the study area (Gurage Zone). Source: Tadesse et al., 2018 [17]

Tadesse et al. BMC Public Health  (2018) 18:783 Page 3 of 10



However, because of insufficient laboratories for
histo-pathological or culture examinations, most of the
health facilities diagnose ETB based on a clinician’s
judgment.
Newly diagnosed case of TB: is a patient who has

never taken anti-TB drugs or taken for less than a
month.
Retreatment TB case: is a patient who has previous

treatment failure, or relapse or default.

Data quality control
Supervisors and data collectors were trained on the field
methods, data extraction and record keeping. The data
completeness and consistency was checked page-by-page
by health facilities, kebele, and district against unit TB
registers.

Data management and processing
Data were entered, validated, cleaned, and coded using
MS Excel (MicroSoft, Redmond, WA, USA). The pa-
tients’ data were linked to their true address using CSA
codes, and aggregated at kebele level. The aggregated
dataset from a total of 423(100%) kebeles were used to
examine the actual spatial risk of TB distribution. Then,
the aggregated TB datasets co-impacted by geographic
factors from sample of 169(40%), 254(60%) and
338(80%) kebeles were used to estimate the spatial risk
of TB distribution and associated standard error by
using a geostatistical kriging approach (Additional file 1).
A simple random sampling technique was used to select
the spatial sample kebeles. Geographically weighted cen-
tral locations were represented by the kebele centroids
as coordinates. A table containing the number of TB
cases, the population, the coordinates and the prevalence
rates (the number of TB cases divided by the population
of a given year and multiplied by 100,000) were pre-
pared, and were joined to ArcGIS 10.2.

Spatial smoothing
Spatial Empirical Bayes Smoothing (SEBS) method was
employed in Geographic Data analysis tool (GeoDa) in
order to overcome small areas variance instability, which
is due to variations in population size as well as few
cases of TB in some areas [20]. The population for each
kebele was used as a base variable and number of TB
cases was used as an event. A queen weights matrix that
defines the neighboring kebeles as those with either a
shared border or vertex was used for spatial weights
[20]. The SEBS method was not applied for the datasets
that were used for spatial prediction since the geostatis-
tical kriging would result smoothed estimates by using a
weighted linear combination of the known measured
values.

Ordinary kriging
Varieties of kriging have been developed, such as ordin-
ary, universal, simple and indicator. Ordinary kriging
was preferred to other types of kriging because it pre-
dicts an estimate for unsampled kebele by assuming a
constant mean in the local neighborhood of each estima-
tion kebele, which is a characteristic of focal diseases like
TB. Besides, it is a good geostatistical method to model
data that exhibit spatial trend [21]. It uses a semivario-
gram model to measure spatial autocorrelation between
pairs of prevalence rates as follows [10]:

γ hð Þ ¼ 1
2n

Xn

i¼1
Z xð Þ−Z xþ hð Þð Þ2 ð1Þ

where n is the total number of pairs of sample kebeles,
Z(x) and Z(x + h) are the prevalence rates at any two
kebeles x and x + h separated by distance h. Calculations
of γ(h) are repeated for 2 h, 3 h, 4 h, ..., kh. The models
of spatial autocorrelation commonly exhibit similar char-
acteristics, which are called the sill, range, and nugget.
The sill is the maximum variability between pairs of
prevalence rates. The separation distance at which the
sill is reached is termed the range and represents the
maximum distance beyond which prevalence rates are
spatially independent. The nugget effect refers to the
situation in which the difference between prevalence
rates taken at sampling kebeles that are close together is
not zero. It represents spatial sources of variation at dis-
tances smaller than the sampling interval (i.e. spatial var-
iations of prevalence rates at village level, which is a
spatial subset of kebele) or measurement error (e.g. pas-
sive case detection).
As described in detail previously [12], an unknown

prevalence rate Ẑu at kebele u is estimated as a
weighted-linear combination of n known samples as
follows:

Ẑu ¼
Xn

i¼1
WiZi ð2Þ

whereXn

i¼1
Wi ¼ 1

The optimal weights which produce the minimum es-
timation error in eq. (2) can be determined by using the
following simultaneous equations:

Wiγ h1;1
� � þ⋯ þWnγ h1;n

� � þ λ ¼ γ h1;u
� �

⋮ ⋱ ⋮ ⋱ ⋮ ⋮
W1γ hn;1

� � þ⋯ þWnγ hn;n
� � þ λ ¼ γ hn:uð Þ

W1 þ⋯ þWn ¼ γ hn:uð Þ
ð3Þ

where γ(hi, j) is a semivariogram model which is a func-
tion of distance hi, j between prevalence rates i and j,
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and λ is the Lagrange Multiplier to minimize the kriging
error. The correlation between prevalence rates i and j is
expected to decrease as their separation distance hi, j in-
creases. The optimal weights in eq. (2) are calculated as
follows:

W1

⋮
Wn

λ

2
664

3
775 ¼

γ h1;1
� �

⋯ γ h1;n
� �

1
⋮ ⋱ ⋮ ⋮

γ hn;1
� �

⋯ γ hn;n
� �

1
1 ⋯ 1 0

2
664

3
775
−1

γ h1;u
� �
⋮

γ hn;u
� �
1

2
664

3
775
ð4Þ

Therefore, ordinary kriging produces an unbiased esti-
mate with minimum variance.

Ordinary cokriging
Ordinary cokriging is an extension of ordinary kriging
method that uses both the spatial autocorrelation for
prevalence rate (i.e. the main variable of interest) and
the spatial cross-correlations between prevalence rate
and geographic variables (i.e. altitude, latitude and longi-
tude) to make estimations of the prevalence rates at
unsampled kebeles. The development of the ordinary
cokriging system is identical to the development of or-
dinary kriging system. The mathematical formulation of
ordinary cokriging has been described in detail by Yalcin
[22].
In this study both ordinary kriging and ordinary cokri-

ging models were tested for the three categories of data-
sets, and ordinary cokriging models were selected as the
best-fitted ones.

Model selection
In this study the effects of the different types of semivar-
iogram models (i.e., stable, spherical, circular, tetrasphe-
rical, pentaspherical, Gaussian, exponential, rational
quadratic, K-Bessel, hole effect and J-Bessel), detrending
(i.e., neighborhood, global and local), anisotropy (i.e.,
false and true) and geographic covariates (i.e., longitude,
latitude and altitude) on the predictive performance of
kriging were checked by using a cross-validation tech-
nique. The technique leaves and adds each sample
points in the dataset turn by turn to provide pairs of
predicted and measured values that can be compared to
evaluate the model’s performance. A total of 528 geosta-
tistical kriging models were generated for each category
of spatial dataset (i.e., 40, 60 and 80%) (Additional file 2).
The final models for each category of the spatial dataset
were decided based on the lowest total error, obtained
by sorting values of Root-Mean-Square Error (RMSE),
absolute value of Mean-Standardized Error (MSE),
Root-Mean-Square-Standardized Error (RMSSE) and ab-
solute value of the difference of Average-Standard Error
(ASE) from RMSE in ascending order, and then ranking

and summing up the ranks. All these errors are
expressed by eqs. (5)-(8) below [23]:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1
Z� xið Þ−Z xið Þ½ �2

r
ð5Þ

MSE ¼ 1
n

Xn

i¼1

Z� xið Þ−Z xið Þ
σ2 xið Þ

� �
ð6Þ

RMSSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1

Z� xið Þ−Z xið Þ
σ2 xið Þ

� �2s
ð7Þ

ASE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1
σ2 xið Þ

r
ð8Þ

where σ2(xi) is the kriging variance for location xi, and
Z∗(xi) and Z(xi) are the predicted and the sampled values
at the location xi, respectively.

Sensitivity analyses
The Semivariogram Sensitivity tool, which is found
under the Geostatistical Analyst toolbox of ArcGIS 10.2,
was used to perform sensitivity analyses on the predicted
values and associated Standard Errors (SE) by varying
the nugget and range within a percentage of the original
values. The outputs of the analyses were a table indicat-
ing which parameter values were used and what the
resulting predicted and standard error values were.
Small fluctuations in the output with small changes in
the input parameter values indicate more confident pre-
dictions which can be used to make decisions.

Risk measurement
The prevalence rate was used as a proxy variable to esti-
mate the risk of TB in the study area. The estimated risk
surface was categorized as a low risk area where the
prevalence rate was below and equal to 100 cases per
100,000 population, and a high risk area where the
prevalence rate was above 100 cases per 100,000 popula-
tion [20].

Results
Patient characteristics
A total of 1626 TB cases were diagnosed during January
to December, 2016. Only 1.6% of them were excluded
from the final analyses because of incomplete addresses
or being outside of the study area. Out of 1601 cases in-
cluded in this study 57.5% were males and 42.5% were
women, yielding a male to female ratio of 1.3:1. The
mean age with a standard deviation was 36 ± 17 years
for all cases, 34 ± 16 years for males and 38 ± 17 years
for females. The majority, 89.6%, of the cases were newly
diagnosed, while 10.4% were retreatment cases. Of the
cases 41.2% were PTB+, 31.9% PTB- and 26.9% ETB.
Residentially, 86.6% were from rural areas.
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The actual spatial risk of TB distribution
The risk distribution of TB varied from 59 to 173 cases
per 100,000 population across districts of the Gurage
Zone (Fig. 2). Moreover, the smoothed rates of TB varied
from zero to 634 cases per 100,000 population across
kebeles of the zone. High risk of TB was observed at
northwest, western, southwest and southeast parts. The
risk distribution crossed between high and low at
west-central parts (Fig. 3).

The best-fitted models
The best geostatistical kriging models were decided to
be: 1) Pentaspherical semivariogram, local detrending,
true anisotropy and altitude and latitude covariates for
modeling with 40% of spatial dataset, 2) Rational Quad-
ratic semivariogram, local detrending, true anisotropy
and altitude and latitude covariates for modeling with

60% of spatial dataset, and 3) K-Bessel semivariogram,
global detrending, true anisotropy and altitude and lati-
tude covariates for modeling with 80% of spatial dataset.
The detrending pattern of the models changed from
local to global as the size of spatial dataset increased.
Moreover, the models predictive accuracies also im-
proved as the size of spatial dataset increased, which was
indicated by 0 MSE, 1 RMSSE, and ASE approached
RMSE (i.e., the variability in prediction is correctly
assessed) (Table 1).

Sensitivity analyses outputs
The parameter values for nugget and range from the in-
put geostatistical model sources were 8123.85 and
72,891.45 for the model with 40% spatial dataset,
7178.77 and 78,808.04 for the model with 60% spatial
dataset, and 7210.46 and 78,767.27 for the model with

Fig. 2 TB prevalence rates by districts in Gurage Zone

Fig. 3 The SEBS rates of TB in Gurage Zone. Source: Authors own data
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80% spatial dataset, respectively. Five random nugget
and range values that were found within 10% of the in-
put models’ nugget and range values were calculated for
each dataset and used as input parameters. There were
only small fluctuations in the prediction outputs for the
corresponding input parameters, indicating more accur-
ate predictive performance of the models (Table 2).

The estimated spatial risk of TB distribution
The ordinary cokriging models with 40, 60 and 80% of
the spatial datasets estimated high risk of TB at north-
west, western, southwest and southeast parts of the
Gurage Zone. The risk distribution crossed between high
and low at west-central parts. Moreover, the models esti-
mated high uncertainties of prediction at border areas of
the zone, the magnitude of which decreased as the
spatial dataset increased (Fig. 4).

Comparison between estimated and actual spatial risk of
TB distribution
The three estimation models identified areas for high
risk of TB at locations that were closely similar to the
actual high-risk areas, with reasonable predictive accur-
acies. These locations included northwest, western,
southwest and southeast parts of the Gurage Zone. The
risk distribution crossed between high and low at
west-central parts (see Figs 3 and 4 above).

Discussion
This study has underscored that the geostatistical kriging
approach can be applied to estimate the spatial risk of TB
distribution in settings where spatially limited data are
available. The estimation models indicated that there was
spatial heterogeneity in the risk of TB distribution in the
Gurage Zone, indicating the disease did not affect all of the
communities in the area with the same severity. The risk
was higher in northwest, western, southwest and southeast
parts of the zone. However, the risk distribution interlocked
between high and low at west-central parts. Evidences have
revealed that differences in underlying socioeconomic, cli-
matic and geographic conditions, and uneven allocation of
public health resources could contribute for the spatial het-
erogeneity in the risk of TB distribution [3, 24, 25].

Moreover, the cross-border population movements from
the neighboring border areas could also facilitate the high
transmission of TB, especially at border areas of the zone
[26–30]. Therefore, the estimated risk map of TB may help
local public health authorities prioritize locations that re-
quired immediate interventions.
This study revealed that cokriging with altitude and

latitude were the best geostatistical models, which sug-
gested that including these covariables improved the
predictive accuracies of the models. This reflects that
geographical factors can affect the risk distribution of
TB in the Gurage Zone. Previous studies have
highlighted that the geographical factors had explicit im-
pacts on the risk distribution of TB [3, 24, 25, 31, 32].

Table 1 Comparison of cross-validation statistics for TB spatial
datasets in Gurage Zone, Southern Ethiopia, 2017

Cross-
validation
statistics

Ordinary cokriging models

With 40% dataset With 60% dataset With 80% dataset

MSE 0 0 0

RMSSE 1 1 1

RMSE 89 88 87

ASE 93 87 87

Table 2 The semivariogram sensitivity analyses results for TB
spatial datasets in Gurage Zone, Southern Ethiopia, 2017

Model Random
Parameter

Prediction SE Nugget Range

Modeling with
40% dataset

Nugget 79.00 22.95 7898.75 72,891.45

Nugget 78.99 23.34 8170.68 72,891.45

Nugget 79.01 22.66 7702.39 72,891.45

Nugget 79.01 22.35 7467.51 72,891.45

Nugget 79.02 22.47 7572.18 72,891.45

Range 78.99 23.18 8062.43 76,769.04

Range 78.65 23.19 8068.52 79,894.51

Range 78.66 23.17 8050.92 72,346.21

Range 78.66 23.17 8051.90 72,671.44

Range 78.65 23.19 8068.39 79,821.99

Modeling with
60% dataset

Nugget 67.35 21.45 6995.20 78,808.04

Nugget 67.63 20.94 7360.37 78,808.04

Nugget 67.57 21.05 7284.92 78,808.04

Nugget 67.66 20.90 7425.62 78,808.04

Nugget 67.68 21.24 7669.06 78,808.04

Range 67.44 21.16 7018.50 80,198.91

Range 83.57 21.03 6920.55 73,192.36

Range 67.55 21.00 7076.75 85,175.07

Range 77.54 20.82 6979.91 77,256.03

Range 67.55 21.00 7076.00 85,106.29

Modeling with
80% dataset

Nugget 77.35 20.49 7017.76 78,767.27

Nugget 77.46 20.86 7356.95 78,767.27

Nugget 77.51 21.51 7865.18 78,767.27

Nugget 77.20 20.02 6603.89 78,767.27

Nugget 77.45 20.84 7332.31 78,767.27

Range 77.82 20.60 7212.61 80,939.15

Range 77.82 20.60 7212.40 80,888.19

Range 74.71 19.43 7172.59 72,233.82

Range 74.71 19.44 7179.62 73,658.34

Range 77.82 20.61 7221.91 83,206.47
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Fig. 4 The prediction risk maps of TB and associated standard error maps in Gurage Zone. Source: Authors own data
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Thus, impacts of geographical factors on TB prevention
and control should be evaluated, and interventions
should be formulated based on geographical features.
In the present study the prediction standard error values

were relatively higher in the western, northwest, southwest
and southeast parts than in the others. This could be due to
the fact that the spatial distribution of TB risk was higher in
the western, northwest, southwest and southeast parts of
the study area and kriging method underestimated the
higher values [3]. The other reason could be that the major-
ity of the spatial sample points were sparser in areas with
higher prediction standard error [3]. The lack of data point
beyond the borders of the study area could also explain the
higher prediction standard error [12]. Therefore, it would be
better to take sample data points with better spatial distribu-
tion beyond or on the boundaries of these locations in order
to obtain more accurate and stable kriging surface estimates.
This study has also practical implications to TB preven-

tion and control programs in low-income countries, where
obtaining spatially complete TB data is difficult. The recent
advancements in geostatistical modeling techniques and in-
creasing availability of public health data from the national
prevalence surveys, demographic and health system surveys
and health facilities will be the good opportunities for epi-
demiologists working in such settings to predict the spatial
risk of TB distribution and associated prediction uncer-
tainty at non-surveyed locations [3, 8, 11]. The resulting
prediction risk map may allow them measure burden of the
disease at all locations, identify high-risk geographical areas
for targeted interventions, and evaluate the impacts of
intervention programs. This will be useful for optimal
utilization of the scarce public health resource.
This study has some limitations. The estimated risk of

TB might be underestimated in some areas because the
study did not include those patients who would remain
undiagnosed for the disease, and those diagnosed and
treated at health facilities outside the study area. The
modifiable areal unit problem might arise due to the
spatial unit of data aggregation. However, the spatial unit
of analysis used in this study was the finest resolution
available, kebele, which was also the spatial unit used for
healthcare planning in the study area. The denominator
population numbers could be affected by uneven popu-
lation growth across the study area since the numbers
were projected from the 2007 census [33].

Conclusion
This study has underlined that the geostatistical kriging
approach can be applied to estimate the spatial risk of
tuberculosis distribution in data limited settings. The es-
timation results may help local public health authorities
measure burden of the disease at all locations, identify
geographical areas that require more attention, and
evaluate the impacts of intervention programs.
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Abstract  

Background: The spatial and space-time distribution of tuberculosis is nonrandom and cases 

are clustered at specific-geographical locations in Ethiopia. However, there is a dearth of studies 

clarifying the effects of underlying ecological factors on the observed heterogeneities. This study 

aims to estimate the effects of ecological factors on spatial distribution of tuberculosis 

prevalence rate in Gurage Zone, Southern Ethiopia. 

Methods: The study data were obtained from unit tuberculosis registers at health facilities in 

Gurage Zone, the rainfall and temperature data from Meteorological Agency of Ethiopia, the 

population and geo-location data from Central Statistical Agency of Ethiopia, and the 

Normalized Difference Vegetation Index data from Moderate Resolution Imaging 

Spectroradiometer imagery. The spatial panel data analysis was used to examine the relationship 

between ecological factors and tuberculosis prevalence rate. The data included 425 kebeles and 

the period 2007 to 2016. 

Results: The tuberculosis prevalence rate observed in a given kebele was influenced by both 

tuberculosis prevalence rate and unobserved factors in the neighboring kebeles in the Gurage 

Zone. By controlling the spatial effects, a 1°C rise in temperature was associated with an 

increase in the number of tuberculosis prevalence rate by 0.72, and a 1 person per square 

kilometer increase in population density was related to an increase in the number of tuberculosis 

prevalence rate by 1.19. 
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Conclusion: This study highlighted that the designing of locally effective tuberculosis 

prevention and control strategies should consider the variations in tuberculosis prevalence rate in 

neighboring areas, temperature and population density. 

Keywords: Ecological factors, Spatial autocorrelation, Spatial panel data analysis, Spatial 

weight matrix, Tuberculosis distribution 

Background 

Despite the intensified efforts to control Tuberculosis (TB), Ethiopia has remained among the 

global high-burden countries for the disease. According to the 2016 World Health Organization 

report, there were an estimated 499 new cases and 71 deaths in the country every day [1]. The 

disease has placed devastating economic impacts on the patients, families and healthcare system 

due to direct household expenditures, income and productivity losses, disabilities related to lung 

damage and resource depletion at health facilities, slowing down the countries desire toward 

becoming a middle-income country by 2025 [2-4]. Furthermore, the resurgence of co-infection 

with Human Immunodeficiency Virus and the emergence of drug resistance have more 

complicated the disease burden in the country [1, 5]. 

Spatial epidemiological studies reveal that the spatial and temporal distribution of TB is 

nonrandom and cases are clustered at specific-geographic locations in Ethiopia [6-9]. It is known 

that the tendency of TB clustering at a given spatial location can be affected by both the spatial 

and temporal heterogeneity of underlying ecological factors, like climatic, socioeconomic and 

environmental factors [10-12]. However, most previous studies did not consider both the spatial 

and temporal effects of these factors on TB distribution in Ethiopia [13-16]. This might result in 

a loss of information by ignoring the heterogeneity in both time and space. Recently, spatial 

panel data models are becoming useful tools in the analysis of space-time data of infectious 

diseases, including TB [17-19]. They are more informative, contain more variation, less 

collinearity among the variables and more degrees of freedom, and hence improve the efficiency 

of estimation [18, 19].  

In this study spatial panel data modeling techniques were used to estimate the effects of 

ecological factors on spatial distribution of TB prevalence rate in Gurage Zone, Southern 

Ethiopia. The study will fill a critical gap in understanding the role of ecological factors on TB 
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distribution, and contributes for the growing body of spatial epidemiological research on TB in 

developing countries. Moreover, such studies may also help policymakers in developing 

evidence-based interventions. 

Methods 

Study area  

This study was carried out in the Gurage Zone in southern Ethiopia, which is located between 

7°76’ and 8°45’ N latitude and 37°46’ and 38°71’ E longitude (Fig 1). The zone covers a 

geographic area of about 5,932 km
2
. It is divided into 13 districts, with town administrations at 

Butajira and Wolkitie. Based on the 2007 census, the zone has a total population of 1,279,646 

(622,078 males and 657,568 females) in 2007. About 84% of  the population live in the rural 

areas [20].  

 

Fig 1 Map of the study area (Gurage Zone). Source: Tadesse et al., 2018[7, 8]. 



4 
 

There area total of 6 hospitals, 70 health centers, 414 health posts and 92 clinics in the zone that 

provide TB preventive and control services [20]. The health centers and hospitals provide 

Directly Observed Treatment-Short courses (DOTS) services, while the health posts and clinics 

are involved in health education, active case finding, refer patients to health centers and support 

treatment adherence through female health extension workers. The health centers conduct 

sputum smear microscopy, treatment and the referral of smear-negative and extra-pulmonary 

cases to hospitals for further investigation, while hospitals provide diagnostic, treatment and 

inpatient care services. 

According to the national TB diagnosis and treatment guideline of Ethiopia, TB patients were 

diagnosed using pathogen detection, X-ray, clinical diagnoses and physical examination. Patients 

who had never had treatment for TB or who had taken anti-TB drugs for less than one month 

were categorized as newly diagnosed cases, and while treatment failure, relapse and default were 

categorized as retreatment cases [21]. 

Study design 

An ecological study design was used because TB cases were aggregated at kebele level (the 

smallest administrative units with an average of 5,000 people) to calculate the prevalence rate of 

TB. The study explored the relationship between the prevalence rate of TB and ecological 

factorsat kebele level. The kebele was chosen as a unit of analysis since it was the finest 

resolution used for health care planning in the study area. 

Data collection 

The data collection was carried out from June to September, 2017. Thestudy included all TB 

patients who were residents of the Gurage Zone and registered at DOTS-providing health 

facilities in the zone during 2007 to 2016. Trained data collectors retrieved the patient 

information on sex, age, address, TB type, patient category and date of treatment started from the 

unit TB registers. Incomplete treatment starting dates were replaced by the mid-dates between 

the start dates of the adjacent registered patients. The Normalized Difference Vegetation Index 

(NDVI) data reflecting the surface vegetation coverage were derived from the Moderate 

Resolution Imaging Spectroradiometer (MODIS) imagery [22]. The temperature (in °C) and 

rainfall (in mm) data were obtained from the Statistical Data Sharing Office of Meteorological 

Agency of Ethiopia. The kebele-level polygon shape file obtained from the Central Statistical 



5 
 

Agency of Ethiopia was used to compute area of each kebele and spatial weighting matrix. The 

annual projected population data based on the 2007 census were used for calculations of the 

population density (the population of a given year divided by the area of a given kebele in square 

kilometer) and the prevalence rate of TB (the number of TB cases of a given kebele divided by 

the population of a given year and multiplied by 100,000) [23]. 

Data quality control 

Training on field methods, data extraction and record keeping was given for data collectors and 

supervisors. The data were double entered and checked page-by-page by year, district, kebele 

and health facilities against unit TB registers for consistency and completeness.  

Data management and processing 

The MS Excel (MicroSoft, Redmond, WA, USA) was used for data entry, validation, cleaning 

and coding. The patients’ addresses with similar names but from different kebeles were linked to 

their actual kebeles to prevent duplication. The data were aggregated at kebele level for spatial 

analyses. The spatial weighting matrix, which was needed to perform the spatial panel regression 

analyses, was constructed in Geographic Data analysis tool (GeoDa) by using the kebele-level 

polygon shape file. A first order queen polygon contiguity weights matrix, which defines the 

neighbors as those with either a shared border or vertex, was used for spatial weights [6] 

(Additional file 1). The zero TB prevalence ratesin the spatial panel dataset were replaced by 

one in order to make the data structure strongly balanced (i.e., all kebeles have data for all years). 

All the study variables were log transformed to improve estimation (Additional file 2). 

Spatial panel data models 

The previous study has shown that there were statistically significant similarities in TB 

prevalence rates between neighboring kebeles in the Gurage Zone for each year during 2007 to 

2016 [7, 8], suggesting that the traditional ordinary least squares regression shouldincorporate 

the spatial effects in the analysis to improve estimation.Therefore, this study used spatial panel 

data modeling techniques to estimate the effects of ecological factors (i.e., rainfall, temperature, 

NDVI, and population density) on spatial distribution of TB prevalence rate.  
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Four spatial panel data models have been compared to select the best fit one for the data 

analyses. These are: 

1. Spatial lag or Spatial Autoregressive model (SAR). This model explains the interaction 

among prevalence rate of TB as: 

   =                 ………………………………………………….……..…….. (1) 

where  
 
 denotes the prevalence rate of TB,     denotes the spatial autoregressive (or lag) 

coefficient reflecting the severity of spatial interdependence in the distribution of TB 

prevalence between neighboring kebeles (the normal range is 0 to 1, and a high value 

indicated strong neighborhood effect),   denotes the spatial weight matrix describing the 

spatial proximity between kebeles,    denotes the matrix of ecological variables,   denotes 

the regression coefficients,   denotes the kebele-specific fixed effects whose omission could 

bias the estimates, and    denotes the error terms. 

2. Spatial Error Model (SEM). This model specifies the interaction among error terms as: 

   =         , with             ………….…………………………….…..….. (2) 

where    denotes the spatially autocorrelated error term and   denotes the coefficient of 

spatial autocorrelation in error terms. 

3. Spatial Durbin Model (SDM). This model includes spatially lagged values of TB prevalence 

rates and spatially weighted ecological variables from neighboring kebeles as independent 

variables. It reads as: 

   =                      …………...………………………….……....…….. (3) 

where    represents the weighted average effect of the neighboring kebeles on the 

ecological variables and   represents the coefficient of spatial dependence between the 

ecological variables. 

4. Spatial Autocorrelation model (SAC). This model combines the SAR model with 

autoregressive errors, and is also known as SARAR model. It is specified as: 

   =                   with             …………………….……....…..….. (4) 
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Specification tests 

The Hausman test has revealed that the SDM with spatial fixed-effects specification is 

appropriate when compared to the SDM with random-effects specification (chi
2
 = 107.95, P < 

0.001). Next, the SAR and SEM models are compared against SDM since they are nested in 

SDM [24]. The SDM is preferred to the SAR (chi
2
 = 93.66, P < 0.001) and the SEM (chi

2
 = 

143.84, P < 0.001) models. Finally, since the SDM and the SAC model are non-nesting models, 

the Akaike’s Information Criterion (AIC) and the Bayesian Information Criterion (BIC) are used 

to compare them. The SAC model is proved to be the best fit model for explaining the variations 

in TB prevalence in the different kebeles with AIC = 8585.79 and BIC = 8630.27 against AIC = 

8732.05 and BIC = 8795.59 for SDM. The spatial panel data analyses and the specification tests 

were executed in Stata 14 (Stata Corp, College Station, Texas) using the XSMLE (estimating 

spatial panel data using Maximum Likelihood Estimator) command [24]. 

Results 

Characteristics of TB cases 

From 16,618 TB cases diagnosed at all DOTS-providing health facilitiesin Gurage Zone from 

2007 to 2016, 4.9% were excluded from the final analyses due to incomplete addresses or being 

outside of the zone. Out of the 15,805 cases included in the final analyses 55.3% were males. 

The majority, 85.8%, of the cases belonged to the working age group. About 93.2% of the cases 

were newly diagnosed. Pulmonary TB comprised more than two-thirds of all the cases. The 

majority, 85.3%, of the cases were diagnosed at the health centers in the zone (Table 1). Higher 

prevalence of TB was observed in urban areas compared to the rural areas during 2007 to 2016 

(Fig 2).  
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Table 1 Demographic and clinical characteristics of TB cases in Gurage Zone, Southern 

Ethiopia, 2007-2016 

Variables Number Percent 

Sex 

     Male 8742 55.3 

   Female 7063 44.7 

Age (in years)  

     ≤14 1447 9.2 

   15-34 6888 43.6 

   35-64 6665 42.2 

   ≥65 805 5.1 

DOTS facility  

     Health center 13480 85.3 

   Hospital 2325 14.7 

Category of TB 

     Newly diagnosed 14736 93.2 

   Retreatment 1069 6.8 

Type of TB 

     Pulmonary, smear positive 5197 32.9 

   Pulmonary, smear negative 6049 38.3 

   Extra pulmonary 4559 28.8 

 

 

Fig 2 Trend of TB prevalence in urban and rural areas of Gurage Zone, Sothern Ethiopia, 

2007-2016 
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Description of the panel data  

The panel data included 425 kebeles that were observed for the period 2007 to 2016, making a 

total of 4,250 observations. The average rainfall of the study area was 89.9 mm (range: 116 mm). 

There was higher variability of rainfall within kebeles (range: 89.9 mm) compared to between 

kebeles (range: 61.3 mm) during the study period. The average temperature of the study area was 

18.9°C (range:59.8°C). The variability of temperature was higher within kebeles (range: 52.9°C) 

compared to between kebeles (range: 11.1°C). The study area has an average NDVI of 5,493.4. 

A higher variability in NDVI was observed between kebeles (range: 3,484.2) compared to within 

kebeles (range: 1,385.4) during the study period. The average population density of the study 

area was 332.1 persons per square kilometer. There was higher variability of population density 

between kebeles (range: 6,431.9 persons per square kilometer) compared to within kebeles (range: 

2,243.7 persons per square kilometer). The average TB prevalence rate of the study area was 111.9 

cases per 100,000 population. A higher variability in prevalence rate of TB was observed within kebeles 

(range: 1,880.7 cases per 100,000 population) compared to between kebeles (range: 886.6 cases per 

100,000 population) during the study period (Table 2). This variability was lower at district level 

compared to the variability at kebele level (Fig 3). 

Table 2 Summary of panel data for the study in Gurage Zone, Southern Ethiopia, 2007-2016 

Variable Variation   Mean     Std. Dev.          Min         Max   Observation* 

rainfall Overall   89.9   21.5 31.9 147.9          N = 4250 

Between 

 

 14.7 59.7 121.0          n = 425 

 

Within 

 

 15.7 36.5 126.4          T = 10 

Temperature Overall 18.9    2.1 9.2 69.0          N = 4250 

Between 

 

   1.8 14.5 25.6          n = 425 

 

Within 

 

   1.0 11.8 64.7          T = 10 

NDVI Overall 5493.4     806.0 2718.8 7017.8          N = 4250 

 

Between 

 

    772.8 3159.6 6643.8          n = 425 

 

Within 

 

    231.9 4813.8 6199.2          T = 10 

Population 

density Overall    332.1     444.2 31.5 7300.6          N = 4250 

 

Between 

 

    441.6 35.8 6467.7          n = 42 

 

Within 

 

 52.1 -441.6 1802.1          T = 10 

TB prevalence 

rate Overall 111.9 132.0      1.0  1820.0           N = 4250 

 

Between 

 

82.5      1.0   887.6           n = 425 

 

Within 

 

   103.2 -774.6 1106.1           T = 10 

*N = total number of observations, n = the number of kebeles, T = observation per kebele 
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A) Trend of log10(TB prevalence rate) at district level 

 

B) Trend of log10(TB prevalence rate) at kebele level 

Fig 3 Variation of TB prevalence rateat A) districts and B) sample kebeles in Gurage Zone, 

Southern Ethiopia, 2007-2016. Source: Authors own data 
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Ecological factors affecting the spatial distribution of TB 

The fixed-effects SAC model revealed that both the spatial autoregressive coefficient ( ) in the 

spatial lag of TB prevalence rate and the spatial autocorrelation coefficient ( ) in the spatial error 

terms were statistically significant indicating that the TB prevalence rate observed in a given 

kebele was affected by both TB prevalence rate and unobserved factors in the neighboring 

kebeles. By controlling the spatial effects, a 1°C rise in temperature was associated with an 

increase in the number of TB prevalence rate by 0.72. By controlling the spatial effects, a 1 

person per square kilometer increase in population density was related to an increase in the 

number of TB prevalence rate by 1.19 (Table 3). 

Table 3 Results of fixed-effects SAC model for the spatial association between ecological factors 

and TB prevalence rate in Gurage Zone, Southern Ethiopia, 2007-2016 

Variable   Coefficient Std. Err. Z P>|Z|    [95% Conf. Interval] 

Rainfall       0.07     0.08    0.88   0.378     -0.080  0.212 

Temperature       0.72     0.32    2.28   0.022      0.102  1.345 

NDVI       0.23     0.34    0.69   0.491     -0.432  0.901 

Population density 

    

   

      1.19 

      0.83 

     -0.70 

    0.17 

    0.01 

    0.03 

   6.93 

 66.52 

-20.62 

<0.001 

<0.001 

<0.001 

     0.855 

     0.800 

    -0.769 

1.529 

 0.849 

-0.636 
 

Discussion 

This study has applied the spatial panel data modeling techniques to estimate the effects of 

ecological factors on spatial distribution of TB prevalence rate in Gurage Zone, Southern 

Ethiopia using panel data from 425 kebeles and the period 2007 to 2016. A spatial panel data 

model is more appropriate when longitudinal data from multiple spatial units exhibit spatial 

autocorrelation [18]. The model corrects for the deviations that are caused by the spatial 

interaction between kebeles and unobserved spatial heterogeneity by introducing a spatial weight 

matrix and a spatial heterogeneity into statistical modeling [19, 24]. 

This study revealed that the TB prevalence rate observed in a given kebele was affected by both 

TB prevalence rate and unobserved factors in the surrounding kebeles, likely suggesting that 

there has been sustained transmission of TB within the communities. This finding is similar to 

previous studies [6-8, 25]. Therefore, it can be recommended that neighboring kebeles should 

cooperate in the design and implementation of TB prevention and control strategies. 



12 
 

The spatial panel data analysis has revealed that there was a positive association between 

temperature and TB prevalence rate during the study period. Previous studies support this finding 

[26]. The relationship could be explained by the fact that higher temperatures promote the 

survival and replication of Mycobacterium tuberculosis and improve its activity [27]. This 

implies that the burden of TB will be higher in the coming decades since there is a rapid 

increment in global temperature. Thus, TB prevention and control strategies should take 

temperature variations into consideration. 

This study has also elucidated that there was a positive association between population density 

and TB prevalence rate in the study area. The reason for this could be that higher population 

density increases the risk of personal contact and facilitates the transmission of TB [6]. 

Therefore, policymakers and public health authorities should consider spatial locations with 

higher population density for TB prevention and control interventions. 

There are some limitations in this study. The prevalence rate of TB might be underestimated in 

some kebeles because the study did not include those patients who were diagnosed and treated at 

health facilities outside the Gurage Zone, and those who would remain undiagnosed for the 

disease due to different reasons. The uneven population growth across kebeles could affect the 

denominator population numbers because they were projected from the 2007 census [23]. 

Although spatial panel data modeling technique has the advantage of controlling for spatial 

dependency and unknown spatial heterogeneity, it does not show the local spatial effects of 

individual covariates. Hence, the geographically weighted regression modeling would be 

recommended to explore the local spatial effects of covariates in the future [18]. Another 

limitation is that other ecological factors, such as age dependency ratio, level of school 

enrollment, income, wind speed, humidity, air quality and hours of sunshine were not evaluated 

in this study [27-29]. 

Conclusion 

This study has demonstrated that the designing of locally effective TB prevention and control 

strategies should consider the variations in TB prevalence rate in neighboring areas, temperature 

and population density. 
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Annex II: Data collection format  

The following data collection format was used to retrieve patient information from the Unit TB 

Registers at DOTS-providing health facilities in Gurage Zone, Southern Ethiopia. 

 

Name of data collector: _____________________________ 

Date of data collection: _____________________________ 

Code number: ____________________________________ 

 

 

Unit TB 

No. 

Name of 

the patient 

Address of the patient  Sex 

(M/F) 

Age TB classification 

(P/Pos ,P/neg, EP) 

Treatment started 

(DD/MM/YY) District  Kebele Phone No. 
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