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ABSTRACT 
Tuberculosis (TB) has claimed many li ves throughout the history of mankind and it 

continues to be a global threat in the coming decades, especially in developing countries 

like Ethiopia. The incidence and mortality due to TB cases is not equall y distributed 

across the globe; they vary by geographic region, subpopulation, and spread by close and 

prolonged contact with an infected individual. 

The main aim of thi s study is to examine and characterize the spatial patterns of TB cases 

in East Hararge Zone, Oromia region , Ethiopia. The data used are obtai ned from Zonal 

Health Bureaus. Two step exploratory spatial analyses were carried out: - examining the 

presence of spatial autocorrelations and modeling spatial di stribution of TB cases via 

autoregressive models. Spatial autocorrelation was investigated by global and local test 

statistics; Moran's 1, Geary's C, and Ord and Gelis Gi * statistics. Two different spatial 

models; spatial autoregressive models (SAil) and conditional autoregressive model 

(CAli) were considered for describing spatial dependence of TB cases on local ri sk 

factors. 

Test resu lts of spatial autocorrelations revealed statisticall y significant clustering of 

fifteen woredas; of which seven woredas (iocated in north and eastern part) were 

identified as high risk areas. Spatial lag model from spatial autoregressive models and 

CAR model has been fitted for describing the spatial association of TB cases on 

explanatory variables. The result of the study suggests that TB prevalence of the study 

area is highly enhanced by proximity to potential affected areas, high population densi ty, 

HIV prevalence and di stance from (number of) health institutions. 
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CHAPTER ONE: INTRODUCTION 

1.1. BACK GROUND OF THE STUDY 

Tuberculosis (TB) remains one of the most impoltant infectio us diseases worldwide, w ith 

approximate ly o ne-third of the world 's population infected w ith the Mycobacterium 

tuberculos is bac illus and more than 9 million new cases and 1.7 mill ion deaths an nua ll y 

(WHO,2009). The current glo bal epidemic of TB is enormous and gro wing and 

beco ming more dangerous. 

TB infection is caused by val'lOUS strain s of mycobacteria including Mycobacter ium 

tube rcu losis, Mycobacterium africanum and Mycobacterium bovis and is man ifested as 

pulmonary or extra-pulmo nary tuberculos is. About 85% ofTB cases are pulmonary while 

15% are extra-pu lmo nary tuberculos is. Extra pu lmonary tubercu los is may in vo lve the 

sp inal cord, kidneys, skin, gastro intestinal tract, lymph nodes, gen itourinary system and 

etc. However, pu lmonary TB is much more important to deal with because it is the so urce 

of infect ion in the co mmunity. 

Routes of transmission (TB) include the inhalation of air when a TB patient coughs, 

sneezes or spits and use of infected dairy products (Myco bacterium bovis) . The 

probabi lity of transmission per co ntact, per re levant unit time is genera l quite low. 

Mycobacterium may lodge in the person's lung and multiply, if the immune system in the 

lung is able to fight the bacteria and render it inactive (wa ll off) as a result of vacc ination 

or treatment from TB, the person wi ll develop latent TB wh ich is not infectious and 

cannot harm others. 
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Infected indiv iduals may remain asymptomatic over their ent ire live (Latent TB) , but 

Active TB (the C lin ical di sease) can develop into pulmonary and extra pu lmonary fo rm. 

Extra pulmonary TB is common in ch ildren while pulmo nary TB is frequent in adu lt. 

Mycobacter ium tuberculos is, the casua l agent of the disease is transm itted almost 

exc lusive ly via pulmonary cases. Cases ar ising within Five (5) years from first infection 

are c lassified as primary tubercu los is while cases ar ising after five (5) years from fir st 

infect ion are known as secondary tuberculosis. 

One third of the world's popu lat ions are tho ught to be infected with M. tuberculosis 

(about 2 bi llion peop le). However, every person infected with TB bac illi is not 

necessaril y sick. Body 's immune system fights the disease, but if the immune system is 

compromised due to o ld age, use of immune suppress ive drugs or etc. about 5 to 10% of 

those with latent TB infection develop act ive tubercu losis at some point in their li ves. 

In 200 I WHO estimated that 1. 86 billion perso ns were at the r isk of TB, 8.74 million 

peop le deve lop TB and two mi llion die. Th is is to mean that, someone has chance of 

being affected by TB in every four seconds and one person dies with in 10 seconds. Thus, 

unless the ir distribution is known and a great care is given, TB pat ient can infect many 

people per a day. 

TB kills more ad ults than any other infectious disease worldwide. It mainly affects people 

who are active in the economic growth of a co untry or economica ll y productive age 

group who are between (15-45 years), thereby causing large soc ial and economical 

burden on a country. As a consequence, knowledge about the distribution of TB plays a 

crucia l ro le in formu lating TB prevention and contro l program. 
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In most of the techniques used in trad itional and mo lecular epidem io logy stud ies, it is 

assumed that the perso n who contracts tuberculos is knew the infect io us case, or at least 

has been in pro longed close contact with the case. Exploratory spatia l data analysis is an 

approach consisting of a var iety o f statist ical techniques intended to descr ibe and 

visua lize spatia l distributions, identify atypica l locatio ns or spatia l o ut liers, discover 

patterns o f spat ia l associat ion, c lusters or hot spots ( Long ley, 1999) and suggest 

hypotheses without a necessary pre-conce ived notion. By mode li ng the spatial nature o f 

ep idemiolog ica l data, it has bee n found that cases o f disease tend to congregate at 

particu lar locatio ns. 

1.2. TUBERCULOSIS IN ETHIOPIA 

TB is st ill a major cause of deat h wo rldw ide, but the g loba l epide mic is dec lining except 

sub Saharan Afi'ica and M iddl e East co untries. 1.7 millio n Peo ple died of TB in 2007 

g lobally, and there were an est imated 9.27 millio n new cases of Tuberculosis o f which 

the majo r ity were in Asia and Sub Saharan Afi· ica. Recent evidence demonstrates that TB 

prevalence (distr ibution) and TB death rates are g loba lly decreas ing after having reached 

a peak. 

HI V infect ion has been identified as a major risk factor in deve loping TB. This is because 

infection with HIV destroys the immune defense mechan isms o f the body and is, 

therefore, an impOltant risk factor for the deve lopment ofTB. It is estimated that 50-60% 

of HIV infected peop le w ill deve lop TB disease in their life time in contrast with HIV 

negative perso ns, whose li fe time risk is o nly 10% (FMO H, 2008). HI V pandemic 

presents a mass ive challenge to the control ofTB. 
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Tuberculosis has been one the major causes of morbidity and mortality in Ethiop ia for 

long. Accordingly, the Ethiop ian Ministry of Health and its stakeho lders have their 

unreserved and integrated efforts on this health problem. However, the direction to where 

tuberculosis in Ethiopia is heading hasn't been well analyzed and unpackaged by 

epidemiologically relevant factors. The incidence rate of tuberculosis is increasing in 

Ethiopia at a rate of 5 new tuberculosis cases per 100,000 populations per year. Urban 

agro-ecolog ical zones have been more affected by the disease throughout the ten-year 

period. Extra-pulmonary rate and smear-negativity has shown a modest increment during 

the study period. 

In Ethiopia, TB had been identified as one of the major public hea lth problems in the last 

fi ve decades. And it is also a we ll known disease that is spatially distributed in different 

reg ions of our country. The 2007 WHO report indicates that the number of TB cases 

largely increased in Ethiopia with many clinical episodes and deaths occurring annually. 

Recent research paper (Habte, 20 II) analysis the distribution of TB in North Shoa Zone 

of Oromia regional state, Ethiop ia. The study revealed that incidence of TB disease is 

clustered to some woreda of the zone due to the difference in population density, 

prevalence of HI V cases, and topology of the wo redas. 

Due to the nature of its transmission and its significant effect on soc io-economic aspect 

of society all over the wo rld , recently researchers have been dealing on formu lating new 

approaches, such as mapping the locat ion with high cluster of cases with exp loratory 

spatial ana lysis, for contributing to basic e lements of TB contro l and therefore, this 
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study w ill attempts to ident ify and qua ntify locat ion(areas) with high incidence ofTB on 

one way and then to assess factors that govern its spatia l distribution . 

1.3. DISEASE MAPPING AND CONCEPT OF SPATIAL DEPENDENCE 

Person, place, time: these are the basic e lements of outbreak investigations and 

epidemio logy. Historically, ho wever, the focus in ep idemio lo g ic research has been on 

person and time, w ith little regard for the implications of place or space even though 

disease mapping has been done for over a hundred years. The deve lopment of geographic 

information systems (GISs) over the last 20 years has provided a more powerful and 

rap id ab ility to examine spatial patterns and processes. This, in turn, has fostered the 

discuss io n of such po licy re levant issues as hea lth services and planning (Matthews SA , 

1990), as wel l as the use of GISs for ep id emio log ic invest igations and disease 

surve illance. 

The log ic of using geography to study disease or hea lth care is derived from appreciation 

of factors causing non-uniformity of disease di stribution (Mayer JD). These factors 

include phys ical and environmenta l facto rs like: social, economic, cultura l factors; and 

genetic factors . For example, diseases may be associated with environmental pollution, 

linked to individual or gro up behaviors, or associated with a genetic predispo sition. In 

turn, all of these factors may have spatia l distributions influencing the extent and 

intensity of a particular disease. 
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GISs, when combined with spatia l analyt ica l methods, may be he lpfu l in the study of 

hea lth care and hea lth care de li very (Ges ler W, 1986). Nearby locations are li ke ly to 

possess s imilar attributes; or in other word s, everyt hing is related to everything e lse and 

nea r things are more re lated than distant things (Tobler W, 1979). These features of 

spatia l data create needs for spec ia l analyt ica l techniques so called spatia l data analys is 

and it beco mes familiar methods to be considered every time a project in vo lving 

geography ( i.e. , locat ion) is attempted. 

Ma ny ep ide miologica l stud ies have been using tradi tiona ll y Standard ized Mo rta lity Ratio 

(SMR) fo r mapping of disease inc id ence (morta lity rates), however, the use of crude rates 

to estimate rare disease risks in small areas such as health units, census areas or 

admini strative zo nes, is problemat ic s ince it does not acco unt for the high var iabilit y of 

po pulation sizes over the different regio ns, or the spatia l patterns o f the reg ions under 

study. 

A lternati ve ly, to improve the estimate of re lat ive risk by employing smooth ing too ls o n 

SMR, Spatia l autoregress ive mode ls from class ica l statistics, and Conditio na l 

autoregress ive model (CAR), Hierarchica l model, and full Bayes ian method fro m 

Bayes ian methods are widely used, where a ll the methods of Bayesian methods proceeds 

thro ugh borrowing information from neighborhoods across the map. 

1.4. STATEMENT OF THE PROBLEM 

A bac ill us, Myco bacterium tuberculos is, which is propagated thro ugh the a Ir, cause 

tuberculos is. TB often will remain virtua lly asymptomatic for long periods o f t ime, which 

serves to increase the temporal and spat ial lapse between infection and diagnos is. Since 
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TB requires prolonged contact in order to spread, the disease tends to occur in spatial 

"clusters. " The need for a spatia l perspective on the tuberculosis epidemic is evident 

when exam ined in light of both the manner in which the disease is spread, and of 

potential mitigation strateg ies. 

The uneven spat ia l distribution of the disease is a natural coro llary of the nature of the 

disease it se lf. Tuberculosis is genera ll y spread by close and prolonged contact with an 

infected individual, and the conditions, which lead to this sort of contact, are not 

randomly distributed (Kline.el. ai , 1995). 

An understanding of the spatia l dist ribution patterns of tuberculosis is useful in targeting 

mitigation efforts. Resources for the combating of tuberculosis, while growing, are not 

infinite ; understanding where occurrences of tuberculosis are greatest, or where outbreaks 

are most like ly, allow the focusing of hea lth - related resources on the areas where need is 

greatest, thus providing effic ient treatment and mitigation with a minimum of public 

expend iture. 

Based on this fact the main target of the study is to identify and quantify the spat ial 

pattern of TB prevalence in East Hararghe Zo ne, including Harari Regional State which 

is engulfed by the zo ne. The analysis of the data is facilitated by geo-spatial software's 

like Arc GIS 9.3, Geoda, and Win Bugs. 
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1.5. OBJECTIVE OF THE STUDY 

General objective 

The ma in objecti ve of the study is to ident ify and characterize the spatia l distribution of 

TB cases in East Hararge Zo ne of Oromia Regio n inc luding Harm'i Regiona l States. 

Ethiopia. 

Specific obj ectives 

~ To exp lore spatial pattern ofTB cases and identi fy high ri sk areas 

~ To assess the spatia l dependence ofTB prevalence on loca l environmental 

risk factors 

~ To fit spatia l mode ls for the TB distribution and examine significance of 

the model parameters 

1.6. SIGNIFICANCE OF THE STUDY 

The result of the study may he lp government and concerned bodies to formu late policy 

and implement prevention strateg ies based on pattern ofTB d istribution in the study area 

and a lso fo r id entificat ion o f risk factors that are most ly re lated to incidence ofTB cases. 

1.7. LIMITATION OF THE STUDY 

The study emp loyed secondary data which was aggregated at wo reda level ; the number 

of TB cases that we encountered may be small pOI1ion of actua l TB cases, espec ia lly in 

rural areas. On other way, the data ana lys is does not contain the spatial information of 

smaller gro ups of affected indi viduals. Consequently, the st ud y assumes that every 

indi vidua l in each woreda have equal risk of exposure, therefo re gro up leve l exposure 

represents ind ivid ual leve l exposure. 
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1.8. THESIS ORGANISATION 

T his thes is compri ses fi ve chapters: 

Chapter I: Inc ludes introduction, background of TB d isease, statement of the prob lem, 

thesis o bjectives, li m itation and significance of the study. 

Chapter 2: focuses on review of the literature, rev iewing the spat ia l methodo logy for TB 

preva lence. The appl ications o f spat ial related statist ica l mode ls on disease mapping and 

testing the s ignificance loca l r isk factors are a lso discussed in thi s chapter. 

Chapter 3: describes the study area, data sets, stati st ica l too ls and methods app lied in the 

study. 

Chapter 4: presents the result of the study and discuss ion of the results 

Chapter 5: concludes the findings of the study and presents recommendations. 
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1-10 (2004) reviewed the effect of soc io cultura l and po litico-economic factors on 

distribution of tuberculos is based on a case study of Chinese immigrant s in New York, 

United State. The object ive of study was to inco rporate the effect of socio cultural 

factors into the explanations fo r and management of tuberculos is and extent of the 

influence of cultural, environmental and po litico-economic factors in contributing to the 

disease. To faci li tate the study five groups of informants-public hea lth workers, 

Chinatown biomedica l doctors, Chinatown's practitioners of tradit ional Chinese 

med icine, Chinese laborers, and Chinese tubercul osis patients were inc luded. The resu lt 

of the study suggested that cultura l, environmental, and po litico-econom ic fo rces shaping 

tuberculos is and supports an emerg ing theo rization of tuberculosis that encompasses a 

heterogeneo us co llection of factors. 

Mu nch.et. al (2003) used the exp lo ratory d isease mapping techniques to identify spatial 

patterns of tuberculosis in South Africa. The study considered demographic factors like 

gender, sex, crowding, unemployment and alco hol use as risk fac tors in the transmiss ion 

of tubercu los is. A dot map of TB cases implied that cases are concentrated in the 

southern and western parts of the country, and positive correlation was found between: 

the average case load (a ll bacterio log ica l-pos itive adults) and crowding, the average 

tuberculos is case load and unemployment , and a lso betwee n crowding and 

unemployment. Po isson regression also confirms the co rrelat ion of crowd ing, 

unemployment and concentration of drinking places with tubercu losis cases. 

Spatial Va riat ions of Tuberc ulos is in the State of Kansas, United States for the period 

1990 - 2000 was anal yzed by Thomas and Richard (2004). A G IS raster grid was used in 
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order to find out high occurrence of tubercu losis respect ive of population s ize, and 

bivar iate regress ion was used to identi fy what particu lar soc ia l, economic o r residency 

parameters placed county residents at the highest risk. The finding of the study showed 

that there is a di stinct spatia l cl ustering in cases of tuberculosis in Kansas, largest numbe r 

of cases in Sedgwick, Johnson, Wya ndotte, and Finney counties. From regress io n 

analys is age and gender were fou nd to have significant ly risk factors than the general 

popu lat ion average. 

Nyirenda (2005) studied the spatia l d istribution o f TB cases in Ma law i for the period 

1994-2004. The study identified d istribut ion of diagnostic services and differences in 

hea lth seeking behav ior among d ifferent popu lat ions as contributing facto rs for spatial 

d istribution of TB in di ffe rent districts of Malaw i. The result a lso revea led that wo men 

are more affected by TB at younger ages, whi le men are found to be more affected at 

o lder age. Parent - child re lationship, alco hol and smok ing and occupat ional exposure is 

fo und to be risk factors which are non spat ia l. The study suggests that for the incidence 

ofTB in Malawi the strongest risk factors are Poverty, HI Y in fect ion, Househo ld contact 

w ith index case, Overcrowd ing and age . 

Friedrich ( 1998) performs spat ia l data ana lys is on TB distribution for ident ify ing whether 

TB disease is independent of locat ion or geographica l fa ctors. The stud y is undertaken 

with help of GIS and for spatial c luster detection Moran's I, Geary's C were employed. 

The result of the study indicated that a geographica l data usually exhibit some amount 

of spat ia l dependency, local indicators of spatia l autocorrelat ion depicts that there is a 

corre lat ion between the va lues ofTB case in neighboring distr icts. 
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Matthew (2005) ana lyzes the spatia l distribution of TB inc idence rate in Texas State, 

USA. For the accomp li shment of the study total TB cases in Harris d istrict of Texas 

dur ing the period of 1995- 1998 were examined to identi fy whether TB cases are spatia ll y 

c lu stered or randoml y d istributed . The study employs spat ia l ana lyt ica l techn iques: 

ma inly G loba l Moran's 1, Geary's C and Loca l Indicators of spat ia l autocorrelat io n wit h 

GIS software. The result of the study shows that only two ne ighbor ing areas (d istricts) 

are found to be spatia ll y co rre lated . 

Yenkatesa n and Srinivasa (20 I 0) co nducted a study on modeling the spatia l variogram of 

tuberculosis for Chennai distr ict (which contains 28 wards) in Ind ia. Three d ifferent 

mode ls of variogram namely spher ica l, exponential and Gaussian mode ls were used in 

detecting the spatial dependence of tuberculos is in Chennai and then co mpared w ith 

respective theoretical variogram mode ls fitted to tubercu losis cases. On the other ha nd 

the spat ia l mean, spatia l standard dev iation and spat ia l standard dev iatiuna l dl ipse were 

ca lculated. The result showed that spat ia l depend ence ex ists between small dista nces of 

tuberculos is cases and spherica l model is a better fi t fo llowed by Gauss ian and 

expo nentia l mode l. 

William (2008) co nducted a study on spatia l and tempora l-spatial clusters o f tuberculos is 

in Ceara state, Brazil. Data on TB case for the period 1995 -2006 in Ceara were employed 

by aggregating at various spatia l sca les such as state, munic ipa lity and with gender, 

urban/rura l, age gro up, ed ucat ion as variable of interest. The study ide ntified three hot 

spots in Fortaleza, Sobral, and Itapage munic ipalities, which are located on an east-west 

linear axis in the north o f Ceara State while the entire so uthern reg io n of Ceara was 

identified as a cold spot. 

14 



Venkatesan. et.a l (2012) studied the spatial pattern of TB in India using the Bayes ian 

conditional autoregress ive mode l. They used National Famil y Health Survey data on 

tubercu los is to compare traditio na lly standard ized MOItality ratio (SMR) and Conditio nal 

auto regress ive (CAR) for smoothing the re lati ve risk of TB case . Markov chain Mo nte 

Ca rlo (MCMC) simulation technique was used for disease mapping o f CA R mode l and it 

was found to be the better mode l based o n Deviance information criterion. The results 

revea led that nOitheastern of India states hav ing higher ri sk of tuberculos is than other 

regions, and the stud y suggests that Bayes ian CAR met hod is useful tool for modeling of 

tuberculosis. 

Omo leke (20 12) conducted a study to compare the incidence rate of tubercu los is in 

developing and deve loped world. For the study purpose Nigeria was taken from 

developing countries (Africa) and UK from deve loped. Result of the study reveal s that 

the preva lence of HIVITB is gross ly higher in N igeria than the UK (497: 15 p"r 100, 000 

populat ions), the incidence is much higher in Niger ia (2951100,000 populat io n) than the 

UK rate of 121100,000 population. Mortal ity du e to TB is gross ly higher in Nigeria 

(67/ 100,000 population) than the UK w ith a much lower rate of 0.571100,000 population. 

The empirical observations of the study suggest that surveillance is weak and ineffective 

in most African countries (compared to Europe) and socia-economic factors and po li tica l 

conditio n o f the co untry was a lso fo und to be s ignificant factor for preventio n and control 

orTB. 

To uray.et al. (20 10) analyzes spatia l distribution ofTB incidence in Greater Banjul, of 

Gambia w ith he lp of spatial scan statistics to identify areas w ith high inc idence rate. The 

finding of the study showed that o ut of al l total TB cases registered 84% were permanent 
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res idents with 88% living in 37 settlements, with two districts high and low incidence 

rates. Over dispersed Po isson regress ion and negative binomia l regress ion models were 

fitted for TB distribution of study area, by identify ing population density as significant 

explanatory variable. 

Sudre.et.a l ( 1996) studied risk factors for tubercu losis among HIV -infected pat ients in 

Switzerland. Univariate and multivariate logistic regression models were used to assess 

the assoc iation between the occurrence of tuberculos is and risk markers, such as : 

demographic characteri st ics of pat ients (age and gender) ; transmiss ion category; country 

or region of origin ; year of reg istration; and CD4+ ce ll count at the time of reg istration. 

The resu lt revealed that patients from industria lized countries had a risk of tuberculosis 

similar to those from Switzerland whereas the risk among patients from Eastern Europe, 

Brazi l and Africa was markedly higher. Age, sex and HIV -transmiss ion category did not 

appear to increase the risk of tuberculosis after adjustment for other patient 

characteristics. 

Abera.et.al (2009) conducted a study on assess ing the assoc iation between H IV and TB 

in Oromia Regional State, Ethiopia . The study also ident ifies the spatial distribution of 

TB/HI V by forming c luster according to reside ntia l area (rural and the urban areas). 

Result of the analys is ind icates that strong positive assoc iat ion was observed between TB 

and HI V using Spearman's co rrelat ion test and the inc idence ofTB and HIV was higher 

in urban areas or towns as compared to the rural areas. 

Ismael (2008) ana lyzed the distribution of TB cases in rural and urban areas of Alamata 

woreda of T igray Regio n, Ethiop ia. For the st udy purpose, data of TB cases fro m two 
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urban and three rural kebeles of the woreda was considered. Regress ion analys is of TB 

cases w ith demographic factors is undertaken and co rre lation coefficient was ca lculated 

for each fa ctors. The finding revea led that the di stribut ion ofTB was high in urban areas 

than in rura l areas, and the Spearman's corre lation coeffic ient ana lys is indicates no 

significant assoc iation between TB and any o f the demographic variables considered . 

Habte (2 01 1) conducted a study o n spatia l distribution ofTB cases in No rth Shoa Zone of 

Oromia Reg io n, Ethiopia . TB cases (a ll type) of each woredas of the Zone which is 

recorded in o ne year (2008) is used for the ana lys is. Variables considered were 

Po pulation density, HIV preva lence, and number of hea lth centers in the woredas. 

Moran's I and Geary's C statist ics revea led significant cluster ofTB cases in s ix wo redas 

of Zo ne, diss imilar va lue in only one wo reda. Over dispersed Poisson regress ion mode l 

and Negative Binomial regress io n was fitted , were both models id entified strong 

assoc iation of TB load to the number of Health centers, HIV prevaknce, and Popu lat ion 

density. The study a lso suggested that when the count data is over dispersed, Negative 

bino mia l regress ion mode l is preferred. 

17 



CHAPTER THREE: DATA AND METHODOLOGY 

3.1. SO URCE OF THE DATA 

The data that we used for studying spatia l pattern o f TB cases are the seco ndary data o f 

total T B counts (2004, E.C), compiled and aggregated at woreda leve l by Zo nal Hea lth 

Bureaus. Data o n TB load includes a ll type o fTB cases which are specified and recorded 

in both governmental and private health institutio ns. The hea lth in stitutions are; 

Hospita ls, Hea lth centers, C linics, Hea lth posts, and Drug shop. 

3.2. STUDY AREA AND V ARIBLES OF THE STUDY 

The study area; East I-iararge Zone, is fo und in Eastern part of Oremia reg ion, Ethiop ia. 

Admini strative ly the Zone is subdi vided in to 18 woredas namely Babile, Bedeno, 

Chi naksa n, Deder, Fadi s, Go la-oda, Goro -gutu, G irawa, Gursum, Haro maya, Jarso , 

Kersa, Ko mbo lcha, Kurfa-che le, Kumbi , Melka- be lo, Mayu-muleke, and Meta. 

Geographica lly it is located 7°32' - 9°44 1 North lat itude and 4 1° 101_43°161 East 

lo ng itudes, and shares bo undaries w ith West Hararge Zo ne fro m the west, Ba le Zo ne 

ITo m the so uth, Somali reg io na l state fro m the east and so utheast , and Dire -Dawa 

Admini strative Council fi'om the N orth. 

Harar town which serve as the capital city for both East Hararge zo ne and Harari 

Reg iona l State is at a distance of 526 kilo meters fro m Addis Ababa to the East side o f 

the co untry. With a tota l land coverage of 25,747.91 km, 2 and a tota l populat io n of 

2,91 7,502, the study area has a dens it y of 11 3 peo ple per square km (2004, E.C). 

Altitude o f the zone ranges fro m 500 to 3405 meters above sea leve l, and the three major 

c limatic categories of the zo ne are temperate trop ical high lands that co nst itutes 11 .4% of 
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the area, Semi temperate (tropica l ramy mid lands) accounts for 26.4% and the rest 

(62 .2%)of the total area is Semi ar id (tropical dry or arid). 

Harari Regiona l State is one of the Reg io ns (States) in Ethiopia located in Eastern part of 

the country, surrounded by woredas of East Hararghe Zo ne in a ll directions. The regio n 

has no ad mini strative zo nes or woredas, and has a tota l po pulation of 183,415, of which 

majo rity are li ving in urban areas. The reg ional state has an estimated area of37 1 squa re­

km; est imated density of 494 people per square-km in 2004 E.C. 

Variab les of the study 

The dependent (response) var iab le of the study is total T8 cases, comprises a ll forms of 

T8 case. 

The independent (exp lanatory) var iab les considred are: 

1. Populat ion density: the ratio of tota l population size to the total land coverage, 

g iven in per square km. 

11. HIV prevalence. The ratio of I-IIV population to the popu lat ion at risk 

mult ipl ied by 1000. 

I ll. Total number of health centers governmenta l and nongovernmental 

institut ions that give hea lth services for the soc iety; Nu mber of hospita ls, 

hea lth stat ions, health posts, c li nics, and Drug sho ps. 
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3.3. METHODOLOGIES OF THE STUDY 

3.3.1. SPATIAL AUTOCORRELATION 

Spatial autocorrelation is quant ified in spatial ana lys is through the use of spatial statistics. 

Spatial statistics are used to detect patterns of spatial autocorrelation that represent areas 

of e ither high or low disease ri sk (Wa ller & Gotway, 2004). These patterns, which o ften 

represent areas of sign ificant ex istence or non existence of the disease, are referred to as 

clusters. Many spatial statistics that detect c lusters also describe c luster morpho logy, 

which can be the geographic s ize 

Geographica l data are correlated in space that is data in c lose geographica l prox imity is 

more like ly to be influenced by similar factors and thus affected in a s imilar way. 

Deeply rooted in the not ion that geographic locat io n matters, one testable assumption is 

that near things are more re lated tha n distant things; a concept o ft en referred to as 

Tobler's first law of geography, "Everything is re lated to everyt hing e lse, but closer 

things more so" . The spread o f infectious disease is close ly associated wit h the concepts 

of spatia l and spatiotempora l prox im ity, as indiv idua ls who are linked in a spatial and a 

temporal sense a re at higher risk of getting infected (Dirk, 2008). 

Thus the kno wledge of spatia l and temporal var iation of disease and characterizing its 

spatial structure is essent ial fo r understanding population interaction w ith its 

environment. In the case of tuberculos is, spatial corre latio ns are present at both short and 

large sca les, re fl ecting the transmiss io n of tuberculos is infect io n and the effect s of 

environmenta l factors (Venkatesan and Sr inivasa n, 2008). 
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Cluster detection with in a spat ia l analysis can be undertaken us ing a var iety of spatial 

statistical tests, many of them characterized as globa l or lo ca l, where both g lobal and 

local statistics are used to identifY areas of clustering in studies that do not have a pre­

determined hypothesis about where c lusters may be located. 

The common principle of the different test stati stics for spatial autocorrelation is that the 

comparison of the value of the statistic for a particu lar data set to its di stribution under 

the null hypothes is of "no spatia l autocorrelation." Such a null hypothesis implies that 

space does not matter, or, in other words, that the ass ignment of va lues to particular 

locations is irrelevant. Hence, it is only the va lues that provide information to the analyst, 

and "where" they occur does not add any insight . In contrast, under the a lternative 

hypothes is of spatial autocorrelation (spatial dependence, spatial associat ion), the interest 

focuses on instances where large va lues are systematica lly surrounded by other large 

va lues, o r where small va lues are surrounded by other small values referred to as positive 

autocorrelation or where large va lues are surrounded by small va lues (and v ice versa) 

which is called negative spatial autocorrelation (Cressie, 1993). 

Genera l tests are carried out with what are ca lled "g lobal " statistic s; aga in, a "test for the 

detection of clustering" . Here there is no a priori idea of where the clusters may be ; the 

methods are aimed at searching the data and uncovering the size and location of any 

poss ible c lusters. Single summary value characterizes any deviation from a random 

pattern . On the other hand, "Local" statistic s are used to eva luate whether c lustering 

occurs around particu lar points, and hence are employed for both focused tests and tests 

for the detect io n of clustering. Local statist ics have been used in both a confirmatory 
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manner, to test hypotheses, and in an exp loratory man ner, where the intent is more to 

suggest, rather than contiI'm, and hypotheses. 

The important assumption to determine the distribution of a test for spatial 

autoco rrelation is that data fo llow an uncorre lated normal distribution. Based on the 

properties o f this distribution, the moments o f the stat istic under the null hypothes is can 

be derived analytically; the other approach is non-parametric and explo its the 

interpretation of the null hypothes is as be ing non-spatia l. 

In other words, each o bservat ion can be assumed to occur w ith equal probability at a ll 

locat ions and the approach is referred to as the random izat ion assumption. 

3.3.2. SPATIAL WEIGHTS AND NEIGHBORHOODS 

Spat ial autoco rrelation measures require a weight matrix that defi nes a loca l 

n~ ighborhood aro und each geographica l area or units. T he va lue at each area l unit is 

compared w ith the we ighted average va lue of its ne ighborhood. This we ight matrix is a 

square symmetric R x R matrix with ( i,j ) e lements equal to I if reg io ns i and j are 

neighbo rs of one another (or more genera ll y, are spat ia lly re lated), and zero otherw ise. 

By conventio n, the diagonal elements of th is "spatia l ne ighbors" matrix are set to zero . 

Spatia l autoco rre lat ion measures such as Moran's I require a weights matrix that defines 

a loca l ne ighborhood around each geographic unit . Weights can be constructed based on 

contiguity to the po lygo n bo undary (s hape) fil es, o r ca lculated fro m the distance between 

po ints (po ints in a po int shape fil e or centro ids of po lygons). 

22 



The fo rmula for each we ig ht is 

e 
. . 'J . h C I 

wI) = N ' W it ij= if i and j are linked, and C;j= 0 otherw ise. 

Ie'J 

Genera lly there are three kinds o f we ight matrices: contiguity, distance and K-nearest 

ne ighbo rhood. 

a. Contiguity weight file s 

Most analyses o f spatial autocorrelat ion adhere to a common definition of cont iguity. 

Contiguity refers to what polygo ns are se lected as ne ighbors for a sing le target po lygon. 

Under contiguity class ification we have Rook, Bishop and the ir combinatio n (Q ueen 

Contiguity). 

Rook contiguity (so ca lled after the movement of the chess piece): two reg ions are 

ne ighbors if they share (part of) a commo n border (on any side). 

Bishop continuity: two reg ions are spatia l ne ighbo rs if they meet at a "point". Th is is the 

spat ia l analog of two elements ofa graph meeting at a vertex. 

Queen contiguity: this is the unio n of Rook and Bishop Contiguity. Two regions are 

neighbo rs in this sense if they share any part o f a commo n border, no matter how sho rt . 
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The description of contiguity de finition for neighborhood is g ive n graphical: 

Rooks Case Bishop s Case Queen '5 (Kings) Case 

£ 

~-
- I 

I .. 

b. Distance we ights 

Under this category XY -coordinates are used to automatica lly ca lculate d istance between 

po ints or centroids of po lygo ns and spec ify the cut-off point (thresho ld d istance) to 

determine the minimum distance for two units to be considered as neighbors. 

c. K-Nearest neighbors 

First the exact number of neighbors that a unit should have is specified and then 

appropriate software like Geoda is used to find areas that are nearest to the unit. 

3.3.3. GLOBAL MEASURES OF SPATIAL AUTOCORRELATION 

The litera l meaning of spatia l autocorrelat ion is se lf-co rrelation (autocorrelation) of 

obse rved va lues of a s ing le attribute, according to the geographical (spatia l) ordering of 

the va lues. The most common techniques for measuring Globa l spatial autocorrelation are 

Moran 's Index statistic (Moran, 1948) and Geary' s C statistic (Geary, 1954). These tests 

indicate the degree of spatial assoc iat ion as reflected in the data set as a who le. They both 

necess itate the choice of a spat ia l weights matrix. Moran' s Index is based on cross 

products to measure va lue associat ion, whi le Geary' s C emp loys squared differe nces. 
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i. Global MOI'an's I 

It prov id es a s ing le measure of spatial autocorrelation for an attr ibute in a reg io n as a 

who le. Formally, Moran ' s I I·o r N units of variable y, is expressed as: 

LLZ;W;jZj 
LZ,' ................. (1) 

Where [ is Moran ' s I statist ic, N is the total number of units (woredas) , y is observed 

va lues of attr ibutes (1'8) cases at eac h locat io n (woreda), w is weight matrix 

(connect ivity) which contai ns informat ion of the location, Z is sta nd ard ized va lues of 

response variable (1'8) cases, and Wu is the normaliz ing factor eq ua l to the sum of the 

e lements of the we ight matr ix (Wu = L L w, J ' i* j). 

Under the no rmal and randomizat ion assumptions, the resulting standard ized-va lu es are 

compared to a table of standard normal to assess spatia l dependence . The null hypothesis 

(no spat ial autocorrelation), wi ll be rejected if the calc ulated value of IZ/ I ~ Z", where 
2 

/- £(1) 
Z (I) = ~ ................................................................. (2) 

v var(1) 

- I 
£(1) N = - - = £(1) II ................................ . .. .............. (3) 

N- I 

The var iance of the Moran' s I vary w ith assumptio n of the normality and randomi zation: 

Under no rmalit y assumption, 
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Var(J) N = N' (N - ::~ ~)~;~ ~~~' - 2W
o' ........................................ ...... . (4) 

N I 
W. = L w,) ,i" j , WI ='2 LL(wi) + W),) ' ,W, = L[L wi) + L w,, ]' 

,*) I I } 

and w ith rando mizat ion ass umpt ion, 

, , 
Var(J)r = N(WI (N - 3N + 3) - NW, + 3W 0) 

(N - 1)(N - 2)(N - 3)Wo' 

a ll notat ion are as in (4) and 

N _ 

NL(Yi - y) 4 
K = 1= 1 

N 

L«yi - y)' )' 
1=1 

ii. Global Geary's C 

K(~(N ' -N)-2NW, +6W',, ) 

(N - 1)(N - 2)(N - 3)Wo' (~l ) ' ......... (5) 
n- l 

Geary 's C statistic is given by tak ing cross product of deviat ion of each location fi'om its 

ne ighbor than from its average value. A lgebraica lly according to Geary ( 1954), 

c = ( ~;ol ) ~t~:~~'~:) ) ' .................................................... (6) 

Like G lo ba l Moran's Index, the standardized va lues of the observat io n w ill be ca lculated 

and the null hypothesis of no spatia l autoco rre lation w ill be rejected if the ca lculated 

va lue, IZ,I?: Z a' , 
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, C-E(C) 
Z(cl = ............................................ (7) 

.Jvar(C) 

E(C) N = E(C)" = 1 ........ ... .... .................... ....... (8) 

Equation (7) and (8) g iven above represents the standard ized and expected va lues 

respectively 

The va riance of Geary's C a lso varies w ith assumption of no rmality and randomization: 

. _ (2W, +W,)(N- I)-4Wo ' 
Vm (C) N - ...... ............ ... (9) 

2(N + I)Wo 

Var(C) = W,(N-I)(N ' -3N +3-K(N-I)) + (N ' -3-K(N- I)' ) 
R Wo(N(N - 2)(N - 3) N(N - 2)(N - 3) 

(N - I)W, (N ' +3N -6-K(N' -N +2) 
~---'.----=--'---------'----,,---------'- ............ .. ........................... (I 0) 

4N(N - 2)(N - 3)Wo 

The notation used is the same as in (5). 

Interpretation: A va lue of Moran's I that is larger than its theoretica l mean of - lIN-I, or, 

equivalently, a positive z-va lue, points to positive spatial autocorrelation. In contrast, for 

Geary's C, pos it ive spatial autoco rre lat ion is ind icated by a va lue sma ller than its mean of 

I, or by a negative z-value. 

Note : the assumption of normality in spat ial se nse is the same as free sa mpling (sampling 

with replacement) where as randomization is like sampling witho ut rep lacement. i.e. in 

Free (or normality) sampling assumes that the probability of a po lygon having a 
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particular va lue is not affected by the number or arrangement of the polygons, analogous 

to sampling with replacement where as non-free (or randomizat ion) sampling assumes 

that the probability o f a po lygon hav ing a particular va lue is affec ted by the number or 

arrangement of the po lygo ns (or po ints) , usua lly because there is only a fixed number of 

po lygons. 

3.3.4. LOCAL MEASURES OF SPATIAL AUTOCORRELATION 

Ind icators of global spatia l autoco rrelation either Moran's I or Geary's C, though they 

can identify whether or not clustering is occurring, cannot spec ify the location of clusters 

or how spat ia l dependency can vary from one place to another. Local spat ia l statistics are 

used to quantify clustering within sma ller areas of a larger study area, and in many 

instances can be seen as smaller part itions of the g lobal spatia l statist ica l analys is 

(Fotheringham.et.al, 2002). More genera lly, loca l indicator of spatial autocorrelat ion 

(LI SA) shows statist ica lly signi fica nt groupings of ncighbors with high and low va lucs 

around each reg ion in the study area and therefore, aim of using thi s LISA is to identify 

' hot spots ' or co ld spots (Anse lin , 1995). 

For this study loca l Mo ran's I and Loca l Ord and Getis G* statistics have been used fo r 

identification of c luster (hot spots) at loca l leve l. 

I . Loca l M ora n 's J 

Loca l Moran's [ for each observat ion meas ures the extent of s igni fica nt spat ia l c lustering 

of sim ilar va lues arou nd that observat ion, and alge braica lly it is g iven as 

,. Or J, = 2, L w,2j ..... ........... ...... . (11) 

28 



Z; and Zj are standardized va lues of att ribute (TB cases) for units i and j, where j is 

among the ide nt ifi ed ne ighbo rs of i according to the we ight matrix and a ll other notat io n 

are in (5). 

Ana logo us to G loba l co unterpart , the null hypotheses w hic h states no spatia l c lu ster ing 

w ill be rejected if the computed Value, IZ" I ~ Z"-' algebraically it is g iven by 
2 

1, -£(1,) 
Z" = ..................................................... (1 2) 

.jVar(1, ) 

LWlj 
£(1,) = ~ _ I .......... ........... ....... .. ..... ...... .. .............. (13) 

Var(1 ) = W,(N - b, ) +_2W~J'--'(_2b...:.2 _-_N...:...) 
, N- I (N- I)(N-2) 

W' 
, , ..... .... ..... ... ... (14) 

(N - I) 

.L>: .L>/ N N N 

M4 =-'-- ,M2 =-'-- , w. = Iw/ 
N N '" 

Wj = IIwikW", 
h"", k .. , 

Note: the subscript i,j above shows the location(places) that are used in the co mputation, 

and a ll o ther notation are the same in (5). The interpretat ion for the loca l Moran's I is the 

sa me as that of globa l counterpart 

II. Local Ord a nd Celis, C *. 

The O rd and Getis Ci* loca l statistics fo r measur ing spatia l autoco rre lation (Ord and 

Getis, 1995) is given as fo llows: 
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Gi* = __ -'-1 ___ --'----____ ---;-, .......... ... .... ........ ...... (1 5) 

[

NS, * -(L wij + wi,)' / ] ' 

Sx A N- I) 

N 

LWIj 
E(Gi*)=~, s* ,= L (wij 2+ wii 2) ancl 

N 
(G .*) _W-,-i _* 0..,( N,---_E-'-( G~/,--*-,-,) ),--Y,,-. * var I ;:::: 

N ' (N -I )Y, * 
where 

W* = '\' W yi* = _ 1 __ 
I L., 'J ' N ' 

1 

y , * = _"_' -.:.1_" ___ _ Yi * and w;; is a we ight in the case in 
N 

which i is in its own ne ighborhood set, y is average of the dependent var iable (TB 

Cases). The formu la given in (15) shows what portion of the total sum of a ll va lues is 

represented by the va lues at. and near, locat ions i (Geti s ancl Ord, 1992). 

Intel'pretation: Pos iti ve va lues o f the Gi * statist ic ind icate that high va lues are spatia lly 

clustered with other high values of the ra ndom variab le. Negative va lues of Gi * statist ic 

indicate that low values are spat ially clustered w ith other low va lues of the dependent 

variab le. 

Note that a co nsequence of this is that the Gi * stati st ic, unlike Moran 's I, cannot 

distingui sh cases of pos it ive spat ia l autocorrelat ion frolll cases o f negati ve spatial 

autocorre lation (Getis and Ord, 1992). 
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3.3.5. Testing fo r spatial dependence in regress ion resid ua ls 

The erro r term in a regress ion can be co nsidered to co nta in a ll ignored e lements. I f so me 

of these show a s ignificant spatial pattern, it w ill be re fl ected in a spatia l pattern fo r the 

error terms and dependent variable. 

There are two most commo n types of d iag nostics avai lab le to test fo r spat ia l dependence 

in the res iduals o f a linear regress io n: an extensio n of Moran 's I statistic to regress ion 

res idual s (C liff and Ord, 1972) and a simple test based on the Lagrange Multipli er (LM) 

princ ip le (B urridge, 1980). Both tests; test for residua l autoco rre lations (Moran's I) and 

LM are deri ved fro m the results o f an o rdinary least squares est imation in a standard 

regress ion mode l. 

Us ing standard matrix notatio n the spatia l dependence in the error term is spec ified as: 

y =XjJ+e 

withe = AWe + q ....... ... ..... .. .. ........... (16) 

Where y is N by 1 vector of o bservatio ns on the dependent va riable, X is N by k matrix 

of o bservations o n explanatory variables w ith matching regress io n coefficients in the 

kx 1 vector ~ and E is a N by I vector of error terms. E is assumed to fo llo w 

autoregress ive w ith coeffic ient A and a white noise error q 

I. Mo ran's 1 diagnost ic for spat ia l error depende nce 

Moran' s 1 statistics; test for error spat ial autocorre lat ion from regress ion res idua ls (Cl iff 

and Ord, 1972) is g iven by: 
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N e'We 
1=---..................... ..... ...... .. ... (1 7) 

Wo e'e 

e is an N by I vector of residuals, W is the spat ial we ights matrix and W 0 is the 

no rma liz ing factor (the sum of a ll we ights) and N is number of observat ions (woredas). 

The Mo ran test statistic I (under Ho: A = 0) is d istributed as F (F-distribution) with Nand 

Wo degree of freedo m. 

e'e/ 
/ cr' 

- Fa(W" , N) .............. ................. (18) 

Test dec is ion : the null hypothes is (1-1 0) w ill be rejected if the computed va lue is greater 

than tabulated value. 

II . Lagrange Multiplier test 

The Lagrange Mu ltiplier (LM) or score test for spatia l error autoco rrelat ion is very 

s imilar in form to Moran 's except normalizing factor. But in funct ion, Moran's I is used 

only to detect the existence of spatial autocorre lation, while LM test has additional use 

for choos ing between a spatial error and a spatial lag a lternat ive (Anse l in, 1999) , and 

therefore can be used fo r the inference of spatia l autoregress ive coefficient s. 

The expression fo r the LM test aga inst a spatial error alternat ive (SEM) was orig inal 

g iven by Burrigde ( 1980) to test the null hypothes is of no spatia l error autocorrelat ion, 

Ho : A = 0 , as: 

(e~~e) . 
LMer = ............................... ............................ (19) 

rr[(w + w')11') 
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Here, tr stands fo r the matrix trace operat ion (sum of the al l e lements of the d iagonal), 

and (J ' is replaced by its estimate, ~. The LM statistic is asymptotica lly distributed as 
N 

a X' vari ate with one degree of freedo m. 

S imilarl y, the LM test against a spatia l lag a lternative (SLM) was out lined to test the null 

hypothes is of no spatial dependence due to the response variable, o r (flo : p; 0), where 

p represents the autoregressive coeffic ients fo r spatial lag. 

The Lagrange multiplier test for spatia l lag is g ive n by: 

(e~~e ) 
LM,,,. ; D ..... ..................................... ... ... .. ....... .. (20) 

D ; (WXfJ)'(1- X(X'Xr' X '(WXfJ) / (J 2 + Ir [(W + W' )W], all other notat ion is the same 

as in equation (17) . This LM lo g has a lso an asymptotic ,1" (1 ) distribution. 

Note: If the test results for both LM diagnostic cannot reject the nu ll hypothes is, it means 

that O LS is suffic ient for mode ling the distribution with specified spatia l dependence. 

Ill. Robust Lagrange M ultiplier Diagnostics 

Ro bust LM test are test statistics used to SUPPDlt the test result given by its no n ro bust 

test. 

The ro bust LM for lag which is used to tes! the null hypothes is of spatial lagged 

dependent variable ( fIo : p ; 0), is given by: 
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[
e,wy-e,we: 

e'e 
N 

RLM'ag; /r [(W'+W)W] + (WX,B)'(l-X(X'X) 'X'(WXfJ IS') , ................. (20) 

The robu st LM for error which test against the null hypothes is of no spatial error 

dependence 

(Ha : A; 0), is g iven by: 

[(e;e -T )-T*(e'WY / ~)] 
RLM",,, ; 2 ••••••••••••••••••••••••••••••••••••••••••••••••• (21) 

T-T (T*) 

T; Ir[(W +W')W],andT* ; (T + (WXfJ)'(J _ X'Xr' X'(WXfJ) I S' r' 

T he interpretation and the rejection rule for both test statistics is the same their non robust 

counterpart. 

3.4. MODELING SPATIAL DEPENDE~CE 

Once the d istributio n is identified, another resolution is e nha nceme nt in spatial data that 

offers an 0ppOltunity to model disease, which helps us in ide ntifying factors tha t affect 

TB di stributions. 

Spatial anal ys is focuses o n counts from sma ll areas w ith re lat ive ly at risk and few cases 

expected during the study period, such in stance require models appropriate for count o r 

rare outcome (Manfred.et.a l, 20 II) 

Mode ling spatial interaction that ar ise in spatially referenced data is commo nl y done by 

inco rporati ng the spatial depende nce in to the covariance structure e ither exp lic itly or 

implicitly via an autoregressive mode l. In case of lattice or areal data w hic h can be 
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defined as observation associated with a fi xed number of area l units such as counties, 

d istr icts and census zo nes, the two most common Auto regress ive model used are 

Bayesian conditiona l autoregressive model (CAR) and the spatial autoregressive mode l 

(SAR). 

Both of these models produce spatial dependence in the covariance structure as a function 

of neighborhood matrix, Wand often a fixed unknown spatia l correlat ion parameter 

(Wall, 2004) . The description of each of the mode ls is given be low one by one with their 

respective estimation and diagnost ic techniques. 

3.4.1. SPATIAL AUTOREGRESSIVE MODELS 

The treatment of spatia l data ana lys is from the lattice data perspective focuses on two 

main issues: testing for the presence of spat ial assoc iation, and the estimation of 

regression models that incorporate spat ial effects. The indication of a s ignificant pattern 

of spat ia l c lustering g iven by a test for spatia l autocorre lat ion is only an initial step in the 

ana lys is of spatial data. 

Such an indication shows that the observat ions are more clustered than they would be 

under a random assignment, but it does not expla in why such clustering occurs, nor 

which factors determine its shape and strength. In other words, the a lternat ive hypothes is 

of "spatia l autocorrelation" is too vague to be very useful in the construction of theo ry. 

A concept that formali zes the way in which the spatia l assoc iation is ge nerated , is that of 

a spatia l process, or spatial stochastic process . Rough ly speaking, such a process 

expresses how observations (error term) at each location depend on va lues at neighboring 
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locations, i. e., spatia l lag model and spatial error model. An alternative to the pure spat ia l 

process spec ification is the inclusion of "exogenous" exp lanatory variables in addition to 

the spatia l effects. 

Spatia l autoregress ive mode l is an auto regress ive mode l that acco unts for spat ia l effects 

in est imat ing mode l parameters. There are two commo n ways of inco rpo rat ing spat ial 

depende nce, as an additio nal lag of dependent variab les (spat ia l Lag model) and as 

lagged component of error term (spatia l error mode l). Spatia l lag mode l (SLM) cons ider 

the average weighted effect of its neighbor as other factor to determine the mode l 

(Anse l in, 1988), and this we ighted average is ca ll ed the spatia l autoregress ive parameter. 

Spat ia l lag mode l, therefore suggests that the spat ia l auto regressive or the effect ofspat ia l 

dependence ex ists only in dependent variab le, but not due to other exp lanatory or error 

term. 

In its simplest form, with only one order of contiguity used for the spatia l lag terms, 

SLM can be expressed as:-

y = pWy+ X{J + & ......................... (22) 

Where y is a N by I vector o f observations on the dependent var iable, Wy is the 

co rrespond ing spatial lag fo r we ights matri x W (which contro l spatia l autoregress ive) , 

p is a spatial autoregress ive parameter and c is a N by I vector of error terms and X is a 

N by k matrix with observat ions on the k exogenous exp lanatory variables with matchi ng 

k by I coeffic ient vector ofp. Spat ia l autoregress ive (lag) model g ive n in (equat ion, 22) 

can be interpreted in two ways: In a first perspective, the interest is finding how the 
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var iable y re lates to its value in surrounding locatio ns (the spatial lag), while controlling 

for the influence of other explanatory variab les. This is the case when the spatial pattern 

in a dependent variable is actually due to the spatia l pattern of other variables with which 

it is strong ly corre lated. 

A second interpretat io n is considered when the interest is rea lly in the re lat io n between 

the exp lanatory var iables X and the dependent variab le Y, after the spatial effect has been 

contro lled for. This is often referred to as spatial filtering or spatial screening (Get is, 

1990), and can be formally expressed as: 

(y - pWy) = XfJ + e 

(I-pW)y = XfJ+e 

y = (J - pWr' XfJ + (! - pWr' e ....... ..... ... ... ..... (23) 

Here, the matrix (1 - pW) is re ferred to as a spatia l filter, with I as an identity matrix of 

dimension N by N. 

A spatia l error model (SEM) o n other hand is a weighted average of the indiv idu al 

residual s of the ne ighboring locat ions (Anse lin, 1992), incorporated to the model as an 

additional exp lanatory variab le. The mathematical model for SEM is given by: 

y = XfJ +e 

with e = AWe + ; .............. ......... ...... . (24) 

a ll notation used are the same the as in equation ( 16) 

Hence, SEM postulates that the spatial influence on the dependent variab le is coming 

through the erro r term, i.e. it assumes that spatial effect occurred in error term rather than 

w ith dependent or other explanatory var iab les o f the mode l. 
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3.4.2. MAXIMUM LIKELIHOOD ESTIMATION 

Due to multidirectional nature of spaces, o rdinary least squares estimates (OLS) are 

biased, inconsistent and in effici ent for estimating model parameters in spatial data 

analys is, and a lternati ve ly, Ord ( 1975) gives the maximum like lihood estimatio n 

methods fo r estimating the spatia l lag and spatia l error mode ls. 

Although MLE has the best e ffi c iency amo ng a ll avai lable estimators when the 

assumpt io n of error distribution is met, the computatio n is not as that of class ic regress ion 

models. That is due to the two-directio nal nature of the spatial dependence, log 

like lihood results in a Jaco bean term, determinant of a full n x n matrix, rather than sum 

of the log like lihoods assoc iated w ith the indi vidual observatio ns. 

I. Maximum likelihood estimate fo r spa tia l lag model 

Assuming t: - N (0, a') the log like lihood function o f spatia l lag model is (Anse lin , 

1999) 

I I
n -n , (y-pWy-XfJ)'(y-pWy-XfJ) 

In L(a,fJ,p) = In 1 - pW -- In(211") -- InCa ) - , ........ ..... (25) 
2 2 20' 

Like lihood, (25) is no n linear functio n o f parameters and it is value that is to be 

Anse lin (1988 , ch. 12) suggests a way to do the estimation, by focusing first 
maximized, 

on p estimat ion as fo llows: 

b = (X'Xr' X 'A Y 

= (X' X) -' X ' Y - p(X' Xr' X ' WY ............... ........... .... ... (26) 

= bo- pbl 
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method they took an empirical Bayes approach that shr inks the SMR's towards a local o r 

g loba l mean, where the amount o f shr inkage may depend on loca l (spatia l) and g loba l 

variability. 

Bayesian est imators are widely used in o rde r to obta in re liable estimate for the relati ve 

r isk when there are sub-areas with small popu latio n, i.e. if in the sub-areas we o bserve 

too few cases, then the estimated relative risk is very unstable and can lead to wrong 

conclusions. When a population exposed to risk is sma ll the number of o bserved cases of 

a disease can be affected by a large variab ility due o nly to chance, and not due to 

environmenta l variab les o r particu lar behavior of the target populat io n. The need to 

identify extreme rates for areas with smal l popu lat io n or rare diseases led to the 

deve lo pment of Bayes ian estimation in d isease mapp ing. 

Bayesian Cond it ional Autoregress ive (CAR) model is a disease mapplllg technique, 

which is used for smoothening of re lat ive ri sk (C layto n, 1987) . Thi s model (CAR) 

prov ides some shrinkage and spat ia l smoothing of the raw relative risk est imate, and 

gives a more stable estimate of the pattern of underl y ing risk of disease than that 

provided by the raw est imates. 

CAR borrows informat io n from neighboring areas than from areas far away and 

smoothing loca l rates toward loca l (ne ighboring values) . This met hod reduces the 

variance in the assoc iated estimates and a llows for the spatial effect of regio na l 

differences in who le popu lat ions. 

The Bayes ian (CAR) approaches of d isease mapp ing combine two types of in formation, 

the in formation prov ided by the observed number o f cases in each s ite described by the 

Poisson like lihood, L(9/y) and prior information on the relative risks specify ing the ir 
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var iab ility III the overall map, summarized by their prior distribution (Mo llie, 1999). 

Supposing that the re lat ive r isks are corre lated where the correlation is dependent on 

geograph ica l proximity and that the re lat ive risk can be considered to be Gaussian, 

est imating the re lative risk using CAR gives (Besag, 1974 and Ord, 1975) 

£(P, / p).) .) = p , + P LWlj (p) - p)"""""""",,(32) and 

Var(p, / p )')" ) = 0" 2 ..... ............... ... (33) 

Where W is we ight matr ix of the map, p spatial dependent parameter. 

Yasni.et.a l (2000) with the same assumption of Gaussian modified the mean and variance 

of the CAR mode l as following : 

PLWij ePJ -a) 

E(P, / p )')" ) = a + "i """""."" ."""".(34) and 

LWlj 
jEal 

a -is set of neighborhood locat ion (site) fo r i and j. 

Cond it ional autoregressive (CAR) models are commo nl y used to represent spatia l 

correlation in latt ice data, which ari se in a wide variety of app lications including 

education, epidemio logy, agricu lture, etc. The spec ification for CAR model re lies on the 

conditiona l distr ibut ion of the spatial erro r terms. In this case, the d istr ibution of e; 

conditioning on e- ; (the vector of all random error terms minus e; itse lf), i.e . instead of the 

who le e-i vector, only the neighbors o f area i, defined in a chosen way, are use used. 
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The set of area l (lattice) units can form a regular lattice that exhibit spatial correlation, 

with observatio ns from areal units c lose together tending to have simi lar va lues. A 

proportion of thi s spatial co rre lation may be modeled by includ ing known covariate risk 

factors in a regress ion model (CAR). 

Th is stud y employed two different models for describing spat ia l pattern of TB cases in 

study area; spatia l autoregressive mode l (see, sect io n 3.4) and Poisso n-CAR mode l. For 

fitt ing CAR model, we used data of TB cases of each woredas, expected TB cases, and 

spatia l featu re of the study area partitio ned in to wo redas. Accordingly, Y i ( T B cases) 

occurring in area Ai is recorded, where the set of areas (Ai},i = I , 2, ... ,n represe nts a 

part it ion of the reg ion(Zo ne) under study. For each area A i, the expected number of cases 

(Ei ) is computed using reference rates (overa ll incidence r isk of zo ne multiplying by 

population at risk for each wo redas). 

The distribution of the observed value of TB case (counts), Yi is typically assumed to 

come from a Po isson distribution, as the di seases (TB cases) usually considered as rare 

and this distribution g ives a good approximat io n to the underlying binomia l distribution 

that wo uld ho Id for each r isk areas. 

Assuming the Poisson di stribution fo r the total number of TB cases, and emp loy ing 

Markov assumption for the spatial context; the property that the conditio nal distributio n 

of each s ite, p (x i lx-i) depends on ly o n a few components ofx- i, ca lled the neighbors of 

site i, we can apply CAR mode l that can be expressed as: 

y, - poisson('7(i» ........ ...•........... (35) 

log( 'l(i» = log( E, ) + au + a ,X , + JJX, + yX , + bi ...................... (36) 
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Here Y i is the observed co unt of the TB case (disease) in the i th reg ion and Ei is the 

expected co unt within the same region. Yi is assumed to be co nditio nal independent 

g iven b" and then the like lihood for TB case is obta ined as product o f jo int densit ies. 

The parameter of interest (/) (i» is the re lat ive risk that quantifies whether the area i has a 

higher risk or lower occurrence of cases than that expected from the re ference rates, ao­

Intercept term representing the base line log relat ive ri sk of disease across the st udy 

reg ion, Xi, i ~ I , 2 , 3 are the co variates (X,-population densit y,X2-number of hea lth centers, 

and X3-HIV preva lence) in district i, with associated regression coeffic ients n, fl, y 

respective ly. bi is an area-specific random effect capturing the res idual or unexplained 

(log) relat ive risk of d isease in area i. 

We o ften thin k of bi as representing the effect of latent (unobse rved) r isk factors, to 

a llow for spatial dependence between the random effects bi in nearby areas, we may 

assume a CAR prior for these terms. 

3.5.1. CAR Model and Prior specification 

The model co ns ists of three components: the like lihood for TB cases (co unt), the latent 

process mode l for log re lati ve di sease risk and the prior spec ification . Win BUGS 

(Bayes ian Anal ys is Usi ng Gibbs Sampling); package that has bee n designed to carry out 

Markov chain Monte Carlo (MCMC) computat io ns for a w ide variet y o f Bayes ian 

mode ls was used fo r analysing our data, 
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To fit the model in Win BUGS; the o bserved TB case, expected TB case, and covariates 

including population density, number of hea lth center and HIV preva lence with 

adjace ncy matrix of study area were in c luded fo r analys is. The prior for this model (mean 

and variance of random effect) is hyper prior, Gamma pr ior which is d istributed with a 

small prec ision, thus tak ing a larger ne ighborhood structure into accounl. Results are 

based o n Markov Fie ld Monte Carlo (MCMC) s imulation and an in verse distance-matr ix 

3.6. MODEL SELECTION METHODS 

There are two common ways of comparing spatial autoregressive models w ith standard 

regress ion ana lys is. The first and the most simple o ne is to co mpare the outco me of 

diagnos ing spatial dependence which is obtained by regress ing TB case on onl y 

explanatory variab les (OLS) by add ing the we ight matrix (section 3.3.5). the second 

means o f se lecting appropriate autoregressive model in classical statist ics is to compare 

the va lues of Likelihood ratio test (LRT), Aka ike information criterio n (AIC) and 

Schwarz Information Cr iterion (B IC) Likelihood ratio test (LRT). 

When the mode ls are est imated by MLE, a likelihood ratio test (LRT) can be used to test 

whether or not spatial autoregress ive mode ls (SAR) make a significant improvement in 

model fitting over OLS, or, in other wo rds, whether or not the improve ment warrants the 

add itiona l co mputation needed for SAR (Ha ining 1990, p. 142-145): 

LRT = 2(1n L, - In L, ) ......................... {37) 

L, and L2 are the like lihoods of two models. 
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The null hypothes is is 1-10, p=O; and the alternative hypothes is is 1-1 1; p* O. This LRT 

stati stic approximately fo llows a X2 distr ibution w ith degrees of freedom equal to the 

number o f additiona l pa ramete rs in the mode l ( I-I aining 1990). 

I . Akaike Information Criterion (AIC) 

The AlC is measure o f fit that is used to assess mode ls. Th is measure uses the log 

li ke lihood with penal iz ing term that is associated w ith a number of variables. 

Algebraica ll y, 

/liC = - 2 In L + 2p ... ..... .... .. ......... (38) 

P is the numbe r of unknown parameters inc luded In the model and InL IS the log 

li ke lihood . Smaller values indicate the best model that has to be se lected. 

ii. Bayesian Information Criterion (BIC) 

BIC is another model se lection method , which uses penalt y term assoc iated w ith the 

number of parameters, p and the sample s ize, n. BI C is a lso known as the Schwarz 

Informatio n Cr iterion 

BIC = -21n L + p in n. ... .... .................... . (39) , 

a ll notat io ns are defined as in (33). 

Interpretat io n: A sma ller va lue sho ws mode l with better fit. 
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Table 4.1 Global Moran ' s r 

Assumption Observed Expected St.dev Z-value P-value 

Norma li ty 0.5 111 5 -0.0556 0.1 5552 3.6230 0.0001 

Randomization 0.44493 -0.0556 0.147234 3.3992 0.0006 

Table 4.2 Global Geary's C 

Assu mption Observed Expected St.dev Z-va lue P-value 

No rmality 0.07 1.00 0.03 14 3.96 0.00004 

Randomization 0.26 1.00 0.2654 -3.021 0.00060 

The test results of Moran 's I and GeGly 's C descr ibe; the observed (computed) values, 

expected va lues, standard deviation, Z-score, and the associated p-value. The low p­

va lues (p <0.0 I) under both assumptions suggest powerfu l positive spat ial 

autocorrelation. A two-sided p-value is repOlted, which is the probability that the 

observed coeffic ient lies farther away from IZI on either side of the coeffic ients ; large 

positive va lue of Z (Morans coefficient) and the large negat ive Z (Geary ' s C). The 

coeffic ient of spatial autocorrelation for both test statistics was sign ificant imp lying the 

spatial randomness probabi lity ofTB cases is un like ly « 1%). 

The Moran scatter plot (Anse lin , 1998) is graph ical visua lization of spat ia l clustering by 

display ing the se lected (dependent) variable on X-axis and the we ighted average of its 

neighbor areas (lagged va lues) on Y-axis . The slope of this scatter plot represents the 

coefficient of Moran ' s Index and the dots in first and third quadrants indicate positive 
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spatial autocorre lation (c lustered observations), those in second and fourth quadrants 

show negative spatial autoco rre lation (o utli ers). In Figure 4.2, the scatter plots point out 

strong posit ive spatia l clustering and therefore nearby woredas have great chance of 

hav ing re lated va lues than distant areas ( locations). 
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Figure 4.2: SNAPSHOT OF GLOBAL MORAN'S SCATTER PLOT 

Th is scatter plot of TB case versus its lagged va lues clearly dep icts correlation ofTB case 

in neighboring wo redas, and this fact strongly SUPPOlt S the results of Moran 's f and 

GeOly 's C statistics. The significance of Moran 's scatter plot is commonly tested by 

taking different large permutat ion numbers wit h their respect ive significa nce va lues (see, 

Figure I of Appendix). 
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In ge neral, all the test evidences including; map descript ion (Figure 4. 1), statist ical test 

results via globa l measures, and the scatter plots proved the existence of strong positive 

spatial dependence as expected. But, this identification of spat ial depende nce is not the 

end of the story; we need to explore the spatia l pattern of each location for assessing 

specific risk areas and also for seeking the factors that are contr ibuting for unequal 

distribution of the cases. For exp loring this local spatial pattern Moran 's 1 for loca l 

spatial statistics and Loca l Ord and Celis Ci* (Anselin, 1995) were used. 

4.4.2. LOCAL MEASURES FOR SPATIAL AUTOCORRELATION 

Spatia l c luster of TB cases that was detected by global measures is meaningless unle ss 

we identify individual spat ial pattern for each woreda, i.e. the test stat istics that was 

rejected with g lobal measures may (may not) be rejected in local case. 

Local Moran's 1, and Ord and Celis Ci* test statistics are among the most commonly 

used spatial test statistics for detecting spatial pattern of area l (lattice) data. The detail 

description and computation procedure of these test statistic s is given in Chapter three 

(Sect ion 3.3.4). Both loca l test statistics are used to test aga inst the claim of No loca l 

spatial autocorrelation for ach woreda in re lation to its neighbors. The standardized 

values of each test statistics are compared to the Z-score and significance of test result 

follows asymptotic property of normal distributio n. The results of Local Moran 's index 

are given in Tab le 4.3. 
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Ta ble 4.3: Local Moran '5 I 

S.oo Woredas Ii (LISA) p-values 

I Chinaksan 0.9561 0.00 13 

2 Jarso 0.8956 0.00 14 

3 Kombolcha 0.8802 0.001 9 

4 Gursum 0.7018 0.001 2 

5 Meta 0.3624 0.01 30 

6 Haromaya 0.6726 0.003 1 

7 Goro gutu 0.5401 0.0025 

8 Deder 0.26 17 0.0094 

9 Kersa -0.4 11 5 0.194 1* 

10 Babile -0.30 19 0. 1526* 

II Kurfa chele -0 . 1805 0.4669* 

12 Bedeno 0.2444 0.0062 

13 Fedis 0.2459 0.02 13 

14 Me lka be la 0. 1874 0.0010 

15 Meyu 0.92 18 0.0002 1 

16 Kumbi 0.75489 0.00014 

17 G irawa -0.0812 0.5416* 

18 Gola oda 0.3957 0.0014 

19 Hareri 0.71 6 1 0.0009 

Note: The observed values o f outliers were negative and in significant at 5% leve l. 
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The test result (Table 4.3) shows significant clustering of TB cases in IS woredas and 

out li ers in fo ur woredas. This indicates that the null hypothesis of no spatial c lustering 

was not significant for Kurfa-chele, Babile, Girawa, and Kersa at 5 % leve l of 

significance. Kurfa-che le has high TB load and was surrounded by small TB cases of 

neighbors while Babile, Girawa and Kersa were woredas with small TB cases neighbored 

wit h woredas of large TB load. The cluster ing status and the respective geographical 

location ofworedas are g iven by signifi cance map (F igure 4.3). 

C luster (significance map) is the visua l description, and it is simple way of ident ify ing 

the pattern o f spatial distribution than other measures of spatial autocorre lation. 

Figure 4.3 , presents the map of TB counts of the stud y area, where each woreda is 

colored according to the category in to which its corresponding attr ibutes fa ll. Here, four 

different colors; red, green, p ink and yel low are used. The fir st two, red and gree n 

represent high and low risk areas respective ly. As we can see from c luster map, seven 

woredas which are bordered with Dire-Dawa administration city (North) and Somali 

Reg ional State (south) were high areas, acco unt for abo ut 60% of total TB cases. 

The test results for Ord and Getis G i* is presented in Table I of appe ndix, showing 

clustering of neighboring va lues; positi ve G i* implies c lustering of high va lu es, and 

negative values ofGi' indicate connectedness of small cases (co ld spots). 

Genera lly, LISA cluster map has been ab le to highlight two extreme areas; the high risk 

area labe led in red and the low risk area labeled in green color. Areas shaded pink and 

ye llow represent outliers (negative spat ial autocorre lation). 
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LISA cluster map 
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Figure 4.3 LISA CLUSTER MAP 

4.5. DIAGONSTIC FOR SPATIAL DEPENDENCE 

Tests for spatial autocorrelation, global and local measures supported by cluster map 

showed the existence of strong spatial autocorrelation for TB load of study area. Once 

spatial dependence is detected it is not recommended to apply linear regression which 

assumes error terms have a zero mean and are independently and identical distributed. 

Spatial autoregressive model is the class of regression model that incorporates spatial 

dependence as an additional explanatory variable of the model. There are two most 

common ways to incorporate spatial effects; as lag of dependent variable (spatial lag) and 

as component of error term (spatial error term). Spatial lag model is considered when the 
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dependent variable at location i is affected by the independent variables in both i and j , 

while spatial error model is used in cases where the error term across the spatial units a re 

corre lated. 

For se lecting the appropriate spatia l model ; first we fit a standard linear regress ion i.e. 

ord inary least squares (OLS) model was fitted to determine the linear relationship 

between T8 incidence and explanato ry var iables, and then we use this model as reference 

to compare a lternative spatial models. Spatia l mode l comparison is based on test 

statistics cal led Lagrange Multiplier (LM). The model diagnosis o f OLS reports s ix test 

statist ics; Moran 's coeffic ient for res idual, and components of LM test statistics. 

Table 4.4: Diagnostic for spatial dependence (using row - standard ized weights) 

Test MIIDF VALU E PROB 

Moran 's I 0.43054 8.45049 0.000000 

Lagrange Multipl ier (lag) I 6.830074 0.000068 

Ro bust LM ( lag) I 5.232395 0.00222 1 

Lagrange Multiplier (error) I 1.888823 0.169398* 

Robust LM ( error) I 0.290687 0.589826* 

LM(SARMA) 2 7.120658 0.028429 

*Inslglllficant at 5% level 

From test result we ident ify s ignificance of the first three test stati stics; Moran 's, LM for 

lag and its robust form. 

The va lue of Moran ' s I is found to be 8.45 suggesting the existence of strong positive 

spatia l autoco rrelation. The first two results of LM test; LM-Lag and Robust LM-Lag 

pertain to the spatial lag model as the a lternative, while the next two ; LM-Error and 

Ro bust LM-Error refer to the prio rity of spatial error mode l. The la st LM-SARMA 

57 



(higher o rder a lternative) is not useful in pract ice, but the indication of this test is that, it 

wi ll tend to be sig nificant when e ither the error or the lag model is the proper alternative. 

The LM test was performed to co mpare the SLM and SEM alternatives. The test va lue of 

SLM was 6.84 (p<O.OO I) , imply ing that the SEM a lternati ve did not acco unt for the 

spatia l depe nd ence as effect ive ly as the SLM mode l. The coeffic ient va lue for LM-

SARMA is s ignificant at 5%, suggest ing that spat ia l lag model is a better fit. 

After fitting spatial lag mode l, the assumption of uncorrelated error term is checked by 

ca lcu lating Moran's spat ia l autocorrelat ion for lag res iduals . As it ' s visualized in Figure 

4.4, the s lope (Mo ran's I for residua l of SLM) is near to zero, implying the complete 

remova l of the spatial depe nd ence in spatial lag mode l. 
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Figure 4.4 snapshots of Mors 's scalier plots for error residual 
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In addit ion to the LM test statist ics there are three common model se lection cr iteria 

(discussed in methodology, section 3.5) for compar ing standard regression and a lternative 

spatia l autoregress ive models; AIC, BIC and value of log likelihood. The output of model 

diagnos is from regress ion mode ls is presented in Table 4.5 

Table 4.5: MODEL DIAGNOSTICS SUMMARY 

Model Log Likelihood AIC Schwarz Criterion 

OLS - 109.248 226.49 230.27 

SLM -103.582 2 17. 16 22 1. 887 

SEM -104.638 2 19.25 223.037 

Table 4.5 shows summary results o f model d iagnos is for o rdinary least square method 

(OLS), spatia l lag modcl (SLM) and spatia l e rror model (SEM). The mode l with large 

li ke lihood and re lat ively small va lues of AIC, and BIC fit s better the data. Acco rdingly, 

SLM has re lative ly large log li ke lihood and small AIC and BIC va lues, implying the 

superio rity of the spatial lag mode l to describe the spatial dependence of TB cases on 

loca l risk factors (covariates). 

4_6. SPATIAL LAG MODEL (SLM) 

The spatia l lag model is one of the spatia l autoregress ive mode ls which incorporate the 

spatia l dependence as add itional lag dependent variab le contro lled by the exogenous 

matrix o fspatia l we ights. Mathematically, it is g iven by: 

y = p Wy + X(J +& .. ............... (42) 
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Where y is an (N x I) vector of observations on a dependent variable taken at each ofN 

locations, X is an (N x k) matrix of exogenous variab les, f3 is a (k x I) vecto r of 

pa rameters, E is an (N x I) vector of disturbances and p is a spatia l autoregress ive 

para meter for spatial lagged depe ndent variab le. 

T he spat ial effect can be filtered out and equation (42) can be rewritten as:-

y = (! - pUT' X{J + (! - pwr' e ....... ..... .............. (43) 

The result of mode l parameters for spat ial lag model, processed by Geoda is g ive n in 

Tab le 4.6. The output includes coeffic ients of model parameters, standard error, Z­

va lues, and signi fica nce leve l. 

Table 4.6: MLE results for spatial lag model 

Variab le Coeffi c ient Stand ard error Z· va lue P·va lue 

Constant 11 8 0.358 2.3 15 0.002 15 

W TB case 0.6965 0.242 3.9605 0.000045 -

DENS 0.3590 0.04441 8.422 0.0000002 1 

HIV-PREV 0. 169 0.0583 2.9603 0.000352 

As we can see all mode l parameters except number of hea lth centers are significant (5%). 

The result confirms high signi fica nce of neighboring TB incidence, popu lat ion density, 

1-!lV preva lence on the spatia l distribution of the TB cases. 

Therefo re, the spatial di stribut ion ofTB inc idence in East Hararge can be mode led as: 
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Y = 1.18 + O.6965X, + O.359X, + O.169X, 

Where Y is TB inc idence o fworedas, 

X, lagged TB inc idence 

X2 population dens ity 

X3_ \-lIV prevalence 

The spatial mode l of East \-I ararge TB distributio n suggests stro ng positive correlation 

between TB case and proximity, popu lation dens ity, and \-lIV preva lence . 

The contribution o f each explanatory variable on TB load can be seen by contro lling the 

effects o f others. In this study bivariate spatial autocorre lation is used for detecting thi s 

relationship. The bivariate LISA is a straightforward extensio n of the LISA functionalit y 

to two different variables, one for the locatio n and another for the average of its 

ne ighbors. Figure 4.5 describes bivariate spatial autocorre lation of; TB case and lagged 

\-lIV prevalence, TB case and lagged popu lation density. 
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Figure 4.5 Bivariate spatia l autocorrelation 
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Figure 4.5 shows the spatia l assoc iation between TB cases and loca l risk factors. As we 

can see , the spatia l association between TB cases and popu lation density is large while 

TB case has sma ll direct co rrelat ion with HI V preva lence. 
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Regression diagnostics for spatial lag model 

The Breusch-Pagan and Jacques-Bera were used to test the null hypothes is aga inst the 

constant variance and normality of error terms respective ly. Summary output of 

regress ion diagnostic for spatia l lag model is give n in Tab le 4.7 

Table 4.7 Result of regression diagnostic for spatial lag model 

Test statistics DF Value prob 

Bruesh-pagan 3 3.52 0.3 18 

Jarque-Bera 2 1.425 0.495 1 

Like lihood ratio test I 0. 1999 0.6545 

Result of regress ion diagnostic showed that the problem of heteroskesdastic ity and non 

normality of erro r term completed removed with spatial lag model; we can use Maximum 

Likelihood est imate for parameter estimation . LRT revealed that, spatial effect has been 

removed with spatial lag dependence, implying that spatia l lag mode l is appropr iate 

model to describe the linear assoc iation ofTB incidence with local r isk factors. 

63 



4.7. BA YES IAN CONDITIONAL AUTOREGRESSIVE MODEL (CAR) 

The primary purpose of CAR model is to prov ide a model ing mechanism to acco unt for 

residua l autoco rrelation, spatial trend that is not explained by spat ial patterns in covariate 

va lue (Wal ler and Gotway, 2004). 

G ive n the structure of the CAR specificat ion, it is necessary to know the neighbors of 

each reg ion, and by including covariates in our model we aim to assess and remove the 

effect of potential confou nders or risk factors. 

The assessment of the importance ofa covariate is indicated by the est imated va lue of its 

coeffic ient and its assoc iated probability interval. If, for example, the 95% cred ib le 

interval does not contain the va lue 0, it means that the coefficient is significant and, if 

greater than zero, it wi ll indicate a positive relationsh ip between the risk and vice versa. 

4.7.1. THE CAR MODEL AND PRIOR SPECIFICATION 

The CAR model we used for descr ibing spatial di stribution of TB cases has three 

components: the li ke lihood for count ofTB data, the latent process model for log re lative 

disease risk and the prior specification for mode l coeffici ents, and spatia l error tenn. 

G ibbs sampling has been used for simulating mode l parameters of Poisson- CAR based 

on; observed count , expected count and covar iate of TB cases with adjacency matrix 

defining neighborhood structure ofworedas. 
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MODEL 

model { 

# Likelihood 

CAR MODEL FOR TB DATA 

fo r (i in I : N) ( 

O[ i] - dpo is (mu[iJ) 

log (mu[iJ) <- 10g(E[ iJ) + a lpha[O] + alpha[ I]X I [i] +beta*X2[ i] +ga mma*X3[ i]+ b[i] 

# Area-spec ific re lat ive risk (for maps) 

RR[i] <- exp (a lpha[O] + a lpha[ I] * X I [i]+beta*X2[ i]+ga mma*X3[ i] + b[iJ) 

} 

# CAR prior di stribut ion for random effects: 

b[ J: N j - car. nonnal ( adj[ j , weights [] , tau) 

for (k in I :sumNumNeigh){ 

we ights[k]<- J 

} 
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4.7.2. POSTERIOR ANALYSIS 

The posterior estimation of the model parameters was simulated by G ibbs sampl ing, 

where the convergence assumption ac hieved after iteration (20,000), and the ca lcu lated 

values are g iven in Table 4.7. 

The ca lculated deviance information criter ion (DI C) for Poisson-CA R model was 15 1. 7, 

and the 95% credib le interva ls for covar iates does not include for all model parameters, 

implying s ignificance of all loca l r isk factors in determining spatia l distributio n o f TB 

cases. 

Table 4.7: POSTERIOR STATISTICS FOR CAR MODEL 

Parameter mean Sd MC-error 2.5% 97.5% 

alphao -39.57 1.734 0.145 -42.64 -37.42 

a lpha , 0.426 0.058 0.004 0.3262 0.504 

beta -0.064 0.014 0.00 12 -0.088 -0 .00 12 

gamma 0.035 0.006 5. II EA 0.0181 0.05 1 

The coefficients of CAR models justified the s ignificant contribution of loca l ri sk facto rs; 

population density, number of hea lth centers and HIV prevalence, and the result o f CA R 

mode ls is nearly the same as spat ia l lag model (Table 4.6), impl ying appropriateness of 

both CAR and SAR in mode ling spatial di stribution ofTB cases. 
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4.8. Summary 

Spat ia l ana lysis was carried out in two steps to identify and quantity the spatial 

distribution of TB cases in East Hararge Zone including Har31'i Regional State which is 

engulfed by East I-Iararge Zone. Firstly, autocorrelation analys is was carried to examine 

the spatial pattern of TB cases among neighboring woredas of study area, and secondly, 

two different autoregress ive models (spatial autoregressive model and conditional 

autoregress ive model) were fitted in order to describe the association of TB case with 

local risk factors. 

The test results of spatial autocorrelations revea led strong assoc iation of nearby va lues; 

sign ificant clustering of 15 neighboring woredas, of which seven were founded to be high 

risk areas. The cluster map (Figure 4.2) identified two extreme areas; c lustering of high 

va lues on nOlt h and eastern part, and condensation of similar small values on western 

reg ion of the study area. Furthermore, both spatia l autoregressive (spat ial lag) and 

Bayes ian cond itional autoregress ive (CAR) models reflected spatial re lationship of TB 

incidence (load) with loca l risk factors. 

4.8.1. DISCUSSION OF THE RESULT 

This stud y was intended to ide ntify whether the preva lence ofTB is independent of 

location o r geograph ica l facto rs. The study was co nducted based on all fo rms ofTB data 

(2004 E.C). The result o f study revea led the association between TB cases and local r isk 

factors: prox imity to affected groups, population density, I-II V prevalence, and number 

of hea lth centers. 
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A study conducted in North Shoa, Ethiopia revealed the strong assoc iation ofTB load to 

the number of hea lth center. population density and I-II V prevalence (Habte T, 20 I I) . 

S imilar study in Greater Banjul, Gambia (Touray.e t.al, 2010) showed population dens ity 

as major determin ants o f spatial c lu stering ofTB cases. Another study by Omo loke 

(20 12). revealed the effects ofsocio-economic factors, espec iall y Hea lth faci lities. For 

examp le; the differe nce between N igeria of Afi"ica and UK of Europe in preventing and 

controlling the preva lence of TB and 1-11 V cases. The study conducted in Malawi 

(N yirenda , 2005) suggest the strong spatia I effect o f loca l risk factors like, poverty. 1-11 V 

infectio n. househo ld conmct , and overcrowding on spatial d istribution ofTS cases. 

Th is study employed two different spati al models fo r describ ing the spatial pattern ofTS 

cases in study area. Models of the study, spat ial lag and conditiona l autoregressive 

showed significant spatial dependence ofTS cases in ne ighbori ng wo redas. Venkatesan 

and Sr inivasa (20 10) used three different models ; Spherica l, exponentia l and Gaussian for 

mode ling the spatial variogram of the TS cases in Chennai di str icts. India. Accord ingl y, 

the result s of thei r study revealed stro ng associat io n of TS cases in nearby woredas, 01' 

woredas with sma ll distance from each other. 

S imilar studies o n spatia l distributio n of TS cases; Thomas and Richard. 2004. and 

Munch.et.a l, 2003 ident ified the s ignificant contribution of demographi c and soc io­

economic facto rs for unequal d istribution of TS cases. Gender, sex, crowding and age 

were identified as s ignificant factors for spatial distribution ofTB . 
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This study showed that TB has a positi ve spatia l autocorrelation with HI V; the effect of 

HIV preva lence on spatial di stribution was statistica l significant . On other hand, a study 

conducted in Switzerland, (Sudre.el. al, 1996) revea led insignifi cance of HI V prevalence 

on spat ia l d istri but io n of the TB 
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CHAPTER FIVE: CONCLUSION AND RECOMMENDATION 

This study utilized exp loratory spatial ana lysis to identify and character ize the spatia l 

distribution ofTB cases in East Hararge Zo ne, Oromia Region includ ing Harari Regional 

state, Ethiopia. 

5.1. Conclusion 

This study revealed strong positi ve spatial clustering of TB cases in study area ; nearby 

woredas have similar va lues ofTB cases than di stant woredas. Specifically, two extreme 

areas were identified by local spatial stat istics . High-risk areas occurred in seven 

neighboring woredas geograph ically located at the upper- north and eastern region of the 

study area, and low risk (cold spots) on western part. 

After detecting sign ificant spatia l clustering, the study employed two different spatia l 

models; spatial autoregressive model (SAR) and Bayes ian condit iona l autoregressive 

model (CAR). Both CAR and SAR analysis indicated significant effects of loca l risk 

factors on spatia l distribution of Tubercu losis. 

The ove rall study findings suggest that 1'B prevalence of study area is highly enhanced 

by proximity to affected areas, and high population density and HIV prevalence and 

number of health centers. 
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5.2. Recommendations 

Based on the result obtained the study reco mmends that the concerned bod ies (health 

planners) should g ive specia l attention for high ri sk area where TB preva lence was very 

large and c lustered, and take appropriate intervent io n. 

The study also recommends for other researchers to conduct spatial analys is of TB with 

small sca le aggregation li ke, kebele or house hold leve l. 
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APPENDIX 

Figure1: PERMUTATION TEST RESULT FOR GLOBAL MORAN 'S I 
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Table2. SOCIO-DEMOGRAJ)HIC VARIABLES AND TB LOAD OF WOREDAS 

Expected 

S.no W-name Area(KM2) Pop-size Pop_den (pop-size) TB case 

I Babi le 5424.73 179694 33. 125 223 150 

2 Bedeno 1041.25 20955 1 20 1.25 267 140 

3 chinaksa n 1494.96 246922 165. 17 307 352 

4 Deder 512.66 189750 266.4 1 236 151 

5 Fedis 1026.13 228047 222.24 284 260 

6 Girawa 1443.26 66750 46.25 83 71 

7 Go la-oda 186 1.45 280229 325.3 348 140 

8 Goro-gutu 49 1.23 96290 196.02 11 9 54 

9 Gursum 793. 18 216549 273.014 269 287 

10 Harari 371.28 183505 494.25 228 295 

II Haromaya 533.99 217467 407.25 270 33 1 

12 Jarso 5 18.85 131840 254. 102 164 323 

13 Kersa 449.54 55222 85.0181 69 71 

14 Kombolcha 468.69 123242 262 .95 153 298 

15 Kumb i 2032.54 18647 18.06 23 26 

16 Kurfa-che le 268. 11 179287 383.003 223 325 

17 Mayu 4955.42 59663 12.04 74 75 

18 Me lka-belo 1404.91 143342 102 .03 11 3 145 

19 Meta 655.73 91505 139.548 178 135 

Total 25747.9 1 2,9 17,502 3629 
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Table 3. Contigui ty weigh matrix (Queen 's-method) for east Hararge woredas 

I 2 3 4 5 6 7 8 9 10 II 12 13 14 15 16 17 18 19 

I 0 I 0 I 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

2 I 0 I I 0 0 0 0 0 0 0 0 0 0 0 0 0 0 I 

3 0 I 0 0 0 I 0 0 0 0 0 0 0 0 0 0 0 0 I 

4 I I 0 0 0 0 0 0 0 I 0 0 0 0 0 0 0 0 I 

5 0 0 0 0 0 0 I I I 0 0 I 0 0 0 0 0 0 I 

6 0 0 I 0 0 0 0 0 I 0 I 0 I 0 0 0 0 0 I 

7 0 I 0 0 I 0 0 I 0 0 0 0 0 0 0 0 0 0 0 

8 0 0 0 0 I 0 I 0 0 0 0 0 0 I 0 0 0 0 0 

9 0 0 0 0 I I 0 0 0 0 I I 0 0 0 0 0 0 0 

10 0 0 0 I 0 0 0 0 0 0 0 0 I 0 0 0 0 0 I 

II 0 0 0 0 0 I 0 0 I 0 0 I I 0 0 0 I 0 0 

12 0 0 0 0 I 0 0 0 I 0 I 0 0 I I 0 I I 0 

13 0 0 0 0 0 I 0 0 0 I I 0 0 0 0 0 I 0 I 

14 0 0 0 0 I 0 0 I 0 0 0 I 0 0 0 0 0 I 0 

15 0 0 0 0 0 0 0 0 0 0 0 I 0 0 0 I I I 0 

16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 I 0 0 I 0 

17 0 0 0 0 0 0 0 0 0 0 I I I 0 I 0 0 0 0 

18 0 0 0 0 0 0 0 0 0 0 0 I 0 I I I 0 0 0 

19 0 I I I 0 I 0 0 0 I 0 0 I 0 0 0 0 0 0 

Note: the seria l number g iven fo r we ight matrix is defined accord ing to the respect ive 

number g iven in Tab le I o f appendix. (Ord and Getis, G i* stat istics) . 
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