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EXPLORING SPATIAL PATTERNS AND HOTSPOTS OF HEPATITIS A
AND AMOEBIC DYSENTERY USING GIS AND GEOSTATISTICAL
ANALYSIS IN TURKEY

SUMMARY

Epidemics of Infectious diseases have been documented throughout history and recent
global health reports show a continual vulnerability of a large number of people to
infectious diseases such as Hepatitis A (HAV) and Amoebic Dysentery (A Dysentery
or AD) in relation to their environment. Of particular concern is the epidemic
outbreaks patterns of Hepatitis A and A Dysentery incidences in terms of their
geographic distributions. Accurate statistics on the geographical distribution of
different endemicities of Hepatitis A and A Dysentery, on the populations at risk, and
on the implications of given levels of endemicity for morbidity and mortality are
important for effective control of these diseases. These estimates can be obtained using
Geographical Information Systems (GIS) in conjunction with geostatistical methods
available to examine patterns of disease incidence, morbidity and mortality in space
and time and to relate those patterns to the identification of potential causes of disease,
such as environmental exposure, diet and unhealthy behaviours, economic or socio-
demographic factors.

In this sense, spatial epidemiology, one of the tools for improving public health, is
increasingly being used to assess health risks associated with environmental hazards.
In most cases, epidemiological analyses are based on observations of disease
occurrence in a population of people “at risk’. Typically, we want to relate occurrence
patterns between collections of people experiencing different levels of exposure to
some factor having a putative impact on a person’s risk of disease. In recent years, the
research in environmental health issues is constantly becoming more and more
effective owing to the use of both various information technology services and
software. In this context, it’s no doubt that the use of GIS and Geostatistical methods
helps in identification and quantification of patterns in disease occurrences providing
the first steps toward increased understanding and possibly, control of the diseases.

The thesis focused on providing an insight into the geographic distribution of Hepatitis
A and A Dysentery incidence in terms of their temporal distribution, spatial patterns,
hotspots and clusters identification in 81 provinces of Turkey. Hepatitis and Dysentery
have been a public health burden in Turkey. These diseases are a significant cause of
morbidity, even if the mortality rate is low. The endemicity of this infections varies
due to sanitary and hygiene conditions and socio-economic differences among the
countries and in various regions of the same country. Turkey is a middle endemic area
with respect to Hepatitis A virus and A Dysentery infection. However, because of the
geographical, economical, environmental and cultural differences among the
provinces of Turkey, the frequency of this infection also varies due to sanitary /
hygiene conditions and socio-economic differences in various regions of the country.

Within the scope of the study, first, spatial epidemiology was described and reviewed,
different approaches in disease modeling were provided. Hepatitis A and A Dysentery
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transmission and their burdens in Turkey were discussed. The benefits of disease
mapping and smoothing techniques in spatial epidemiology were pointed out and the
distinction between GIS and geostatistics were outlined. This research project made
use of data obtained from the EnviroGRIDS project supported by the European Union
within the 7th Framework Programme. In this context, the data for patients with
Hepatitis A and A Dysentery at province level for 2001-2011 obtained from Turkish
Ministry of Health and the census data for 2000-2011 provided by the State Statistical
Institute of Turkey were used as a basis for further analysis. Visual data mining was
performed using Boxplots which give general insights of HAV and AD morbidity rate
and time series thematic maps which helped us identify space-time disparities. The
global Moran’s statistic demonstrated that there was clustering in the year 2005, 2006
and 2007 for Hepatitis A in Turkish population as a whole, 2002, 2003, 2006 and 2007
for Hepatitis A in Turkish children below 15 years and in 2006 and 2007 for A
Dysentery.

After a general statistical analysis of the LISAs techniques which measured HAV and
AD infections at the local level it was found that there is a decreasing trend in the
morbidity rate of Hepatitis A and A Dysentery at epidemic level from 2001 to 2011.
The LISA statistic showed that majority of the HAV and AD clusters and hotspots
were relatively located in the Black Sea and Central Anatolia Region for all the years,
covering the Kizilirmak, Yesilmak, Sevhan River Basin and Western Black Sea River
Basins in Turkey. However, from 2006-2008, hotspots started to return slowly to the
western part of Turkey and spreading to the Eastern Anatolia Region. The western
provinces with higher HAV and AD morbidity rate could be found in the Marmara,
Menderes, Western Black Sea and Gediz River Basins, while on the Eastern Anatolia
Region high HAV and AD morbidity rate were observed in the Aras, Firat-Dicle and
Van Golu River Basins. From 2009-2011, the hotspots and clusters attenuated
significantly in HAV and AD infections. Also, it was noted that children under the age
of 15 years were more infected with Hepatitis A. Specifically, age-group-5-9 revealed
the highest HAV morbidity rate than the other age groups. Our approach of identifying
and quantifying of space-time disparities, clustering, and hot spots provided useful and
detailed information for guiding policy formulation to succinctly address the burden
of Hepatitis A and A Dysentery and possibly, curtail the spread of these particular
diseases in the Turkish population.

xXxii



TURKIYE’DE AMIiPLI DIZANTERI VE HEPATIT A HASTALIKLARININ
MEKANSAL DOKU VE SICAK NOKTALARININ CBS VE
GEOISTATISTIK ANALIiZLER ILE INCELENMESI

OZET

Bulasici hastaliklardan kaynaklanan salginlar tarih boyunca belgelenmistir ve giincel
global saglik raporlar1 insanlarin gevresel etkilesimden kaynakli Hepatit A ve Amipli
Dizanteri (A Dizanteri) gibi bulasici hastaliklardan etkilenmeye devam ettigini
gostermektedir. Bulasici hastaliklarin izlenmesi ve gerekli dnlemlerin alinmasi hem
tarihsel verilerin etkin bir sekilde degerlendirilmesi hem de s6z konusu hastaliklarin
mekansal yayilimlarinin detayli olarak incelenmesi ile miimkiin olmaktadir. 1854
yilinda Londra’da ortaya ¢ikan kolera salginindan giiniimiize bu tiir ¢alismalarda
haritalar etkin olarak kullanilmaktadir. Londra’da yasanan salginda, salginin kaynagi,
Dr. John Snow tarafindan, haritalar araciligi ile yapilan mekansal analizler kullanilarak
belirlenmis ve hastalifin daha fazla yayilmasi bu sekilde 6nlenmistir. G iiniimiizde
benzer analizler bilgisayar ve bilisim teknolojilerinin de gelisimin ve konum verisinin
daha hizli ve etkin iretilmesinin sagladigi imkanlar ile ¢ok daha etkin olarak
gerceklestirilebilmektedir. Bu kapsamda Cografi Bilgi Sistemleri (CBS)
teknolojilerinin sagladig1 olanaklar g6z ardi edilemeyecek derecede dnemlidir.

Bu c¢alismanin konusu Hepatit A ve A Dizanteri hastaliklarinin insidanslarinin
mekansal dagilimlarina bagli cografi dokularini incelemektir. Hepatit A ve A Dizateri
gibi hastaliklarin farkli endemik ya da epidemik siireglerine iliskin cografi
dagilimlarina dair dogru ve yeterli istatistiklerin olmas1 bu hastaliklarin bulasicilik,
6liim, olgu ya da yayilim hizlarina bagl olarak etkin bir sekilde izlenmesi ve kontrol
edilmesine olanak saglamaktadir. Bu tiir degerlendirmeler gliniimiizde Cografi Bilgi
Sistemleri (CBS) ve geoistatistik/mekansal istatistik yontemlerinin etkin kullanimlar
ile gerceklestirilebilmektedir. S6z konusu yontemler kullanilarak hastaliklarin zaman
ve mekandaki yayilimlari ve bu yayilimlarin olusturduklart mekansal dokular
incelenebilmekte, hastaliklarin sebepleri, etkenleri ve farkli sosyal cevrelerdeki
hastalik davranislar1 ortaya konulabilmektedir.

Bu baglamda, halk sagliginin gelistirilmesi icin bir ara¢ olan mekansal epidemioloji,
cevresel etkilere bagli saglik risklerinin degerlendirilmesinde artarak kullanilmaktadir.
Cogunlukla epidemiyolojik analizler risk altindaki niifusta goriilen olgularin
gbzlemlenmesine dayanmaktadir. Tipik olarak olgularin dokular farkli seviyelerede
hastaliga maruz kalan hastalar ile kisilerin hastalanmasina etkisi oldugu varsyailan
faktorler ile iliskilendirilmeye ¢alisilir. Son yillarda bu tiir ¢alismalar gelisen bilgi ve
mekansal bilisim teknolojilerinin kullanimi ile ¢ok daha verimli ve giivenilir sonuglar
vermektedir. Bu kapsamda CBS ve geoistatistik yontemlerin hastaliklarin mekansal
dokularinin belirlenmesi, 6l¢iimii ile bu hastaliklarin dogalarinin anlagilmasina 6nemli
katkilar koyduklar: siiphesizdir.

Bu tezde Tiirkiye’deki il bazli Hepatit A ve A Dizanteri olgularinin zaman ve
mekandaki degisimleri; mekansal dagilim, mekansal doku, sicak noktalar ve
kiimelenmeler baglamlarinda incelenerek, hastaliklarin karakterlerinin anlasilmasi

XXiii



amaclanmistir. Bu hastaliklar, bir ¢ok iilkede oldugu gibi, 6liim riski az olmasina
ragmen gorilme sikiliklart ile Tirkiye i¢in de bir halk sagligi problemidir.
Hastaliklarin endemisitesi temizlik ve hijyen kosullarindaki olumsuzluklardan
bolgeler arasi sosyo-ekonomik farkliliklarin neden oldugu degisimlere kadar bir ¢ok
duruma bagh olmakla birlikte Tiirkiye Hepatit A Virtisi (HAV) ve A Dizanteri
enfeksiyonlar: bakimindan orta endemik bir bdlge olarak tanimlanabilmektedir. il
bazli cografi, ekonomik, ¢evresel ve Kkiiltiirel farkliliklar nedeniyle, bu hastaliklarin
goriilme sikliklari da iilke capinda degisiklikler gostermektedir.

Bu tez kapsaminda oncelikle mekansal epidemiyoloji konusu tanimlanarak farkli
yonlerden incelenmis ve Tiirkiye’de Hepatit A ve A Dizanteri bulaslarinin etkileri
degerlendirilmistir. Hastaliklarin haritalandirilmasi, verilerin yumusatma tekniklerinin
faydalarindan bahsedilerek, CBS, mekansal istatistik analizler ve geoistatistik konulari
hakkinda bilgiler verilmistir. Bu amagla Avrupa Birligi 7. Cerg¢eve Programi
kapsaminda desteklenmis olan EnviroGRIDS projesi verileri kullanilmistir. T.C.
Saglik Bakanlig: tarafindan resmi olarak saglanan s6z konusu veriler 2000 — 2011
yillarin1 kapsayan Hepatit A ve A Dizanteri verilerini icermektedir. Bu verilere ek
olarak Tiirkiye Istatistik Kurumu’ndan elde edilen il bazli niifus bilgileri proje
kapsaminda hastalik insidanslarimin hesaplarinda kullanilmigtir. Veri diizenlemesi
stirecinde ilk asamada A Dizanteri ve Hepatit A hastaliklarina iliskin vaka say1 verileri
niifus verileri ile oranlanarak hastaliklarin goriilme hizlart hesaplanmistir. Veri
diizensizliklerinden kaynakli istatistik calismalarada c¢ikabilecek olasi sorunlari
ortadan kaldirmak i¢in hesaplanan goriilme hiz1 verileri Empric Bayes Yumusatmasi
(Emprical Bayesian Smoothing — EBS) yontemi kullanilarak yumusatilmigtir. Daha
sonra elde edilen yumusatilmig insidans verileri belirli bir niifus bazinda ifade edilerek
morbiditeler belirlenmistir.

Bu agamadan sonra diizenlenmis veriler gorsel ve istatistik analizlerden gegirilerek
degerlendirmeler yapilmistir. Bu kapsamda kutu diyagramlar1 kullanilarak
hastaliklarin goériilme hizlar1 zamansal olarak incelenmis, zaman serileri haritalar ile
zaman mekansal degerlendirmeleri yapilmistir Kutu diyagrami analizleri sonucunda
Hepatit A ve A Dizanteri bulaglarinda 2009 — 2011 yillar1 arasinda kayda deger bir
diisiis goriildiigii net bir sekilde anlagilmaktadir. Hastaliklarin yayilimlarinin mekansal
olarak izlenmesi igin ise zaman serileri haritalar1 yontemi olusturulmustur. Zaman
serileri hartialari; ayn1 konunun ayn1 mekanda farkli zaman birimlerindeki (glinliik,
aylik, yillik, mevsimlik, donemlik, ve benzeri) degerleri dikkate alinarak tasarlanan
tematik haritalardir. Isaretlestirme ve gorsellestirme asamasinda etkin olarak
kullanilan siniflandirma teknikleri ile olaylarin ve olgularin zamansal ve mekansal
dagilimlarinin statik haritalar ile analizinde etkin olarak kullanilmaktadirlar. Calisma
kapsaminda iiretilen A Dizanteri ve Hepatit A zaman serileri haritalarinda morbidite
degerleri endemik, hiperendemik ve epidemik olamk {izere ii¢ temel grupta
siniflandirilmistir.  Gergeklestirilen analizler calisma bdlgesindeki konu eidlen
hastaliklar bakiminda yiiksek ve diisiik riskli illerin belirlenmesinde kullanilmistir.
Zaman serileri haritalarinda ¢alisma siiresince her iki hastaliginda goriilmesinde azalan
bir trend oldugu anlasimistir.

Calisma kapsaminda ayrica lokal Moran | (LISA) ve local Gi*(d) istatistik
yontemleri ile hastaliklarin istatistik ve mekansal kiimelenmeleri farkli yas gruplar1 da
dikkate alinarak lokal olarak arastirilmistir. Moran I yontemi ile veri grubundaki esas
kiimlenmeler ve ekstrem degerlere sahip ug¢ degerli iller berlilenerek sicak ve soguk
noktalarin tayinleri yapilmisti. Moran [ yOntemine ek olarak lokal
G i*(d) yonteminde ise ¢alismaya konu hastaliklar bakimindan yiiksek ve diisiik
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riskli illerin belirlenmesi yapilmistir. Her iki istatistik yonteminde de ilk adim olarak
mekansal agirlik matrisleri ¢alismaya konu illerin konumlar1 dikkate alinarak emprik
olarak belirlenen siir degerler kullanilarak tiretilmistir. S6z konusu agirlik matrsileri
tiim analiz sonuglarini etkileyen girdi parametrelerinden biridir. Calisma kapsaminda
LISA igin anlamlilik diizeyi 0.05 olarak kabul edilirken algoritme 999 permiitasyon
ile mekansal kiimelenmelerin belirlenmesini yapmistir. Birbirine yakin objelerin daha
fazla benzerlikler gosterecegi kabuliiniin farkl sekillerde gelistirilmesi ile olusturulan
bu yoOntemler mekansal istatistik analizlerin temel yOntemeleri arasinda
degerlendirilmektedir.

Lokal mekansal otokorelasyon (LISA) c¢aligmalart sonucunda Hepatit A ve A
Dizanteri hastaliklarinin Tiirkiye’deki goriilme hizlarimin 2001-2011 yillar1 arasinda
azaldig1 sonucuna varilmistir. Istatistik sonuglar da her iki hastalik i¢in mekansal
kiimelenmelerin ve sicak noktalarin Karadeniz ve I¢ Anadolu bdlgelerinde
yogunlastiklari belirlenmistir. Bu bolgelerde 6zellikle Kizilirmak, Yesilirmak, Seyhan,
Bat1 Karadeniz Akarsu havzalarinda kiimelenmelere rastlanmistir. Calismanin genel
sonuclart 2001-2003 yillar1 arasinda bat1 bolgelerin, 6zellikle Marmara, susurluk ve
Gediz Akarsu Havzalarindaki illerin, Hepatit A virlisiinden diger bolgelere oranla ¢ok
daha fazla etkilendigini gdstermistir. Bununla birlikte, 2006-2008 yillar1 arasinda sicak
noktalarin Bat1 bolgelerinden Dogu Anadolu ve Gilineydogu Anadolu bolgelerine
dogru hareket ettigi gozlenmistir. Bu kapsamda Hepatat A ve A Dizanteri
hastaliklarinin yogun olarak goriildiigii bati illerinin Marmara, Bat1 Karadeniz, Gediz
ve Menderes Akarsu havzalarinda; dogu illerinin ise Aras, Firat-Dicle ve Van Golii
Akarsu havzalarinda bulunduklar1 tespit edilmistir. 2009-2011 yillar1 arasinda ise
Hepatit A ve A Dizanteri sicak nokta ve kiimelenmelerinin dikkat ¢ekici bir sekilde
azaldiklar1 gozlenmistir. Yasa gore yapilan Hepatit A analizlerinde 15 yas alti
¢ocuklarin beklendigi gibi daha yiiksek oranda enfekte olduklari, 6zellikle 5-9 yas
grubunda ise goriilme sikligmin en yiikksek orana ulastigi belirlenmistir.
Gergeklestirilen tez calismasi, uygulanan yontemlerin saglik politikalarinin
olusturulmas1 ve salgin hastaliklarla miicadelede kullanilabilecek nitelikte sonuglar
elde edilmesinde etkin bir ara¢ olarak kullanilabilecegini gostermistir
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1. INTRODUCTION

Epidemics of Infectious diseases have been documented throughout history and recent
global health reports show a continual vulnerability of a large number of people to
infectious diseases such as Hepatitis A (HAV) and A Dysentery (AD) in relation to
their environment (Nelson and Williams, 2013). Of recent century, infectious diseases
have lost a lot of their threat to people’s health as well as to the health of populations
living in industrialized countries. Looking at it from a global perspective, however,
infectious diseases still play a significant, and will continue to play, a significant role
in public health since most of the regions of the world have not reached a level of
modernization that is comparable with the industrialized world. Especially developing
countries and countries in transition still face an enormous burden posed by
communicable diseases on their population’s health (Kreamer et al, 2010). Water-
borne Hepatitis and Dysentery are infectious diseases which continue to be an
important public health problem worldwide, in particular in intermediate endemic

regions, hence the need to address them accordingly.

Enterically transmitted water-borne Hepatitis and Dysentery are recognized as a major
public health problem in many developing countries. Hepatitis A virus and Hepatitis
E virus are reported to be the most common cause of infectious hepatitis epidemics
transmitted through water, especially in developing countries. Though both viruses
generally lead to self-limiting symptomatic disease, fulminant hepatic failure with fatal
outcome occurs in a small proportion of patients (Shankar et al, 2014). In this study,
the main focus will be on Hepatitis A virus. Hepatitis A is a highly contagious liver
infection caused by the Hepatitis A virus. Hepatitis A virus is resistant in the
environment, and the infection is mainly transmitted by the fecal-oral route, either

through contaminated food and water or through direct contact with an infected person.

Hepatitis A is generally a self-limiting but usually, it does not result in chronic
infection. Normally, the majority of children with Hepatitis A do not have symptoms
or have an unrecognized infection, however, more than 80% of adults with Hepatitis

A have symptoms (Quarto and Chironna, 2004).



Dysentery may simply be defined as diarrhea containing blood and mucus in faeces.
The illness also includes abdominal cramps, fever and rectal pain. There are two types
of Dysentery, Bacillary Dysentery is caused by a gram-negative rod-shaped bacteria
called Shigella. The other type of Dysentery which will be discussed in the paper is
Amoebiasis also known as Amoebic Dysentery, this infection of the liver or intestine
Is caused by the parasite Entamoeba Histolytica with or without symptoms, normally
found in the human intestinal tract and faeces. It is most serious in infants, the elderly,
and those with impaired immune systems (Turkington and Ashby, 2007). In this study,
the main focus will be on Hepatitis A virus and A Dysentery as mentioned above. The
control and prevention of these enterically transmitted infections remain a major public
health challenge especially in areas where access to clean safe drinking water and

sufficient sanitation cannot be assured.

Viral Hepatitis has emerged as an important communicable disease in recent years.
Viral Hepatitis is a group of systematic infectious diseases induced by various types
of hepatitis virus, predominantly with liver damages (Lu and Zhou, 2015). Between
the different types of viral Hepatitis (A-G), viral Hepatitis A is attributed as rarely
fulminant diseases with no tendency for chronicity. Nevertheless, Hepatitis A is a
worldwide endemic disease, whose real incidence is, owing to various reasons,
difficult to estimate (Avonts et al, 1999). An estimated 1.4 million new cases of HAV
infection emerge globally each year and it is estimated to kill 100,000 people each year
(Lozano et al, 2013). Although HAYV is generally perceived as a non-serious disease
with low mortality rates in children, liver failure due to HAV occurs at all ages.
Children are the key source of Hepatitis A disease and represent an important risk for

susceptible adults, who may go on to suffer from prolonged disease.

In Turkey, it is one of the major health problems of the country and about two-thirds
of patients visiting hospital have Hepatitis A (Avonts et al, 1999; Altinkaynak et al,
2008). In 1998, the Seropositivity of Hepatitis A was 68% in Western and 80% in
eastern regions of Turkey (Ungan et al, 1998). Hepatitis A is mostly an asymptomatic
infection of childhood. But, due to improving social conditions, there is a trend of
getting infected in older ages which caused an increase in morbidity and mortality of
the HAV in old people age group (Tahan et al, 2003). Various factors influence this,
including large families, poor education, inappropriate human-waste disposal system,

crowded day-care centers and international travel have been linked to outbreaks and



endemicity of HAV infection. High-risk groups are cleaning personnel in hospitals,
staff in day-care centers, pediatric nurses, drug users, homosexuals, patients with the
chronic liver disease, international travelers and consumers of high-risk foods such as

bivalve shellfish from stagnant water (Tahan et al, 2003).

A Dysentery is a common life-threatening parasitic disease affecting 12% of the world
population. It is the third leading cause of mortality due to parasitic infections
worldwide, after malaria and schistosomiasis (Markell et al, 1999). It is predicted that
around 480 million people are at risk for amoebiasis, mainly in tropical and subtropical
areas, and it has mortality rates ranging between 40.000 and 110.000 annually (Markell
et al, 1999; Farthing et al, 1996). According to WHO (1999-2000), in 1999 and 2000,
an analysis of foodborne diseases was conducted in Turkey and a total of 84340 and
77515 cases were reported and A Dysentery was the second most frequently notified
disease, comprising of 27% and 31% of reported cases in the two years, respectively.
People living in developing countries have a higher risk and earlier age of infection
than do those in developed regions. In addition to human suffering and loss of lives,
Amoebiasis outbreak causes loss of manpower, disrupts socio-economic activities and
subsequent economic damage in the affected areas (Jackson, 2000). Of particular
concerns is the geographical distribution of Hepatitis A and A Dysentery prevalence
in terms of their temporal distribution, spatial patterns and hotspots identification and

its associated risk factors.

Spatial epidemiology concerns the analysis of the spatial/geographical distribution of
the incidence of the disease (Lawson, 2013). In most cases, epidemiological analyses
are based on observations of disease occurrence in a population of people “at risk.”
Typically, we want to relate occurrence patterns between collections of people
experiencing different levels of exposure to some factor having a putative impact on a
person’s risk of disease. Integrating GIS with geostatistics can provide public health
officials and policy makers with vital information needed to detect, manage Hepatitis
A and A Dysentery epidemic outbreaks and predicting spatial distributions of these

diseases.

Water-borne Hepatitis A and Dysentery have been a public health burden in Turkey.
The ministry of public health of Turkey has been trying to monitor and control this
disease for many years. Despite a number of studies that utilized the GIS technology

for mapping Hepatitis A and A Dysentery in Turkey, there is no study Characterizing



their distributions in all the 81 provinces of Turkey. This thesis focuses on providing
insight into the spatial patterns of Hepatitis A and A Dysentery based on hypothesis,
which also leads to exposing previously unsuspected patterns leading to the
formulation of additional theories by experimenting an innovative GIS-based

approach.

1.1 Purpose of Thesis

The study focuses on the application of current spatial statistical methods to study the
spatial epidemiology of Hepatitis A and A Dysentery in Turkey. The main objective
of this study is to analyze and characterize the spatial and temporal distributions of
Hepatitis A and A Dysentery epidemics in terms of their spatial patterns, clusters and
hotspots identification by utilizing epidemiological data from 81 provinces of Turkey

and advanced GIS supplemented with geostatistics.

1.1.1 Specific aims and objectives

e To describe the spatial variation in disease incidence for the formulation of
aetiological hypotheses;

e Investigate the space-time diffusion dynamics of Hepatitis A and A Dysentery

e To identify areas of unusually high risk in order to take preventive action;

e Determine the spatial relationship between Hepatitis A and A Dysentery
incidences and possibly get an insight on potential factors that may increase
the risk of these infections using GIS and geostatistics.

o Identify whether the Hepatitis A infection in Turkish children under the age of
15 years has similar patterns with HAV infections in the whole Turkish
population.

e To provide thematic maps of disease risk in a region to allow better resource

allocation and risk assessment.

1.1.2 Research questions

The thesis will attempt to answer the following questions
e How are Hepatitis A and A Dysentery spatially and temporally distributed in

Turkish provinces?



e Are the HAV and A Dysentery infections the same across Turkey? In other
words, which regions of Turkey are high risks of Hepatitis A and A Dysentery?

e Is there a relationship between HAV infection in Turkish children (under 15
years) and HAV infections in the Turkish population as a whole?

e Can geostatistics and advanced GIS provide cycle of spatial correlation and

can they be effective in identifying clustering and hotspots of the two infections

1.1.3 Outline of the thesis
This thesis is organized into five chapters.

Chapter 1- Introduction: The chapter outlines the problem and motivation of the
research, establishes the overall focus and objectives of the project. It also gives an
overview of the research questions and significance of the project.

Chapter 2-Literature review: This chapter comprises a review of important background
literature on Hepatitis A and A Dysentery, Epidemiology, spatial analysis and
geostatistical methods. It also includes discussion of previous research done on these

infections in some part of Turkish provinces.

Chapter 3- Case Study (Hepatitis A and A Dysentery in Turkish population) and
(Hepatitis A in Turkish children under the age of 15): The chapter provides details on
the study area, description of the datasets and data sources, data preparation, research
methodologies and implementation. It also describes the analysis procedures and tools
applied in the study to try to address the questions outlined in the introduction and

produce the outcomes. The results and analysis will be provided.
Chapter 4- Discussion: The discussion of the study will be outlined in this chapter.

Chapter 5- Conclusions and Recommendations: The chapter summarizes the project
and the major findings, their implications, general recommendations and that of future

research are identified.






2. LITERATURE REVIEW

2.1 Overview of Spatial Epidemiology

The broad definition of Public health can be given as collective actions to improve
population health. In this sense, spatial epidemiology, considered one of the tools for
improving public health, is progressively being used to assess health risks associated
with environmental hazards. Spatial epidemiology concerns the analysis of the
spatial/geographic distribution of the incidence of disease (Lawson, 2013). Person,
place, time: these are the basic elements of outbreak investigations and epidemiology.
Historically, however, the emphasis in epidemiologic research has been on person and
time, paying little attention to the implications of place or space even though disease
mapping has been done for over a hundred years (More and Carpender, 1999). The
origin of spatial epidemiology dates back to 1854 with the eminent Dr. John Snow’s
study of London’s cholera epidemic providing one of the most famous examples of
spatial epidemiology. Snow believed that cholera was transmitted through
contaminated drinking water, see (Figure 2.1) (Waller and Gotway, 2004). Snow’s
work showed us that public health measures, for instance, the improvement of water
supplies and sanitation, can make enormous contributions to the health of populations,
and that in many cases since 1850, epidemiological studies have recognized the

appropriate measures to take (Bonita et al. 2006).

Spatial epidemiology enables you to better understand diseases or ill-health processes;
investigate relationships between the environment and the presence of disease;
conduct disease cluster analyses; predict disease spread; evaluate control alternatives;
and basically do things an epidemiologist otherwise would have been unable to do and
eradicate many errors that could have been committed (Carpenter, 2011). The
development of Geographic Information Systems (GISs) and geostatistical methods
over the last 20 years have provided a more powerful and rapid ability to examine
spatial patterns and processes. Since many of these diseases have an environmental or
geographical dimension, it is logical to use GIS technology to understand the etiology

of diseases (Walker et al. 1996; Hales et al. 1999). The geography of a disease can



give valuable clues into an understanding of how culture, environment, and behavior

interact with health and disease.

dots, water pumps as Crosses.

The fundamental issue in using GIS and geostatistical techniques in epidemiology and
health research is one of recognizing the spatial structure of a process, whether it is a
cluster of health events or a spatial pattern of disease diffusion over time. To be
specific, geostatistics can determine whether patterns are due to either random
stochastic processes and/or variability in the estimated prevalence because of small
population sizes for some units or are, in fact, caused by specific variables such as
environmental heterogeneity (Bailey & Gatrell, 1995). The types of spatial issues that
health researchers might be focused on include the patterns of morbidity and mortality;
factors that are associated with these spatial patterns; the transmission of the disease
and disease etiology; the location, the spatial distribution and regionalization of health
care resources; factors associated with resource distribution and how they can be easily
accessed and; spatial aspects of the interaction between disease and access to health
care (Carpenter, 2011).

With regards to GIS and geostatistical applications in spatial epidemiology, the
locations of the cohort population (where they are located) and their characteristics
(what they are about, or the attributes) are the bases for further spatial analysis (Lai et

al, 2009). Data for spatial analysis should comprise of two types of information.



The first class includes attributes of spatial features measured in interval or ratio
variables such as; disease (essential) e.g. health or disease. The essential data provide
the geographic context upon which to plot disease cases for visualization. The second
class involves spatial data (additional) e.g census or demographic. The additional data
on environmental or socio-demographic characteristics are needed to either augment
visualization or support more in-depth analysis of the disease or health outcome
(Goodchild, 1986; Lai et al. 2009). In bringing these two classes of information
together, spatial analysis seeks to assess independence or association in values of
attributes at the same or nearby locations or locations likely to experience spatial

interaction.

Elliott et al. (2000) advised that the ideal data for spatial epidemiological research
would consist of information on the population of a study area such as their individual
characteristics, movements, personal exposures, and subsequent health records.
However, it was recognized that a considerable investment in time and resources was
required to obtain such a comprehensive data set. In most cases, three sources of
disease data are available: those from hospital discharges, mortality and morbidity
records, and surveillance or independent research. Because much of the available
health and covariate data is collected for purposes other than spatial analysis, data
integration and quality control are important precursors to the application of spatial-
analytic techniques (Brown et al., 2010). Fortunately, GIS offers powerful ways of
integrating and cross-validating data and this gives researchers the capacity for
deciding earlier about feasibility.

A number of studies such as Toprak and Erdogan. (2008), Yiannakoulias et al. (2003),
Chaikaew et al. (2009) and Tsai et al. (2009) utilized GIS and geostatistical methods
in spatial epidemiology. Given the potential of these methods, the studies used
locational information and their attributes values to detect and quantify patterns in
public health data and to investigate the degree of association between putative risk
factors and diseases. In Turkey, epidemiology of Hepatitis A and A Dysentery has
undergone considerable changes. There are studies conducted on Hepatitis A and A

Dysentery based on particular provinces.

Karadenis et al. (2017) had studied the seroprevalence of Hepatitis A in Istanbul for
different age brackets using statistical analysis namely Chi-squared test and Fisher’s

exact test. According to their study, the prevalence of total anti-HAV antibodies was



64.8% for all patients, and patients older than 46 years had a significantly high
seroprevalence in comparison with other age group. Another study contacted by Alhan
et al. (2014) utilized statistical methods to analyze epidemiological shift of Hepatitis
A in 11 years in Adana. They performed a study in 1998 and repeated the same study
in 2009, from 1998 to 2009 the anti-HAV seroprevalence declined in children aged 2
to 16 years. Kurt et al. (2008) investigated the prevalence of amoebiasis in lzmir
province and 59 of 2047 (2.9%) stool samples were found to be positive to

E.histolyca/dispar.

2.2 Hepatitis A

Acute viral hepatitis is one of the most prevalent infectious diseases in the world. Early
cases of epidemic hepatitis are generally attributed to the Hepatitis A virus, which
represents a significant public health problem in many countries. By the middle of the
20" century, researchers recognized that viruses introduced by fecally contaminated
food and water were responsible for HAV.

The associated condition was called infectious hepatitis, catarrhal jaundice or Hepatitis
A. HAV is classified as the type species of the genus Hepatovirus of the family
picornaviridae. The virus is a small (27nm) spherical RNA virus that lacks an outer
envelope with an estimated infectious dose of 10-100 viral particles (Sanchez, 2013;
Moore, 2006). Hepatitis is very common. According to the World Health
Organization, there are more than 1.4 million new cases of Hepatitis A worldwide

every year, and it is estimated to kill 100,000 people each year (Sanchez, 2013).

HAV is present worldwide, although the risk of transmission depends on the
socioeconomic conditions of populations. In many developed countries, the
progressive improvement of hygienic conditions and environmental sanitation has led
to a much-reduced risk of acquiring the infection during infancy, when most cases are
asymptomatic. In much of the developing world, HAV infection is hyperendemic, and
the majority of persons are infected in early childhood. Outbreaks are rare because
most infections occur among young children who generally remain asymptomatic
(Quarto and Chironna, 2004). More than 70% of older children and adults infected
with HAV are symptomatic, while in children younger than 6 years old, 70% of

infections are asymptomatic. Symptomatic illness is characterized by fever, jaundice,
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and dark urine, in addition to malaise, anorexia, and nausea, vomiting and diarrhea
(Holleran, 2009).

Jaundice is the most common symptom. About 70% of people will suddenly develop
Jaundice. The symptoms of jaundice include yellowing of the sclera, clay-colored
stools, and severe itching. The liver is the only target organ of injury and it may
become enlarged or tender. A virus passes through the stomach and into the intestines.
Once ingested (taken in via food or drink), the Hepatitis A From there, the virus enters
the blood. The portal vein carries the infected blood from the intestines to the liver.
Once in the liver, Hepatitis A viruses invade the hepatocytes. The viruses start to churn
out new viruses. Unlike most viruses, Hepatitis A does not burst from the cell and
destroy it. Instead, the hepatocytes expel the new “daughter viruses” into the bile. The
bile is released into the stool, which then carries huge quantities of the virus out of the
body. Those viruses can then infect the next unsuspecting person. The symptoms can
last one or two months (Goldsmith, 2010).

Unfortunately, the clinical signs and symptoms of Hepatitis A are indistinguishable
from other types of acute viral hepatitis. Diagnosis is usually with immunoglobulin
(ig) in blood, anti-Hepatitis A immunoglobulin M in the acute phase, and anti-Hepatitis
A immunoglobulin G after 6 months. Hepatitis A infection rarely progresses to
fulminant Hepatitis A, which can lead to death (Holleran, 2009). The Hepatitis A virus
is very hardy. Because Hepatitis A virus lacks a lipid envelope, it is resistant to the
action of chemical and physical agents in the environment. It can live in water as hot
as 140°F (60°C). The virus can also survive in temperatures below freezing (32°F, or
0°C). The Hepatitis A virus can survive on surfaces such as bathroom and kitchen
counters for more than a month at normal room temperatures. It can live in both
freshwater and salt water for many months (Goldsmith, 2010). HAV is inactivated
only by heating to 85°C for a few minutes, after sterilization (121°C for 20 minutes),
or by ultraviolet and other chemical treatments (e.g., iodine, chlorine-containing
compounds) at particular concentrations. It should be emphasized that shellfish from
contaminated areas should be heated to 90°C for at least 4 minutes or steamed for 90

seconds to inactivate the virus (Quarto and Chironna, 2004; Lu and Zhou, 2015).
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2.2.1 Hepatitis A transmission and source of infections

Outbreaks of Hepatitis A occur periodically throughout the world and is primarily
passed via the oral-fecal route, which means that something we eat or drink has been
contaminated by feces infected with the virus, which account for 2—-7 % of the total
disease burden. Nevertheless, this figure is probably an underestimate because a
considerable proportion of cases (~68 %) remain uncharacterized (Goldsmith, 2010;
Sanchez, 2013). In most instance, fecal-oral transmission via person-to-person contact
within a household is the predominant way in which the disease spreads. Until very
recently, in countries with high social and healthcare standards, Hepatitis A was seen
as an infection typical of tourists traveling to highly endemic areas (Franco and
Vitiello, 2003). People can get Hepatitis A when infected people do not thoroughly
wash their hands after going to the bathroom. In restaurants, Hepatitis A spreads from
dirty hands to food, dishes, or eating utensils. Especially, intake of uncooked fishery
food is more likely to cause Hepatitis A (Lu and Zhou, 2015). Food handlers are not
always to blame, however. The food itself may be contaminated with Hepatitis A long
before it reaches the restaurant. For example, farmworkers with dirty hands can infect

fresh produce.

The role of the person-to-person transmission is exemplified by the high transmission
rates among young children in developing countries, in areas where crowding is
common and sanitation is poor, in households Staes et al. (2000), and Day care centers
are common places for Hepatitis A outbreaks (Desenclos and MacLafferty, 1993).
When child care workers change diapers, they may pass the virus from one baby to
another. Toddlers who do not wash their hands properly can easily pass Hepatitis A to
playmates and caregivers. Outbreaks in elementary schools are not unusual. Through
sewage discharge, HAV can contaminate food crops, natural watercourses, and soil.
In the developing countries or regions, the water-borne transmission is an important
factor causing endemic prevalence of Hepatitis A. Therefore, food and drinking water
are considered major vehicles of HAV transmission to humans (Sanchez, 2013), Lu
and Zhou, 2015). While Hepatitis A is not generally considered a sexually transmitted
disease, it can be transmitted through sex. Although transmission via blood is not
common, for a few days after infection, Hepatitis A can be passed by blood
transfusions or by sharing needles for injecting drugs or by saliva. HAV may also be

carried by flies, which serves as vectors (Moore, 2006; Goldsmith, 2010).
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High prevalent countries/regions include Mexico, India, the Middle East, and Africa
(Suchy et al, 2001). Young children have the highest rates of infection and are often
the source of infection for others, primarily because infections in this age group are
usually asymptomatic and standards of hygiene are generally lower among children
than among adults (Plotkin et al, 2008). The patients at the acute stage and those with
subclinical infection are the main sources of Hepatitis A infection. During 2 weeks
before the onset of jaundice, the stool and blood possess the infectivity that persists for
about 3 weeks ( Lu and Zhou, 2015). The socioeconomic, environmental, demographic
and climatic factors enhance the vulnerability of a population to infection and
contribute to the epidemic spread of Hepatitis A. These factors includes the following:
overcrowding, poor personal hygiene and improper sanitation, contamination of food
and water, spending time in child care centers, travelling to endemic regions, male
homosexual activities, intravenous drug abuse, inappropriate human-waste disposal
system (Tahan et al, 2003; Suchy et al, 2001).

2.2.2 The burden of Hepatitis A in Turkey

As in many countries, HAV disease is the most common cause of acute viral hepatitis
in most Turkish children. In Turkey, Hepatitis A is one of the major health problems
of the country and about two-thirds of patients visiting hospital have Hepatitis A
(Avonts et al, 1999; Altinkaynak et al, 2008). According to WHO (1999-2000), in
1999 and 2000, an analysis of foodborne diseases was conducted in Turkey and a total
of 84340 and 77515 cases were reported and Hepatitis A was the third most frequently
notified disease in all years, 14323 and 10435 cases were reported in 1999 and 2000
accordingly, comprising of 21.8% incidence rate in 1999 and 15.4% of incidence rate
in 2000, respectively. Before the 90’s, HAV disease was highly endemic in the Turkish
population, with seroprevalences reaching around 80% in both children and adults.
However, around the years of 1994 upwards, it can be seen that the morbidity and
mortality due to HAV have been steadily decreasing, this can be a result of improved

hygiene and sanitary conditions in the country (Badur and Nedret, 2010).

Today, at the national level, Turkey is a country of intermediate HAV endemicity.
However, when considering regional incidences, a strong West/East gradient exists,

with highly endemic regions found in the Eastern and South-Eastern parts of the
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country with up to 23.6/100,000 incidences, in comparison to intermediate western
regions where an average incidence rate of 10/100,000 can be found. In 1998 the
Seropositivity of Hepatitis A was 68% in western and 80% in eastern regions of Turkey
(Ungan et al, 1998). The seroprevalence rate among those under the age of 30 years is
71.3% and rates increase with age, from 42.7% among 1-year-olds to 91.1% at 25-29
years of age. Anti-HAV positivity was about 54.5% between the ages 3 to 10 and 100%
over the age of 40 in Turkey (Tahan et al, 2003; Badur and Nedret, 2010). Even though
there was a high rate of cases reported in 1998, this has improved drastically, Turkey

has seen around a 50% fall in reported cases of HAV over the last ten years.

The pattern of HAV exposure in Turkey has been changing in recent years, due to
altered eating habits (more fast food and exotic food consumption), increased day care
attendance and changing migration patterns. A number of Studies from the 1990s in
Turkey showed that more than half of all early adolescents had immunity. Some recent
Studies conducted in the 2000s showed similar rates, with most studies indicating that
about half of adolescents and more than 90% of adults over 30 years of ages immune.
More people originating from highly endemic regions in eastern Turkey are moving to
the western part of the country, with susceptible second generations who lack anti-
HAYV antibodies, traveling back to the endemic home region during holidays. Also,
issues such as recent cases caused by contaminated tap water emphasize the need for
continuing improvements in sanitation and in public education on hygiene practices to

lower HAV susceptibility and endemic nature (Badur and Nedret, 2010).

2.3 Amoebic Dysentery

Amoebic Dysentery is caused by the protozoan parasite Entamoeba histolytica, and is
characterized by inflammation and ulceration of the mucous membranes of the colon,
and accompanied by diarrhea (Van den Berg & Viljoen, 1999). Humans are the only
host of E. histolytica and there are no zoonotic reservoirs. ((E. histolytica) has a simple
lifecycle existing as either infectious cyst form or amoeboid trophozoite stage. E.
histolytica cyst is generally spherical, typically 10 to 16pum in diameter and is bordered
by a refractile wall that may include chitin. It consists of four nuclei when mature, but
contain one nucleus when immature, see Figure 2.2. They survive the acid of the

stomach, travel through the small intestine, and, within the terminal ileum or colon,
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excyst to form the trophozoite stage. Unlike the inert cysts, E histolytica trophozoites
are highly motile, their size start from 20 to 40um in diameter (Stanley, 2003).

Trophozoites may exit in the stool at times, but they cannot live outside the human
host. On the other hand, the cysts can survive outside the host for many weeks or even
months as they are protected by the wall, and their survival time could last longer
especially in moist conditions such as water, soil and on foods (Stuart et al, 2009). The
cysts can also survive for a lengthy period of time in normal environmental conditions,
for instance, it can survive for more than 12 days in cool faeces and for few weeks in
water. They are killed by drying at temperatures above 50 degree Celsius, freezing
below -5 degree Celsius and standard treatments of water supplies (Gill & Beeching,
2011).

Entamoeba histolytica is an intestinal protozoan parasite that is responsible for
invasive Amoebiasis in about 40-50 million people, causing around 40 000—-100 000
deaths worldwide each year. Globally, A Dysentery is the third most common cause
of death due to parasitic infection following malaria and schistosomiasis, as estimated
by the World Health Organization (Solaymani-Mohammadi & Petri, 2008; Hegazi et
al, 2013). About 10 percent of the world’s population is estimated to be infected with
Entamoeba histolytica and in many tropical countries the prevalence may reach 50%).
The disease is often found in tropical regions of the world where hygiene and sanitation
are often poor. However, about 90% of those infected are asymptomatic, while only
1% that may result in invasive/extraintestinal amoebiasis. It is not common in children
under the age of 5 years. Individuals who suffer from damaged or impaired immunity
e.g pregnancy, immunocompromised, or receiving corticosteroids may suffer more
severe forms of this disease. Amoebic colitis has generally been regarded as an equal
opportunity disease affecting children and adults of both sexes (although this notion
has been challenged by data indicating a significant male predominance (Acuna-Soto
et al, 2000). However, amoebic liver-abscess mainly affects men between the ages of
18 and 50, in whom rates are 3—-20 times higher than other populations (Acuna-Soto et
al, 2000; Stanley, 2003).

Asymptomatic carriers are common in endemic areas. In non-endemic areas,
symptomless carriers should be treated with a luminal amoebicide which will reduce
the risks of transmission and protect the patient from invasive Amoebiasis (Stuart et

al, 2009). Invasive intestinal parasitic infection can then results into fever, chills,
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bloody or mucous diarrhea, and abdominal discomfort, which are symptoms of
fulminant dysentery. Symptomatic (invasive) Amoebiasis may be classified as either
intestinal or extra-intestinal as illustrated in Figure 2.2. Intestinal forms of Amoebic
Dysentery comprise of Amoebic Dysentery and non-Dysenteric Amoebic colitis. Even
though extra-intestinal amoebiasis is not common, it is possible when the trophozoites
spread to other organs of the body, example the liver and it could result in amoebic
liver abscess (Url-1). Once contaminated foods or water is ingested, the cysts will
move into the intestinal area. These cysts are protected from stomach acids and this is
how they are able to evade destruction. As soon as its in the intestine, the cyst can
release the amoebas by breaking open which then burrow into and cause damages to

the intestinal walls (Url-2).
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Figure 2.2: Life cycle of Entamoeba Histolyica (Sastry and Bhat, 2014).
2.3.1 Amoebic Dysentery transmission and source of infections

Water contaminated by A Dysentery cysts can cause regional epidemic outbreaks of
the disease. A Dysentery is commonly transmitted through faecal-oral route, it the
disease can be transmitted either directly being in contact with an infected person,

(example by changing diaper) or indirectly by ingestion of cysts through eating or
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drinking food or water contaminated with faeces (Hung et al, 2012). Human are the
main reservoir. People infected are usually not showing any symptoms, and become
carriers of Amoebic Dysentery and can excrete about 15 million cysts in the stool in a
day. The incubation period varies from a few days to several months or years but is
commonly 2- 4 weeks (Hawker et al, 2008; Heymann, 2008). Some groups of people
are at high risk of infection such as immigrants coming from developing countries and
travellers to these developing countries with inadequate sanitary conditions, peoples
living in institutions with poor sanitation and men who have sex with men. Fomites
and flies also have a role in the transmission. Autoinfection through improper cleaning
of hands is also reported (Tilak, 2013). The disease can also spread by person-to-
person contact. Food can be polluted with the protozoa through fecal contamination,
such as when an infected food handler’s do not wash their hands after using the
bathroom (Turkington & Ashby, 2007). The main source of infections for Amoebic
Dysentery is the patients with chronic conditions, at the recovery phase and those that
are healthy but carrying cysts (Li, 2015).

2.3.2 The burden of Amoebic Dysentery in Turkey

In Turkey, the general incidences of A Dysentery rate were found to be 9 per cent in
1956. These figures were exceeded by those of a study done in 1958, in which
incidence rates of 15 to 42 per cent were recorded (Cannan, 1962). According to WHO
(1999-2000), in 1999 and 2000, an analysis of foodborne diseases was conducted in
Turkey and a total of 84340 and 77515 cases were reported and AD was the second
most frequently notified disease in all years, comprising of 27% and 31% of reported
cases in the two years, respectively. It is reported that, in 1999, 22980 cases of
Amoebiasis were notified with incidence rate of 34.9 per cent while in 2000, the
reported cases increased to 23723 comprising of 35.1 percent incidence rate of
Amoebiasis in Turkey (WHO, 1999-2000).

2.4 GIS and Spatial Analysis in Spatial Epidemiology

New diseases and epidemics spread through the world’s population every year. The
discipline of medical Geographic Information Systems provides a strong framework
for our increasing ability to monitor these diseases and identify their causes. The

transmission of infectious diseases is closely linked to the concepts of spatial and
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spatio-temporal proximity, meaning the transmission of infections is more likely to
occur if the at-risk individuals are close in a spatial and a temporal sense (Pfeiffer et
al., 2008). The study of the geographical distribution of disease incidence and its
relationship to potential risk factors (referred to here as ‘Spatial epidemiology’) has
provided and continues to provide, rich ground for the application and development of
statistical methods and models.

Over the last years, its clear that GIS and spatial analysis have had a long, useful and
productive relationship. The benefits of GIS include the ability to handle repetitive
tasks and rapidly compare spatial data from various sources and different spatial areas.
GIS has been appreciated as the key to implementing different methods of spatial
analysis, making them more available to a broader range of users, and it is utilized
more widely in making effective decisions and in supporting scientific research
(Goodchild and Longley, 1999). Spatial analysis can be expressed as a general ability
to extract supplementary meaning as a result of manipulating spatial data into different
forms to get this information. Spatial analysis is a set of methods useful when the data
are spatial, in other words when the data are referenced to a 2-dimensional frame
(Cromley and McLafferty, 2011).

GIS has proved to be useful for epidemiological research purposes, as it is concerned
with the identification and explanation of the spatial structure, pattern, and process,
and with the analysis and explanation of the links between humans and the
environment. GIS helps to show regional variation in health problems, environmental
risks and the use of health services and reveals abnormal patterns (Rytkénen, 2004).
GIS are being used in spatial epidemiology to model where people live and their
environments and make it easily possible to monitor residential distributions. Around
the nineteenth and twentieth century, spatial analysis commonly took the custom of

plotting the observed disease cases or rates.

Figure 2.3 below shows that advances in technology now allow not only disease
mapping but also the application of spatial statistical methods, such as quadrant
analysis and nearest neighbour analysis, cluster analysis and spatial autocorrelation,
are commonly used to characterize spatial pattern of diseases and to test whether there
is significant occurrence of clustering of disease in a particular area. Geographic
Information System technologies together with modern statistical methods allow an

integrated approach to address both the inference on the geographical distribution of
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the disease and making a prediction at new locations (Osei FB. (2014). Health and
population data can be examined together through the advanced application of GIS
technologies and statistical methods in spatial epidemiology. Traditionally, many
epidemiologists, public health professionals and GIS experts have used disease
plotting or maps when examining the relationship between location, environment, and
disease (Clarke et al, 1996).
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Figure 2.3: Disease mappingTspatiaI a-n;llysis and GIS (WHO, 2011).
2.5 Geostatistical Techniques

Advancement experienced in the field of spatial GIS, that is in conjunction with related
geostatistical techniques have improved the use of spatial analysis in research related
to health and environmental (Getis. 1996; Moore and Carpenter. 1999). When it comes
to analysis of spatial health data, designing maps and visual inferences are not the only
main focus. Giving a clear description or view of spatial patterns, the detection of
disease clusters, if any and describing or predicting of disease risk are the main goals
of spatial epidemiological analysis. Moreover, not every person experiencing a
suspected causal exposure can contract the disease. This is the main reason why the
analysis of public health data in most cases has to build from the statistical concept of
each person partaking in a risk or having a probability of contracting a disease (Waller
and Gotway, 2004). Spatial analysis in a GIS environment can be divided into three

broad categories: visualization, exploration, and modelling as given in Figure 2.4.

Visualization is one of the first steps performed in any data analysis and is perhaps
the most frequently spatial analysis method employed by many researchers or
epidemiologists, it involves associating attribute values, for instance, morbidity rates,

contamination estimates, or employment levels to locations computed according to a
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coordinate system e.g longitude and latitude. Visualizing some characteristic of the
effect such as morbidity rate provides an insight into the potential sources of the
infection and it aids in coming up with hypotheses about possible relationships

between environmental phenomena and health results (Jerrett et al, 2003).
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Figure 2.4: Conceptual framework of spatial epidemiology data analysis (Source:
Pfeiffer et al, 2008, (Bailey and Gatrell, 1995)).

Exploring spatial associations is equally based on visualization, it involves exploring
the datasets by using either spatial queries built on Boolean or set operators that may
show collocation. These types of queries will highlight regions on the map that meet

the specified conditions (Jerrett et al, 2003).

These aforementioned categories of spatial analysis techniques focus exclusively on
exploring the spatial dimension of the data but abandon relevant issues, for instance,
dealing with zones of different geographic magnitude, that could have statistical
uncertainty and the modifiable areal unit problem. Other issues such as maps of
incidence rates, which is defined as raw rates divided by the population at risk have
been criticized and regarded as unreliable because of non-constant variance associated
with heterogeneity in the sizes of the population at risk. This has led to the
recommendation of making use of model-based methods such as Bayes or Empirical
Bayes Smoothing when creating maps of relative risk. Most of these issues are dealt
with in the modelling categories because they have the ability to affect not just map

presentation but also succeeding statistical analyses, respectively.

Modelling spatial processes conveys an idea of cause-effect relationships using both
spatial and non-spatial data sources to elucidate or predict spatial patterns. Modelling

integrates both visualization and exploration techniques together with geostatistics

20



analysis in assessing if the spatial patterns apparent in the data have just randomly
occurred by a chance or whether they display significant difference from random

expectation (Jerrett et al, 2003).

Identification and quantification of any vulnerability to the disease, behaviors, and
characteristics that may increase an individual’s risk or probability of contracting a
disease are the main goals of spatial analytical techniques. The central role of
probabilities boosts the use of geostatistical methods to assess the differences in rates
observed from different geographic areas. Spatial analytical models and techniques are
widely employed in spatial epidemiology to detect spatial anomalies (hot spots) in
disease regions (Tsai et al, 2009). Any type of spatial phenomena is examined using
Geographic Information Systems technology, an efficient tool for decision making on
epidemiological investigation, by providing integrated approach to disease control and
surveillance at local, regional and global levels (Tim, 1995; Ulugtekin et al, 2007;
Alkoy et al, 2007; Vopham et al, 2015).

Table 2.1 shows different methods for analyzing patterns and mapping clusters. This
methods aids in summarizing the prominent characteristics of a spatial distribution,
define statistically significant spatial clusters or spatial outliers, assess the overall
patterns of clustering or dispersion, aggregate features according to their attribute
similarities, identify a suitable scale of analysis as well as exploring the spatial
relationships (Waller and Gotway, 2004; Béla, 2010). It is important to note that this
is not a linear process because when presenting the results from exploration and

modelling, it could require a return to visualization.

Table 2.1: A summary of the tools in the analyzing patterns and mapping clusters.

Tools Description
Measures spatial autocorrelation clustering or
Spatial Autocorrelation dispersion based on feature locations and attribute
(global Moran’s I) values.

Given a set of weighted features, identifies clusters

Cluster and outlier analysis ; . i
y of high or low values as well as spatial outliers

(Anselin’s Moran’s I)

Given a set of weighted features, identifies clusters
of features with high values (hot spots) and clusters
of features with low values (cold spots)

Hot spot analysis (Getis-
Ord Gi *)
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2.5.1 Cluster analysis

In spatial epidemiology, one of the important goals is to detect spatial ‘clusters’ of
disease cases. A Spatial cluster is a group of cases or occurrences, lying close together,
which are more numerous or denser than expected, relative to the background pattern
of such cases, these occurrences are unlikely to have occurred by chance (Baddeley et
al, 2015; Knox, 1989). A spatial cluster can be divided into two categories: clustering
and cluster detection. Spatial data allows for the quick identification of any obvious
patterns (regular, random, or clustered). Here we are focusing on the term ‘clustering’
which is used to describe the spatial aggregation of disease events, but as the observed
spatial pattern may simply be a function of the distribution of the population at risk or
of various risk factors, a more robust definition is the one proposed by Wakefield et
al. (2000), that a disease is reflecting a clustered pattern if there is ‘residual spatial

variation in risk after known influences have been accounted for’.

Besag and Newell (1991) differentiate the different methods for analyzing clusters, it
can either be specific or non-specific, even though epidemiologists generally choose
to use the terms ‘local’ and ‘global’. Global (non-specific) clustering methods are used
to evaluate whether clustering is apparent throughout the study region but can not
identify the exact location of clusters. They provide a single statistic that measures the
degree of spatial clustering of the region, the statistical significance of which can then
be assessed. The null hypothesis for global clustering methods is purely that ‘no form
of clustering exists’ (i.e. random spatial dispersion). Global clustering methods involve
techniques such as Moran’s | and Geary's C. These techniques are similar in the
essence that they compare adjacent area values in order to evaluate the level of large-

scale clustering.

Local (specific) methods of cluster detection can identify the exact locations and the
extent of clusters, with this in mind; it is of great importance to note that clustering
applies to global methods of cluster analysis, while cluster detection refers to local
methods of cluster analysis. Many local statistics have global counterparts that often
are calculated as functions of local statistics. Clustering of infectious diseases can
happen due to different types of reasons which can include the infectious spread of
diseases, the presence of disease vectors in a particular location, the clustering of a risk
factor or combination of different risk factors, or it could be the existence of a possible

health hazards sources scattered all over the entire region, all of this issues can create
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an increased risk of disease in its immediate locality. The identification and reporting
of areas with an apparent increased incidence of the disease is known as a disease
cluster alarm (Besag and Newell, 1991; Pfeiffer et al, 2008).

It is of great importance to investigate clustering of possible disease in epidemiology,
with one of the aims being to determine whether the clustering is statistically
significant and worthy of further investigation, or whether it is likely to be a chance
occurrence, or is simply a reflection of the distribution of the population at risk. The
statistical significance of clustering is especially important when studying the etiology
of a disease, or when evaluating disease cluster alarms). The false identification of a
cluster in any of these situations may lead to wasted resources while dismissing a
genuine disease cluster can have serious consequences (Lawson and Kulldorff, 1999;
Pfeiffer et al, 2008).

2.5.2 Hotspots analysis

Any area displaying “excess” or “unusual” risk (clustering), by some criterion, is a hot
spot. (Lawson, 2009). Hotspot detection is normally essential, even when the global
pattern is not clustered. Furthermore, clusters of cases may be randomly distributed
but can also have an impact on the spread of an infectious disease. Identification of
significant disease hotspots can advance our understanding of a disease in several
ways, including suggesting potential risk factors for further investigation, indicating
likely disease transmission routes or informing surveillance and disease control effort
(Lawson et al, 2016). In hot spot analysis, if a higher value is surrounded by similar
magnitude of other high values, it is considered a hot spot (according to certain
confidence intervals (CIs)). The cold spots are determined using the same principals.
The values (or cluster values) between the statistically significant hot spots and cold

spots are considered as random samples of a distribution (Arifin et al, 2016).

2.5.3 Disease mapping

Disease maps have been playing a significant descriptive role in epidemiology.
Disease mapping provides (estimate) the true relative risk of a disease of interest across
a geographical space (map). Disease mapping involves both the analysis and display
of mortality or morbidity rates that show spatial patterns of health outcomes (Delmelle
and Kanaroglou, 2015). In terms of the spreading of the disease, individuals closer or

exposed to a contagious person or a tainted environmental location are considered
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more susceptible to specific types of illnesses. Cartographic design and mapping
techniques can draw attention to these locations by displaying an aggregation or lack

of such events or patterns in space (Lai and Chan, 2008)

Disease maps show or display a visual summary of geographical risk, for example, the
map of Snow in figure 3.1. Disease mapping also generates hypothesis by giving clues
to causes of diseases or factors that influence spread by informal examination of
exposure maps, components of spatial versus non-spatial residual variability may also
give clues to the source of variability (Bailey., 2001). While maps are often used to
good visual effect, they can obscure evidence, suggest bogus concentrations, and start
false trails. But with careful use, GIS has the ability to sift rapidly the visual
correlations between disease distributions and covers of explanatory variables and to
combine such evidence with statistical or mathematical modelling in such a way that
may both sharpen the value of disease maps and reduce errors of interpretation
(Longley and Betty, 1996).

2.5.4 Smoothing

Maps of raw rates, disease counts divided by the total population at risk, have been
criticized as unreliable due to non-constant variance associated with heterogeneity in
base population size. Mapping disease mortality or morbidity, especially in the smaller
geographical areas, or when the given disease is somewhat rare, may give rise to the
problem of small numbers, which in turn produces unstable rates. Although the greater
stability of rates may be achieved by choosing larger areas, a simple mapping of the
raw data is unattractive in that it still yields sudden changes at geographical boundaries
(Boyle et al, 1989). In such circumstances, it is advantageous to use smoothing
methods as they produce stable estimates for cell-specific rates by borrowing strength
from neighboring cells (Anselin et al, 2006). When using smoothing, we are in effect
making a prior assumption that a rate estimate for a given area is better if it in some
way makes a combination of data from the area itself and those from the surrounding

areas.

Numerous smoothing techniques are used to get rid of variance instability in the
disease rates (or proportions). Observed rates are usually extreme when the population
at risk is too small (e.g., rural areas) or a disease to be analyzed is somewhat rare. Its

ultimate goal is to produce a map representation of the important spatial effects
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existing in the data, while at the same time, removing any distracting noise or extreme
values. The resulting smoothed map should have increased precision without
introducing significant bias (Pfeiffer et al, 2008).

The method used to analyze the data entirely depends on how the recording of the data
has been conducted. In the case where the data occur as point locations (e.g. outbreaks
of disease) kernel smoothing methods can be useful to facilitate visual analysis of the
pattern. In the case of data representing, for example, the incidence of infection within
administrative areas, Bayesian methods can be applied to take account of the
uncertainty of the local measurement and spatial dependence between neighboring
measurements (Pfeiffer et al, 2008). As smoothing methods are so numerous, a method
needs to be chosen that ensures that features of interest to the reader are not lost. For
example, Waller and McMaster (1997) propose a method for routine standardisation
of disease rates and illustrate their approach using GI1S-generated maps of Leukemia
in New York State. Empirical Bayes Smoothing is another most popular smoothing
method for modelling disease rates allow one to account for spatial autocorrelation,

covariates and sources of error during map construction (Gattrel et al, 1996).

Empirical Bayes Smoothing. Many kinds of literature in disease mapping had often
utilized Empirical Bayes Smoothing. There has been an increase in the application of
Bayesian approaches in terms of identifying the hotspot and this has been found to
decrease by 50 % the rates of false positives and false negatives hotspots in comparison
to typical methods of hotspot identification such as classically based confidence
intervals (Cheng & Washington, 2005).

An Empirical Bayes (EB) estimation of spatially-varying infectious disease risk,
posterior risk can be estimated from a weighted combination of the local risk (also
referred to as the likelihood) and the risk in neighboring areas, the latter representing
the prior information. In other words, the crude rate is turned into a new variable that
has a mean of zero and unit variance, thus avoiding problems with variance instability.
The mean and variance used in the transformation are computed for each individual
observation, thereby properly accounting for the instability in variance. The risk can
be smoothed using a prior based on the global mean or on summarized data from the
neighboring areas. The smoothed risk is more stable and has higher specificity
(Pfeiffer et al, 2008; Anselin et al, 2006).
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3. CASE STUDY

This chapter outlines the case study used in the research study, which in turn gives
information on how the research was conducted. It describes the study area and
explanation of the data sources followed by the steps used in preparing the data. The
steps taken for the analysis of the data are described, the study employed Geographic
Information System technology since it has emerged as the core of the geospatial
technologies and has shown a big capability once integrated with geostatistical
methods and other geospatial features. These methods are useful for identifying areas
of high risk, and it aids in determining potential demographic and environmental
factors causing diseases. Findings can be expected to inform the development of
improved, more locally relevant public health strategies, which take into account

socioeconomic and environmental characteristics of populations.

The aim of the case study is to provide insights into the geographic distributions of
Hepatitis A cases from 2000 to 2011 and A Dysentery cases in the year 2000 to 2009
in the Turkish population, in terms of their geographical distributions, clusters and
hotspots analysis. The research study will also analyze the spatial patterns of Hepatitis
A morbidity rate in Turkish children under the age of 15 years. These children will be
further considered in three age-groups (0-4, 5-9 and 10-14) will be from 2001 to 2011.
The data of patients with Hepatitis A and A Dysentery at province level and the census
data for 2000 to 2009 for A Dysentery and for 2000 to 2011 for Hepatitis A were used
as a basis for further analysis. Time series maps were created with GIS to introduce
the temporal and timely changes in the morbidity rate. Spatial analysis, using GIS and
geostatistical methods were used to uncover the hidden patterns of Hepatitis A and A

Dysentery in Turkey.

The spatial patterns of Hepatitis A and A Dysentery were measured using Global
Moran’s and additionally, the local indicators of spatial association (LISAs) Moran’s
I and Getis-Ord Gi* statistic was used to identify influential locations through clusters

and hotspots detection of Hepatitis A and A Dysentery cases.
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3.1 Description of the Study Area

The research work was conducted throughout the Republic of Turkey which lies
between latitudes 35° and 43° N, and longitudes 25° and 45° E. The country is a
transcontinental country in Eurasia stretching across the Anatolian peninsula in
southwest Asia and a smaller portion on the Balkan Region of South-Eastern Europe.
Turkey's total area, including lakes, occupies 779,452 km2 of which 755,688 km2 are
in Southwest Asia and 23,764 km2 are in Europe. The country is divided into 81
administrative provinces and 25 river basins, located in 7 geographical regions:
Aegean, Black Sea, Central Anatolia, Eastern Anatolia, Marmara, Mediterranean and
Southeastern Anatolia. (see Figure 3.1) Each province is divided into districts, sub-

districts and villages. There is a total of 923 districts.

Turkey has a young population structure, people within the 0-14 age group
corresponds to 26 percent of the population, the 15-64 age group constitute 67 percent
of the total population, and 65 years and higher of age correspond to 7 percent of the

total population.
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Figure 3.1: Turkish provinces and river basins.
3.2 Datasets

The study used three types of data as follows:

Health data: Tabular data used in the study included the total number of new Hepatitis

A and A Dysentery cases and deaths at province level for the Turkish population as a
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whole. The study further analyzed Hepatitis A in Turkish children under the age of 15.
The children analysis also made use of tabular data, which consisted of the total
number of new Hepatitis A cases and deaths at province level based on their age. The
stated data were classified into 3 main age groups of children, including 0-4 years old,
5-9 years old and 10-14 years old. The age classification was done in compliance with
the age classification of two national governmental authorities, Turkish Ministry of
Health and State Statistical Institute, as they base their data collection using the same
age group. All the stated data is provided by the Turkish Ministry of Health covered a
period of 11 years from 2000 to 2011 for Hepatitis A and 9 years for A Dysentery.

Population data: Demographic census data for the year 2000 to 2009 for A Dysentery
and 2000 to 2011 for Hepatitis A cases were also used in the study. The population
data was supplied by the State Statistical Institute of Turkey. The missing data for the

period of 2001-2006 were estimated using the geometric increase method.

Spatial Data: The spatial data used in the study included vector layer covering the
administrative boundaries of the 81 provinces in Turkey. In addition to provinces,
vector layers covering the river basins, main water bodies like seas, lakes and
neighboring countries were used as reference data for producing user-friendly and
more understandable thematic maps.

3.3 Data Preparation

Prior to analysis, all datasets (Hepatitis A and A Dysentery cases, demographic census
data and spatial data) were linked in a GIS database for further spatial analysis.
However, when shapefiles were loaded into ArcGIS had no coordinate system nor a
reference ellipsoid. They were assigned to Lambert Conformal Conic, GSC European
1950. In data preparation, the first step was mapping annual incidence rate of Hepatitis
A and A Dysentery for each province. The incidence rate for Hepatitis A and A
Dysentery was calculated as the ratio of the number of observed HAV and A Dysentery
to the total number of population at risk presented in equation 3.1 for Hepatitis A and
3.2 for A Dysentery.

HAV i:% (3.2)
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AD; = °1 (3.2)
P

However, calculating the incidence rate this was could produce unreliable results as it
could give an incorrect view of observed reality due to the heterogeneity of base
population size. Particularly, calculating the incidence rate of the disease in the smaller
geographical areas, or when the analyzed disease is a bit rare, may, in turn, produces
unstable rates (Boyle, et al 1989). The corollary to this is that the rates may not
completely represent the relative magnitude of the underlying risks in comparison with
other counties that have a high population base. To lessen this discrepancy, this study
applied Empirical Bayesian Smoothing (EBS) to the calculated incidence rate by
shrinking the numbers of observed cases towards the overall mean. This is carried out
to produce stable estimates for province-specific rates by borrowing strength from
neighboring provinces (Anselin et al, 2006; Clayton, 1987). In this study, the HAV
and AD incidence rate for each province during 2000-2011 were adjusted by EBS
function and were converted to the Hepatitis A and A Dysentery morbidity rate by
multiplying it by 100 000. The demographic census data obtained from state statistical
institute constituted of only 2000, 2007-2011 as stated above.

Since the census data was used as the total population at risk, the geometrical increase
method was applied to estimate the population for the missing years 2001 to 2006. The
equation used is shown in equation 3.3 as follows:

N, =Ny X (1+p)° (3.3)

where;

Nt : the total population at the end of the study period,

No: the total population at the beginning of the study period,
P: the population growth rate as percentage,

t : the number of years of the study period.
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3.4 Applied Methodology and Software Used

The research comprises of 3 main steps: data acquisition/preparation, data analysis and
the obtained results. As presented in the methodology, prior to data analysis, all
datasets (Hepatitis and A Dysentery cases, demographic census data and spatial data)
were linked in a GIS database for further spatial analysis. Data analysis was carried
out with the aim to transform the input data into information to be utilized in
knowledge construction and decision-making processes. The analysis included
boxplots, time series maps, global and local spatial autocorrelation. The final stage of
the study presents the results as plots, statistics or maps. The following Softwares were
used in the study: ArcGIS (ArcMap 10.2) was used for time series map design and
hotspot analysis. GeoDa 10.1.2.16 was used to conduct global and local Moran’s 1
analysis.and SPSS was utilized to create Boxplots for visual analysis. The flowchart

for the research study is shown in Figure 3.2.
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Figure 3.2: Flowchart of methodology.
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3.5 Visual Data Mining of Hepatitis A and A Dysentery

Visualizing the spatial characteristics of the data is the primary step in any
epidemiological analysis. Recent decades have seen the emergence of a set of
techniques originally developed by John Tukey to display data in such a way that
interesting features will become apparent. They are generically referred to as
Exploratory Data Analysis approaches (EDA). Visualization of the data is perhaps one
of the best powerful tools in this exploration process as EDA allow for exploration of
the data in many different ways (Pfeiffer et al, 2008). Visualizing table data can be a
very beneficial way to obtain further insight into the data, mostly generation of new
questions and hypothesis.

The usage of boxplots or maps for visual displays of information will offer the
epidemiologist with the foundation for generating hypotheses and, if necessary,
assessing the fitness or predictive ability of the models (Pfeiffer,1996). Data
visualization is essential when dealing with numerical data as it plays numerous
important roles such as: (1) helping in formulating new hypotheses or to confirm
existing hypotheses for quantitative data; and (2) guiding a statistical analysis of data
and checks its validity; (3) It also aids in creating informative illustrations of the data,
summarizing large amounts of quantitative information on a diagram for example on
box plots (Badie et al, 2011). The case study covers data for the 81 provinces of
Turkey. This data are large enough that it is not possible to explore the data by just
looking at them in the form of a table, it often helps to obtain simple statistics on the
data such as the mean of each feature. This kind of visualization can be of utmost
importance in scientific data mining as it can assist our capabilities in drawing
statistically sound and scientifically meaningful conclusions about the data. This is
essential as well when it comes to communicating the findings to the target audience

using plots of a disease distribution.

3.5.1 Boxplots

The box plot was initially introduced by Spear (1952) as a rane bar and later Tukey
(1977) refers to them as the box-and whisker plot. Parallel boxplots give a summary
on a variable’s values, showing the basic order statistics of the data, for instance, the
median, the upper and lower quartiles, and the minimum and maximum values.

Together these statistics are beneficial in visually summarizing, understanding,
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comparing numerous types of distributions.

The boxplots are arranged in such a way that the ends of the box are situated at the
first and third quartiles, whereas the vertical bar inserted in the box is the median, that
means that the median divides the data into quarters. Additionally, the entire length of
the box is the interquartile range (IQR) (Kamath, 2009; Salkind, 2006) Boxplots could
also indicate which observations if there is any, are outliers of the data. As defined by
Tukey (1977), boxplots have the ability to plot individually that are outside or far-out

values.

The length of the box gives information on the sample variability. In the case where
the data being analyzed are symmetric, the median bar is located at the exact center of
the box. Subsequently, the bar location gives information on the skewness of the data:
If located in in the left half of the box, the data are skewed right. While if located in
the right half of the box, the data are skewed left. The width of the box does not indicate
anything. Meaning, if the whiskers are long relative to the size of the box, it portrays
a long-tailed distribution. Whereas for a bell-shaped curve, in other words, a normal
distribution, the whiskers are almost the same length as the box (Kvanli et al, 2005;
Kamath, 2009; Young et al, 2011 ).

The box plot is commonly used when comparing various variables by placing the plots
for each side by side with a uniform scale along the y-axis to allow the comparison
(Kamath, 2009). Parallel Boxplot were created to represent the spread of Hepatitis A
(HAV) and A Dysentery (AD) in the provinces of Turkey.The boxplots were used to
display variation that exists in the annual HAV and AD in the period of 2000 to 20009,
but this was done without necessary making any assumptions of the underlying
statistical distributions. They were used as a handy method for comparing the
distribution of annual Hepatitis A morbidity rate in Turkish provinces and the degree
of dispersion (spreads), degree of skew and unusual values of the data (outliers) were
also analyzed by using spacing between the different part of the box (Devore, 2015;
Moreno-Dia et al, 2012). Therefore this study, utilized the boxplots also to identify
outliers, if any, in the study. This is essential because even one outlier can severely
affect the values of the mean and the sample deviation. A boxplot is founded on the
measures that could be resistant to the presence of the outliers.
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3.5.2 Time series maps

The most important factor of the data in many fields that deal with scientific data is
generally time. There is a necessity to understand the distributions of the patterns of
changes and relationships among data attributes over both space and time especially
when analyzing geo-spatial time-dependent data. A visualization approach can help in
the exploration of the spatial and temporal distributions of geo-referenced data that
include different time varying quantities. Analyzing the distributions can help in
formulating initial Hypotheses about the patterns and even stimulate further inquiry

regarding the attributes in a dataset (Thakur and Hanson, 2010).

Our approach in conducting the temporal analysis was to map HAV and AD morbidity
rate for the years 2001 to 2009 and then try to visually discern whether or not spatial
patterns are becoming more concentrated or more dispersed. In this research, the raw
data, which is the health data and the population data were used for determining the
annual incidence rates of the Hepatitis A and A Dysentery cases. Annual morbidity
rates were then visualized as line graphs for the examination of the temporal trends of
the diseases. Threshold values present the endemic or epidemic characteristics of the
disease, therefore they are also significant for monitoring the spread of the disease in

epidemiology.

Threshold values were set regarding the temporal trend of the disease in each province,
as stated by (WHO, 1999). The thresholds were used to identify the risk levels of the
provinces with high or low risk indicating the disease occurrence by the use of GIS
application. The HAV and AD affected provinces were classified into three classes
(endemic, hyper-endemic or epidemic) considering the determined threshold values.
HAV and AD values below 10 were assigned to endemic class, HAV and AD values
between 10 and 20 were considered hyper-endemic, whereas HAV and AD values
above 20 were regarded as epidemic. The endemic level was stated as the level of the
lowest risk of HAV occurrence, whereas hyper-endemic and epidemic levels were
regarded as the highest risks of HAV occurrence. Subsequently, time series maps were

created for determining the timely changes in HAV and AD morbidity rates.

3.6 Spatial Autocorrelation

Spatial Autocorrelation (SA) describes the similarity of nearby observations

34



considering simultaneously both locational and attribute information. SA is used to
measure spatial dependency or spatial association between attribute values at a certain
location, by evaluating the geographic pattern of features and determine whether they
are clustered, dispersed, or random according to their associated attribute (Longley et
al., 2003, Curtis, 2005).

Tobler’s first law of geography encapsulates the above situation that everything is
related to everything else, but nearby things are more likely to be related than distant
things (Tobler, 1970). This could be further clarified by referring to spatial
autocorrelation means the attribute values (say, morbidity) of proximal regions (say,
metropolitan areas) are expected to be more clustered or more likely to have similar

values than distant ones.

In the case, where the differences between neighboring regions are smaller than the
differences between non-neighboring regions, then there is a positive spatial
autocorrelation. On the other hand, a negative spatial autocorrelation proposes that
dissimilar values are appearing as neighboring (or connected) regions, it could be high
attribute values are closer to low attribute values, or low attributes values are closer to
high attribute values (Chung et al, 2004). If the attribute values are randomly
distributed across the study area that means that spatial autocorrelation does not exist.
The concept of spatial randomness implies that values observed at a particular location
do not depend on values observed at adjacent locations, in other words, the observed
spatial pattern of values is equally likely to be similar as any other spatial pattern.
Autocorrelation tests use point, line, or area features that have attribute values attached

to them.

One important distinction in these autocorrelation tests is to determine whether they
measure global or local autocorrelation (Jerrett et al, 2003). Global autocorrelation
analysis assesses the study of the entire map pattern and particularly asks the question
if the observed pattern displays clustering or not. On the contrary, local autocorrelation
shifts the effort to explore within the global pattern to identify whether clusters or hot
spots, if any, that could be either driving the overall clustering pattern or that reflect

heterogeneities that depart from the global pattern (Mathur, 2015).
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Global statistics normally answer the question: Is there statistically significant spatial
clustering or dispersion? (yes/No)? Local statistics, on the other side, answer the
question: where is the spatial clustering in the study area, or where spatial outliers are

located (map)?

3.6.1 Global Autocorrelation (Moran’s I)

Global spatial autocorrelation measures the overall clustering of the data in the study
area. Global indices of spatial autocorrelation have been utilized in different studies to
assess the degree to which similar objects tend to occur near each other
(Rogerson,1999; Jackson and Waller, 2005). Global spatial autocorrelation methods
use a spatial autocorrelation coefficient to analyze how clustered/dispersed
observations are in space with respect to their attribute values (Waller and Gotway,
2004; Jackson and Waller, 2005; Lee and Wong, 2001). Global measures recapitulate
the spatial association with respect to the entire region being analyzed. The
applications of global indexes of spatial correlation in the evaluation of disease
patterns always result in tests of clustering instead of tests to identify individual

clusters.

Different geographic places hardly have similar characteristics throughout, making it
crucial to take into account the characteristics of points in addition to their locations.
In fact, it is not only that the locations of the diseases matter; but the situations of these
locations or activities happening in that location are also of great importance (Lee &
Wong, 2001).

Global autocorrelation tests measure the tendency, of the data across the study area,
for higher values to cluster or associate more closely in space with other higher values
than would be expected if the data in question were randomly distributed in the study
area. (The same would hold for lower values clustering with other lower values)
(Jerrett et al, 2003). In global tests for autocorrelation, it is expected that the
relationship between neighboring or otherwise connected regions will remain the same
everywhere in the study area (referred to as “stationary” or “structural stability’’). For
instance, the spatial autocorrelation between morbidity rates in metropolitan areas of
Turkey would be the same at every other area in the country, implying that the
relationship between the places was completely a function of the distance between

these areas and not relative location.
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A global measure of spatial autocorrelation is the most commonly used Moran’s 1
Ratio. It measures the tendency of events to cluster or the extent to which points close
together have similar values on average than those farther apart based on incident
locations and their attribute values (e.g. disease cases) (Mitchel, 2005; Requia and
Roig, 2015).

The Moran’s I index of spatial autocorrelation deals with interval or ratio attribute data
(Lee & Wong, 2001). Moran’s I is used to assess the association among connected
areas to identify patterns and measure the level of spatial clustering in these
neighboring or otherwise connected districts (Boots and Getis, 1988). The formulation

of the Global Moran’s I are presented in equation 3.4 and equation 3.5, respectively:

I_EZL'Z]'WU (x; —x)(x; — x) (3.4)
S 2i(x; — x)?

where;
n: the number of provinces (81 in the study),

wij: the element in the spatial weight matrix corresponding to the observation pair i
and j,
xi and xj: observations for areas i and |,

X : is the mean of xi

S, the aggregate of all the spatial weights, as represented by equation 3.5.

So = ZiZjWij oo

Moran’s | focuses on each observation as a difference from the mean of all
observations. Values for Moran’s I theoretically range from 1 to —1. When neighboring
regions tend to have similar values (i.e., the pattern is clustered), | will be positive
(positive spatial autocorrelation). If neighboring regions tend to have different values
(i.e., the pattern is regular), I will be negative (negative spatial autocorrelation) (Waller
& Gotway, 2004). When there is no correlation between neighboring values, the

expected value of I is as shown in equation 3.6.
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1 (3.6)
E(D)=———
D =-§y—71
Approaching zero as N increases. There are limitations to the use of Moran’s | . The
most substantial limitation when dealing with medical phenomena is that both
measures are global in nature. Thus, the calculation of spatial autocorrelation is done

for the entire study area.

For example, the values of the indices might indicate strong spatial autocorrelation but
we are not provided with information as to where this cluster of similarity is. Such
information is typically vital when dealing with health and risk (Gatrell, 2010).
Measures dealing with localized measures of spatial autocorrelation are more

appropriate for such investigation.

In the study, global Moran's | index was used to investigate the global pattern of
Hepatitis A and A Dysentery in the Turkish population considering the locations of
the cases and the annualized HAV and AD morbidity rate at each of these provinces.
The method wused a spatial autocorrelation coefficient to outline how
clustered/dispersed/random the diseases are in the provinces with respect to their HAV
and AD morbidity rates. The study used a conventional 0.05 significance threshold.
Our decision of whether to fail to reject or reject the null hypothesis was determined
by using a two-tailed test with the critical values of -1.96 and 1.96 for the .05 level.
The null hypothesis is rejected, if the observed test statistic (z-value) is either greater
than 1.96 or less than -1.96 (Rosenthal et al, 2011).

3.6.2 Local autocorrelation

In the case of positive global SA, we would expect similarly high values close to each
other somewhere in the study area but a global index can suggest clustering but cannot
reveal where those hot spots are located (Lee and Wong, 2001). In health research,
global relationships are often of less interest than local relationships or clusters that
may display nonstationarity. Therefore, local relationships and clusters are in the
interest of health research. These issues made (Getis and Ord, 1992, Anselin (1995)
and Ord and Getis, 1996) to take into account the local forms of the global indexes,

termed local indicators of spatial association (LISAS).
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In local autocorrelation, an arrangement whereby a low value is surrounded by high
values and a high value surrounded by low values is referred to as a spatial outlier. It
is encouraged that such outliers are explored further. They could be a data input error,
or it could be a region that is unique from the rest of its neighbors (Waller and Gotway,
2004; Curtis and Leitner, 2006).

Anselin (1996) has formally defined the local indicator of spatial association (LISA)
as any statistic that satisfies the following two requirements: 1. the LISA for each
observation gives an indication of the extent of significant spatial clustering of similar
values around that observation; 2. the sum of LISAs for all observations is proportional
to a global indicator of spatial association. This connection defines LISAs as
components of a global index and provides a means for partitioning a test of clustering
(the global index) into a set of tests to detect clusters “hot spots” of high values or
“cold spots” of low values. The general LISA can be used as the base for testing a null
hypothesis of no local spatial association. For each location, LISA values allow for the
measuring of its similarity with its neighbors and also test the significance of the value
(Mathur, 2015). The most commonly used is local Moran’s I and local Getis-Ord Gi*
statistic (Anselin, 1995; Getis and Ord, 1996). Therefore, the local statistics can
convey the nature of spatial dependency (e.g cluster of high values, cluster of low
values, and high or low spatial outlier) in a given location, while also giving a global
test (Jacquez, 2008).

3.6.2.1 Cluster Detection (Moran’s I)

The most widely used family of LISAs is the local version of Moran’s I. It detects
local spatial autocorrelation in aggregated data by decomposing Moran®s I statistic

into contributions for each area within a study region.

The formulation of local Moran’s | is presented in Equation 3.7. The notations in
Equation 3.9 are as described for equation 3.4, but the corresponding values are from
the local neighboring region. This local indicator identifies clusters of either similar or

dissimilar infection morbidity values around a given locality (Pfeiffer et al, 2008).

_X ) 3.7
I =¥Zwij(xj_x) G0
2i(x =X

where;
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n: the number of provinces (81 in the study),

wij: the element in the spatial weight matrix corresponding to the observation pair i
and j,

xi and xj: observations for areas i and j,

X : is the mean of xi

3.6.2.2 Hotspot Detection (local Getis-Ord Gi*(d))

Unlike local Moran’s | statistic, which measures the correlation between attribute
values in adjacent areas, the Gi(d) local statistic (Getis and Ord 1992; Getis and Ord,
1996) is an indicator of local clustering that measures how concentrated the spatially
distributed attribute variable are. The statistic was very useful in the identification of
hot spots areas in spatial data. The local Getis-Ord Gi*(d) equation is presented in
equation 3.8 and 3.9 (Getis et al, 1992).

2jwij (d)xj —wix

X
,forallj
s|(nsy —wf)
(n—1)

1 1 ] (3.9)
x:EZ jsljzz:wizj, 52=;Zx]-2—x2

(3.8)

Gi(d) =

where;

x: a measure of the prevalence rate of Hepatitis A for each age-group within a given

polygon (in this case each administrative province),

wij: a spatial weight that defines neighboring administrative province j to i, i cannot
be equal to j, n: total number of features (in this case provinces); and indicates that
province | and j cannot be the same polygon,

wi: sum of the weights wij.

The polygons are categorized in seven types which are marked with different colors

according to z value range in the legend.
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In this study, two local measures of spatial association, local Moran’s I and
local G i *(d) were employed for determining locations of Hepatitis A and A Dysentery

clusters and hotspots at the local level.

The LISA (local Moran’s I) was used to detect core clusters and outliers of provinces
with extreme Hepatitis A and A Dysentery morbidity rate values that are not in any
way associated with random variation, and subsequently to classify them into hotspots
(high values neighboring other high values, HH), coldspots (low values next to other
low values, LL) and spatial outliers (high values amongst low values (HL), or low
values amongst high values (LH)) (Zulu et al., 2014). In either situation, the probability
of obtaining our observed results, if the null hypothesis is true, the (p-value) for the
location measured has to be smaller for the cluster or outlier to be considered as
statistically significant. LISA enables differences to be made among provinces
considering whether the pattern is statistically significant (0.05 level) which lead to
rejection of the null hypothesis and indicates the existence of clusters. In this research
study, local Moran’s I analysis used 999 permutations to determine the dissimilarities

among the spatial provinces.

Subsequent to Moran’s I, the local Getis-Ord G;i*(d) was applied to provide
supplementary information in indicating hotspots, high risk and cold spots of Hepatitis
A morbidity rate with statistical significance across localities by determining the
spatial dependence and relative magnitude between a specific province and
neighboring provinces (Getis et al., 2003). The local Getis-Ord G; *(d) statistic returns
a z-score for each feature in the dataset. Developing the spatial weights wi; is the first
step to calculating local G;i*(d) and Moran’s I statistics. Employing this measure
results in a statistic whereby features not falling inside the determined threshold
distance are not included in the hotspot analysis and this describes how similar spatial
provinces are to one another based on distance. The neighboring provinces were
allocated more weight. Values of high next to other high values shows a strongly
positive spatial autocorrelation, whereas values of low next to low values indicates
strongly negative spatial autocorrelation. In this context, all values in between, range

from moderately positive to moderately negative (Getis and Ord, 1996).
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3.6.3 Spatial weights and neighborhoods

Defining spatial association in order to determine the relevant neighborhood of the
given location, that is the weights matrix, is an important aspect, as it is used to
describe the spatial relationships of the districts, whereby those that are close in space
are assigned greater weight in the computation than those that are distant (Moran,
1950). The weight matrix is fundamental to all autocorrelation statistics, especially
when using areal data. A weighting system, therefore, has to be carefully considered
in clustering analysis. Neighbors can be determined based on either adjacency (also

known as contiguity) or distance (Pfeiffer et al, 2008).

Binary contiguity can be defined in different ways. In the case of the rook contiguity
only shared boundaries are taken into account, if they share a common boundary, a
one is entered into the matrix and if they do not share a common boundary, a zero is
entered instead. The queen contiguity is an extension of the rook case and identifies
neighbors by mutual boundaries and mutual nodes (corners).When using distance to
define neighbors; polygons with their centroids situated within a stated distance range
are regarded as neighbors. In terms of inverse distance, the relationship between the
spatial components is defined by inverse distance weights (for e.g. 1/distance).
Generally, distance-based matrices are more realistic and a better way to capture the

spatial pattern in the data than contiguity-based matrices (Curtis & Leitner, 2006).

Since the spatial weights reflect the strength of the geographic relationship between
observations in a neighborhood, then if it is assumed that a spatial relationship declines
in strength as distance increases from any given site, then the W matrix will show that
nearby areas are weighted more highly than sites that are far from one another. In the
case of the epidemic of a disease and its transmissions such as Hepatitis A and A
Dysentery would require the elements within the W matrix to reflect these effects. The
weights are usually row-standardized to ensure that the row member for each
observation sum to 1, with ones for contiguous neighbors and zero for all others,
whether the data are raster or vector (Fischer & Getis, 2009). The formula for each

weight is presented in equation 3.10.

Clj (3 10)
27=1 Clj

Wij =

42



With
Cij ES 1
When i is linked to j, otherwise

ij —

3.7 Results and Analysis

3.7.1 Boxplots

The Visual Data mining processes results were represented with parallel boxplots to
display variation in Hepatitis A and A Dysentery and for providing deeper insights
into the distribution of these infections in the stated years. Figure 3.3 shows the annual
Hepatitis A morbidity rate in each year (2000-2009) per 100 000 people. The
observations are located at the low end of the box and the mean is greater than the
median, yielding that the boxplots of every year showed a positively skewed
distribution of annual Hepatitis A morbidity rate. The rate of distribution in the year
2009, 2010 and 2011 seems to have smaller variability than the other years. Although
there seem to be a decline in the Hepatitis A morbidity rate in 2003 and 2004 in
comparison to the earlier years, the Hepatitis A morbidity rate seemed to rise again
from 2005. The boxplots clearly reveal that the largest distributions and the highest
medians were found in the year 2001, 2002, 2005, 2006 and 2007, implying that people
were more infected with Hepatitis A in these years. The results reveal some differences
in the Hepatitis A annual morbidity rate, a significant decline can be noticed in the
recent years (2009, 2010 and 2011), respectively, in comparison to the previous years.

In this study, we made use of the parallel boxplots to also identify abnormal values in
the Hepatitis A morbidity rate. Figure 3.3 visibly illustrate a clear presence of mild
outliers and extreme outliers in the HAV morbidity rate in each year. The outliers are
represented by national id numbers, provinces such as Gaziantep (ID 27), Kilis (ID
79), Kutahya (ID 43) and Mardin (ID 47) constantly appeared as extreme outliers
showing a high Hepatitis A morbidity rate in most years in comparison with other

provinces.
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Figure 3.3: Parallel boxplots of annual HAV of 81 provinces of Turkey.

Figure 3.4 shows the parallel boxplots for Amoebic Dysentery (AD) in each year
(2000-2009). The boxplots of every year show a positive skewed distribution of annual
AD morbidity rate. The rate of distribution in 2008 and 2009 appear to be less variable
than the other years, indicating that there is a significant decline in the rate of A
Dysentery infection in the recent years (2008 and 2009) respectively, in comparison
to the earlier years. AD morbidity rate was identified to be the highest in the year 2001,
2002, 2004, 2006 and 2007 as they have the largest distributions and highest medians.
The A Dysentery annual morbidity rate has a large number of extreme and mild
outliers in comparison with Hepatitis A morbidity rate. The parallel boxplots for A
Dysentery morbidity rate showed extreme outliers as Gaziantep (27), Kilis (ID 79),
Diyarbakir (ID 21) and Siirt (ID 56) in most years, among many others during the
study period.
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Figure 3.4: Parallel boxplots of annual AD of 81 provinces of Turkey.

Boxplots comparison of Hepatitis A infection between children under the age of

15 and people above the age of 15 years.

The annual parallel boxplots were created to measure the abundance of HAV infection
between the Turkish children younger than 15 years and people above the age of 15
years. The comparison was done because it is generally noted that most Hepatitis A
infections appear to be particularly common in infants and young children who

generally remain asymptomatic (Quarto and Chironna, 2004).

Figure 3.5, 3.6 and 3.7 depict the parallel boxplots of HAV morbidity rates in each
year (2001-2011) for children under the age of 15 and people above the age of 15 per
10 000 people. Both boxplots (in Figure 3.5 and 3.6) in all the years were positively
skewed. In both categories, the highest infections of HAV morbidity rates are
prominent in the years 2001, 2002, 2005, 2006 and 2007. Similarly, the rate of
distribution in 2009, 2010 and 2011 appear to have the smallest variability than the
rest of the years. This shows that a notable decline is experienced in the annual
morbidity rate of recent years in comparison with the preceding years. Kilis (ID 79),
Gaziantep (ID 27), Kutahya (ID 43), Batman (ID 72) and Sirnak (ID 73) frequently
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showed a high morbidity rate of HAV, and thus they are classified as extreme outliers

among others.

By Comparing the parallel boxplots of the two categories, it can be clearly seen that
the Turkish children under 15 years are by far infected with Hepatitis A than the rest

of the population as it is revealed in Figure 3.7.
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Figure 3.5: Parallel boxplots of annual HAV of children under the age of 15 years.
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Figure 3.6: Parallel boxplots of annual HAV of people above the age of 15 years.
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Figure 3.7: Parallel boxplots of annual HAV of children under and people above the
age of 15 years.

Upon realizing that the children were more infected with Hepatitis A, they were further
analyzed using parallel boxplots to depict the distribution of HAV in three age group
(0-4, 5-9 and 10-14). Figure 3.8 shows the results of HAV morbidity rates for children
under the age of 15 per 10 000 people in the years of 2001 through 2011. The boxplots
of every year also showed a positive skewed distribution of annual Hepatitis A
morbidity rate. According to the boxplots in figure 3.5, the boxplots exposed that the
infection of HAV in Turkish children has decreased in recent years (2009-2011) than
the other years. The largest distributions and medians can be found in 2001, 2002,
2005, 2006 and 2007, indicating that the children were more infected with Hepatitis A
than the other years. Concerning the distribution of HAV in each age-group, the annual
boxplots show that age-group 5-9 had the highest HAV infection in all the years,
followed by children between 10 and 14 years. On the other hand, children under 5
years had the lowest infection, however that can be expected because generally, the
HAYV infections remain asymptomatics in infants. The extreme outliers can be seen in
the same provinces such as Gaziantep (ID 27), Kiris (ID 79), Kutahya (ID 43) and
Mardin (ID 47) with high Hepatitis A morbidity rate in most years.
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Figure 3.8: Parallel boxplots of annual HAV of all children in age group (0-4, 5-9
10-14) in Turkey.

3.7.2 Time series maps

Time series maps indicating the temporal changes in geographic distribution of
Hepatitis A and A Dysentery morbidity rates in Turkish provinces were produced.
The Hepatitis A and A Dysentery affected villages were classified and evaluated based
on the determined threshold values, endemic (displayed in light pink), Hyper-endemic
(shown in light orange) and epidemics (displayed in dark red) according to the

occurrence of Hepatitis A or A Dysentery.

Figure 3.9 shows the results of the timely geographical distribution of Hepatitis A
morbidity rate. The maps illustrated a decreasing trend in morbidity rates of Hepatitis
A at epidemic level from 2001 to 201. However, it should be noted that the number of
epidemic provinces was more pronounced in 2001, 2002, 2005, 2006 and 2007 for
Hepatitis A cases as presented in Figure 3.9. This is also confirmed by the visual
analysis of boxplots in Figure 3.3. Thematic maps were evaluated for the interpretation
of the provinces with high and/or low risks according to the occurrence of both
diseases. Provinces such as Gaziantep, Kilis, Hakkari, Manisa, Samsun and Sinop were
repeatedly epidemic in most years, therefore they were assigned to high-risk provinces,

whereas provinces such as Istanbul, Bilecik, Eskisehir, Artvin, Giresun were mostly
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showing endemic tendency throughout the years and thus were considered low-risk
areas. Most provinces that exhibited epidemic characteristics in earlier years became
endemic, however, the Meri¢-Ergene (e.g Edirne and Kirklareli), Firat-Dicle (e.g
Bayburt, Batman, Mardin, Sirnak and Kilis) and Asi (e.g Hatay) River Basins
provinces were still epidemic in the years 2010 and 2011.

HAV Morbidity rate
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Figure 3.9: Time series maps of HAV morbidity rate in Turkey, from 2000 to 2011.

According to Figure 3.10, the time series maps for A Dysentery morbidity rate also
shows a downward tendency at epidemic level from 2001 to 2009. The number of
epidemic provinces decreases significantly after the year 2007 as seen in Figure 3.10
and this is can also be verified by the boxplots of A Dysentery morbidity rate as
illustrated in Figure 3.4. The Mediterranean, southeast Anatolia, Central Anatolia and
Aegean Regions were highly epidemic in 2000 to 2007, but there was a drastic

improvement in these regions, most provinces that were high risks became endemic
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(low risks provinces) in recent years 2008 and 2009. Provinces such as Istanbul,
Kirklareli, Tekirdag, Agri, Rize Aydin were classified as low risk, while provinces
such as Antalya, Mugla, Kastamonu, Ardahan, Sirnak, Kutahya, Malatya and Elazig
were regarded as high-risk areas in terms of AD morbidity rate. Particularly,

Kastamonu province recorded epidemic tendency since 2000 until 20009.
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Figure 3.10: Time series maps of AD morbidity rate in Turkey, from 2000 to 2009.

Time series maps were also produced for all children below the age of 15 to evaluate
the temporal geographical distribution of the HAV morbidity rate in children as given
in Figure 3.11. The results depicted that most provinces revealed endemic
characteristics during the course of the years, though some other provinces such as
Kilis (ID 79), Gaziantep (ID 27), Edirne (ID 22) reflected high HAV morbidity rates.
A decreasing trend of the morbidity rates at epidemic levels can be deduced from 2001
to 2011. Conversely, provinces with epidemic HAV characteristics were evident in the
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years 2001, 2002, 2005, 2006 and 2007 as also shown by the box plots (see Figure
3.5).
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Figure 3.11: Time series maps of HAV morbidity rate for the children under the age
of 15 years for 2001-2011.

3.7.3 Global autocorrelation Moran’s 1

The extent to which neighboring values of Hepatitis A and A Dysentery morbidity
rates are correlated was measured using Moran’s Index. The global Moran’s I index
evaluated whether the pattern expressed is clustered, dispersed, or random. As it can
be seen in Table 3.1 and 3.2 Moran’s I index were positive values in some years.

Moran’s I index was evaluated at the significance level of 0.05.

Table 3.1 shows the global spatial autocorrelation analysis of Hepatitis A morbidity
rate in Turkish provinces for the year 2000 to 2011. The results reveal that at the
province level, the spatial distribution of HAV morbidity rate was clustered in 2005,
2006 and 2007. The Moran’s I value was 0.002 and had a z-score of 2.0 in 2005, in
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2006 the Moran’s I value was 0.02 with a z-score of 4.10 and finally in 2007 the
Moran’s I value was 0.009 and possessed a z-score of 2.9, respectively, implying that
the distribution of the HAV affected provinces was somewhat spatially autocorrelated
(low clustered) though the overall tendencies were not so strong. The z-score for 2005,
2006 and 2007 are greater than 1.96 and these values reject the null hypothesis of no
spatial autocorrelation and accept the inverse perfect correlation. Conversely, for the
year 2000, 2001, 2002, 2003, 2004, 2008, 2009, 2010 and 2011 the Moran’s I index
was expressed with negative values which indicated the negative spatial
autocorrelation of the HAV phenomena investigated. The z-values of these years
indicates statistical insignificance and thus these values suggested a tendency towards

dispersion in HAV morbidity rate.

Table 3.1: Global (Moran’s I) index of spatial association for Hepatitis A.

Year Moran’s [ Z-score Pattern

2000 -0.02 -1.2 dispersed
2001 -0.02 -1.8 dispersed
2002 -0.001 1.2 dispersed
2003 0.001 1.8 dispersed
2004 -0.01 -0.8 dispersed
2005 0.002* 2.0 clustered
2006 0.02* 4.10 clustered
2007 0.009* 2.9 clustered
2008 -0.01 -0.3 dispersed
2009 -0.03 -4.1 dispersed
2010 -0.02 -1.5 dispersed
2011 -0.03 -2.7 dispersed

Note *: The corresponding significance level (p-value) is < 0.05.

Table 3.2 present the global spatial autocorrelation analysis of A Dysentery morbidity
rate of provinces of Turkey of the year 2000 to 2009. Moran’s I statistic was 0.01 with
a z —score of 2.6 and 2.4 for the year 2006 and 2007, respectively. These values were
statistically significant at (significance < 0.05). The results show a positive spatial
autocorrelation for these years and it indicated a geographical pattern in which the
provinces of similar values tend to cluster. However, for the year 2000, 2001, 2002,
2003, 2004, 2005, 2008 and 2009 the Moran’s I values were negatives, the null
hypothesis was accepted, thus the overall spatial distribution of AD occurrence was

not spatially auto-correlated.
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Table 3.2: Global (Moran’s I) index of spatial association for A Dysentery.

Year Moran’s [ Z-score pattern

2000 -0.01 -0.6 dispersed
2001 -0.01 0.03 dispersed
2002 -0.02 -1.4 dispersed
2003 -0.02 -0.9 dispersed
2004 -0.02 -1.3 dispersed
2005 -0.02 -2.6 dispersed
2006 0.01* 2.6 clustered
2007 0.01* 2.4 clustered
2008 -0.01 0.1 dispersed
2009 -0.01 0.04 dispersed

Note *: The corresponding significance level (p-value) is < 0.05.

The results of the global Moran’s [ statistic calculation for Hepatitis A morbidity rate
in Turkish Children under the age of 15 for the year 2001-2011 are summarized in
Table 3.3 below. It was found that the values of Moran’s indices were positive (0.05
significance level) in 2002, 2003, 2006 and 2007 with Moran’s I value of 0.005, 0.01
and 0.009, respectively, indicating clustered characteristic of the HAV morbidity rate
in these years during the study period. The rest of the years (2001, 2004,2005, 2008-
2011) exhibit a negative spatial autocorrelation for HAV morbidity rate in Turkish
children. This indicated a map pattern in which the geographic units (which are
provinces in our research) of similar values scattered throughout the map. This stated
that feature values of these years were randomly distributed across the study area.

Table 3.3: Global (Moran’s I) index of spatial association for Hepatitis A for
children under the age of 15 years.

Year Moran’s | z-score pattern

2001 -0.01 -0.5 dispersed
2002 0.005* 2.07 clustered
2003 0.01* 3.05 clustered
2004 -0.01 0.01 dispersed
2005 -0.0004 1.22 dispersed
2006 0.009* 2.7 clustered
2007 0.009* 2.6 clustered
2008 -0.01 0.2 dispersed
2009 -0.04 -5.3 dispersed
2010 -0.04 -3.7 dispersed
2011 -0.04 -4.20 dispersed

Note *: The corresponding significance level (p-value) is < 0.05.

On the other hand, Table 3.4 a, b and ¢ shows the global Moran’s I of annualized

morbidity rate of HAV in Turkish children categorized in three age-group (0-4, 5-9
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and 10-14) for 2001, 2006 and 2011. Even though the study was carried out from 2001
to 2011, the study only presented the results for 2001, 2006 and 2011. These years
were selected in such a way that 2001 will give the general overview of how the
infections were at the beginning of the analysis, 2006 was chosen as it had the highest
median and 2011 can outline how the HAV is in the recent years.The Moran’s |
statistic unveil that the index had statistically significant values in some years. In 2001,
the HAV spatial pattern for the age-group of 10-14 (0.006) was spatially auto-
correlated, but all other age-groups showed that the patterns were dispersed. The HAV
morbidity rate in 2006 for children under the age of 10 were statistically significant
(significance level < 0.05) implying that the distribution of the affected provinces with
HAV was clustered in space with the Moran | values of 0.03 and 0.02. However, for
children above 10 years old in 2006 and for all age-groups in 2011, Moran | values
were all showing negative values, depicting the negative spatial autocorrelation of the
HAYV occurrences being investigated.

Table 3.4(a): Global (Moran’s I) index of spatial association for HAV in the age-

group 0-4.
Year Moran’s | Z-score pattern
2001 -0.03 -2.20 dispersed
2006 0.03* 511 clustered
2011 -0.02 -1.41 dispersed

Table 3.4(b): Global (Moran’s I) index of spatial association for HAV in the age

group 5-9.
Year Moran’s | z-score pattern
2001 -0.01 -0.31 dispersed
2006 0.02* 4.31 clustered
2011 -0.05 -4.39 dispersed
Table 3.4(c): Global (Moran’s I) index of spatial association for HAV in the age
group 10-14.
Year Moran’s | Z-score pattern
2001 0.006* 1.98 clustered
2006 -0.01 -0.25 dispersed
2011 -0.05 -4.79 dispersed

Note *: The corresponding significance level (p-value) is < 0.05.
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3.7.4 Local cluster analysis (local Moran’s I)

The localities with clusters of Hepatitis A and A Dysentery cases abundance were
identified by using local Moran’s I statistics. The study focused on univariate spatial
distribution and the significant clusters or spatial outliers in the HAV or AD morbidity
data. Figure 3.12 (a) displays the Moran scatterplot for the year 2006 showing the
standardized values of HAV in each province to correlate the observed values and the
spatial lag of HAV (formed by averaging all the values of neighboring provinces) and
to detect outliers. The slope of the scatter plot corresponds to the value for Moran’s 1.
The Moran scatterplot showed that most of the event points were located in the lower
left (low-low) and upper-left (low-high) quadrants confirming the existence of both
positive and negative spatial autocorrelations among the province based HAV

morbidity rates, particularly for 2006.

The corresponding sample LISA cluster map shown in Figure 3.12 (b) provide
essentially the same information as the four quadrants in the Moran’s scatterplot but
with the significant locations color coded by type of association. The LISA cluster map
of HAV morbidity rate in 2006 is showing the locations with significant higher clusters
(high surrounded by high), low clusters (low surrounded by low) and spatial outliers
(respectively, high surrounded by low, and low surrounded by high). There were some
outstanding clusters in some provinces in the Eastern Anatolia side of Turkey exhibited
high clusters of high surrounded by high, while low clusters were found in the western
and central region of Turkey; however central Turkey seem to have a mixture of the
low and high cluster as well as spatial outliers. These clusters and outliers were

statistically significant with a (p-value < 0.05).

8.
°

400

200

Low-High High-High

000

<200

Low-Low High-Low

-4.00

Spatial averaage of standardized value of HAV

500

6.00 -4.00 -2.00 0.00 200 400 6.00

a) Standardized valie of HAV b)

Figure 3.12: Moran scatterplot and LISA cluster map of HAV morbidity rate for p
<0.05.
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Local spatial statistics look for specific areas in an image that have clusters of similar
or dissimilar values. The local Moran’s index identified which provinces are clustered
in terms of HAV and AD. Figure 3.13 shows the map of local Moran’s I for Hepatitis
A morbidity rate during 2000-2011. The results reveal that there were significant
spatial clusters of HAV morbidity rate covering specific areas in each year. In 2000,
2001, 2002, 2003 and 2004 the clustered provinces with high morbidity rate were
mostly concentrated in the western part of Turkey, particularly in the Aegean Region
and a few provinces at the intersection of Marmara and Black Sea Region with high-
high clusters. At the same time, these provinces with high HAV incidences such as
Manisa (ID 45), Afyon (ID 3), Duzce (ID 81 ), Denizli (ID 20) and Isparta (ID 32)
were surrounded by low-high provinces such as Eskisehir (ID 26), Ankara (ID 6) ,
Istanbul (ID 34) , Konya (ID 42) etc. indicating that these provinces had much higher
HAV density than those in the neighbourhood. However, it should be noted that in the
central of Turkey, there were significant low-low clusters of HAV morbidity rate
surrounded by high-low outliers. Around these years, in the Eastern and South Eastern

Anatolia Regions, there was no significant spatial pattern of HAV morbidity rate.

Interestingly, in 2005, the high-high clusters of HAV spread to the middle of Turkey
to provinces that exhibited high-low and low-low type of relationships such as Nigde
(ID 51), Yozgat (ID 66), Samsung (ID 55) and Tokat (ID 60). However, around the
year 2006, the maps shows a clear spatial pattern of HAV further spreading to the
provinces in the Eastern and South-Eastern Anatolia. The western part of Turkey was
mostly exhibiting a low-low type of relationship indicating that the provinces had a
low morbidity rate of HAV and surrounded by provinces with a similar low morbidity

rate of HAV which implied clustering.

Provinces such as Kars (ID 36) and Kutahya (ID 43) has constantly shown the highest
density of clustering (high-high clusters) in most recent years. While, in 2009 the
densest clustering of HAV was in Sirnak (ID 73) Mus (ID 49), Bitlis (ID 13), and
Afyon (ID 3) surrounded by provinces with the low-high type of relationship implying
that many provinces had a low HAV morbidity rate than their counterparts. In 2011
most high HAV clusters are found in the Eastern and South Eastern Anatolia Region.
From 2008-2011, southern provinces e.g Hatay (ID 31), Gaziantep (ID 27) , Osmaniye
(1D 80) and Adana (ID 1) and some provinces in Marmara Region such as Edirne (ID

22), Tekirdag (ID 59) and Kirklareli (ID 39) provinces require a closer examination as
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they show high-low relationship with its neighbours, depicting that these provinces
have much higher HAV density than the surrounding neighbouring provinces.

Figure 3.13: Clusters of Hepatitis A for 2000-2011.

The clusters of A Dysentery were found and illustrated in LISA cluster map in Figure
3.14. The spatial pattern of A Dysentery shows uniformity in most years. These maps
shows that a in 2000 to 2009, the high-high positive spatial association (clusters)
within the morbidity rate of A Dysentery were distributed across the region of Black
Sea: Kastamonu (ID 37), Karabuk (ID 78), Central Anatolia: Kutahya (43), Ankara
(1D 6), Nigde (ID 51), Nevsehir (ID 50), Mediterranean Region: Antalya (ID 7), Mugla
(ID 48), Adana (ID 1) and in Eastern Anatolia Region: Ardahan (ID 75), Hakkari (1D
30), Artivin (ID 8). Provinces such as Kastamonu (ID 37) portrayed clusters of
hotspots through all the years, expect in 2009. Low-high outliers can be seen in most
location such as the western regions, Black Sea, Central and Eastern Anatolia Region
illustrating that most of these provinces had a low AD density but surrounded by
certain provinces with very high AD morbidity rate. It was also observed that the

spatial pattern mostly spread toward the western side of the country in recent years, as
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it can be seen in the maps of Figure 3.14, that around 2007-2009 the patterns in the
Eastern and South-Eastern Anatolia Region of our study area was classified as

insignificant.
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Figure 3.14: Clusters of A Dysentery for 2000-20009.

Figure 3.15 shows the clusters of HAV in children under the age of 15 during 2001 to
2011. We observe generally that cases of Hepatitis A affected most provinces in the
country but only that the magnitude varies and it shows that the disease is spreading
all over the study area. These maps show clear spatial patterns of Hepatitis A that were
concentrated in the west, north and middle of the country in 2001-2004. The densest
clustering of high-high clusters can be seen in the Aegean Region surrounded by
provinces with the low-high type of relationship such as Istanbul (ID 34) among others.
The middle of the country is covered in high-low outliers and clusters of low density.
Around 2005-2006, the high-high clusters started migrating from the western to the
eastern part of the country (Eastern Anatolia Region) in the provinces of Hakkari (ID
30), Kars (ID 36), Ardahan (ID 75) and Igdir (ID 76).
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The maps for 2007 shows that Kilis (ID 79) and a few provinces in the western part of
the country such as Yalova (ID 77), Kutahya (ID 43) and Kastamonu (ID 37) were still
having high-high clusters. From 2008 to 2011, the high-high clusters were observed in
some provinces in the western and also eastern part of the country; however, southern
provinces has a new focus of low-low clusters surrounded by high-low outliers,
meaning these provinces can be hotspots in the following years as they have high

morbidity rate than their surrounding provinces.

"~ 2010

Figure 3.15: Clusters of A Hepatitis A in children under the age of 15 years from
2001-2011.

The locations for outstanding spatial clusters of HAV morbidity rate for children under
the age of 15 for the three years (2001, 2006 and 2011) covering some areas are shown
in Figure 3.16. In 2001, the clustered Provinces with high morbidity rates showing that
the patterns of HAV were clustered in these areas were mostly concentrated in the
northern and western part of Turkey. In all of the children age-groups most of the high-
low outliers were found in the Black Sea Region (such as Sinop (ID 57), Samsun (ID
55), Ordu (ID 52) close to the low-low cluster like Sivas (ID 58) and Tokat (ID 60),

which means that these provinces had much higher HAV concentration than the
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neighboring provinces. Equally, the low-high outliers were closely found next to the
high-high spatial clusters across the study area. The HAV started spreading to the
provinces at the Eastern and Southern Anatolia around the year 2006. Moreover, the
densest clustering (high-high values) was noticed in Hakkari (ID 30), Kahramanmaras
(ID 46) and Sivas (ID 58) for the children under the age of 5 years, the similar trends
were detected in Kilis (ID 79), Kars (ID 36), Ardahan (ID 75), Hakkari (ID 30) and
Igdir (ID 76) for the children between the age of 5 and 15 years in 2006. Although the
clusters of HAV morbidity rates in 2011 steadily attenuated in all age-groups, the high-
high and high-low clusters can still be seen in some provinces in the western and south

eastern provinces of Turkey.
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Figure 3.16: Clusters of A Hepatitis A in children for 2001, 2006 and 2011.
3.7.5 Hotspot detection (local Getis-Ord Gi* (d)

Local Getis-Ord Gi *(d) was used for further analysis of the high risks areas to justify
the Anselin local Moran's I. It indicated hot spots locations giving out both high and
low values hot spots of cases at province level at certain confidence intervals. The
analysis results show that the larger the Z-score is, the more intense the clustering of
high values (hot spot); and the smaller the Z-score is, the more intense the clustering
of low values (cold spot). To be a statistically significant hot spot, a feature will have
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a high value and be surrounded by other features with high values as well. In the maps
(Figure 3.17, 3.18, 3.19 and 3.20), the red areas indicate statistically significant

hotspots, while, blue areas represent significant cold spot areas.

According to Figure 3.17, the Getis-Ord Gi *(d) statistic results for Hepatitis A
morbidity rate from 2001-2011 were in agreement with local Moran’s I statistic results.
The hotspots were mostly spread western part of Turkey around the year 2000-2003.
Most of the hotspots with a confidence level of 99% can be found in the Black Sea
Region and Central Anatolian Region for all the years, in provinces such as Samsun
(ID 55), Amasya (ID 5), Tokat (60), Yozgat (ID 66) and Kayseri (ID 38). In 2006, the
hotspot were intense and it showed that in this year most Turkish population had a
high infection of Hepatitis A. The 99% hotspots were more prominent within the
western part of Turkey, especially in the Aegean, Marmara and some part of Black Sea
Region; however, they also started spreading mostly to the Eastern Anatolia Region,
which was not the case in the previous years, this is also corresponding with the LISA
cluster maps discussed earlier. In 2008 and 2009, the HAV hotspots seems to be
concentrated in some provinces in the western, central and eastern side of Turkey, even
though it can be noticed that in 2009, the hotspot of HAV morbidity rate attenuated in
the western and eastern regions, with few less intense hotspots in comparison to 2008
and 2006. However, in the Central Anatolia Region, there can still be found high
intense hotspots of (99%).

In 2010, the western part of the country and Hakkari (ID 30) were covered in cold
spots suggesting that majority of provinces had low values of HAV morbidity rate;
however in 2011, there was an increase of HAV hotspots areas in the western and
eastern part of the country. But intense hotspots of 99% were still portrayed in the
Black Sea and Central Anatolia Region in 2010 and 2011, just like in all the other
years (see Figure 3.17).

The maps in Figure 3.18 show Getis-Ord Gi *(d) statistic results for A Dysentery cases
abundance in 2000 to 2009. These maps shows the densest clustering of hotspots (99%
confidence level) of A Dysentery cases that were mostly concentrated in some
provinces such as Samsun (ID 55), Amasya (ID 5), Tokat (ID 60), Yozgat (ID 66),
Nevsehir (ID 50)and Nigde (ID 51) and Kayseri (ID 38) situated in the Black Sea and
Central Anatolia Region during 2000 to 2005 and some less intense hotspots in the
Marmara and Eastern Anatolia Region in 2000, 2001 and 2005. In 2006 and 2007 the
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hotspots were mostly spreading to the western part of Turkey: Mugla (1D 48), Aydin
(ID9), Izmir (ID 35) , Istanbul (ID 34) and in the Eastern Anatolia Region: Hakkari
(ID 30), Ardahan (ID 75), Agri (ID 4) etc. In 2006 and 2007 the hotspots were mostly
spreading to the western part of Turkey: Mugla (ID 48), Aydin (ID 9) , Izmir (ID) ,
Istanbul (ID 34) and in the Eastern Anatolia Region: Hakkari (ID 30), Ardahan (ID
75), Agri (ID 4) etc. In recent years 2008 and 2009, the AD hotspots are portrayed in
the central of the study area, with some less intense hotspot in the western part of the

country.
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Figure 3.17: Hotspots of Hepatitis A for 2000-2011.
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Figure 3.18: Hotspots of A Dysentery for 2000-2009.

As shown in Figure 3.19, the hotspots of Hepatitis A in Turkish children under the age
of 15 were found and the results reveals that from 2001-2003 the hotspots of 99%
confidence level were mostly distributed in the middle and western part of the country,
and the eastern part showed less intense hotspots during the same years. In 2004-2005,
hotspots were observed in the middle of the country; however, the hotspots
significantly left the western part of the country but a less intense hotspot of 95%
confidence level hotspots was portrayed in Aegean Region in the year 2004. For the
year 2006, there was a slight increase in the HAV hotspots areas in western part of the
country and hotspots areas shifted towards the Eastern Anatolia direction but the
hotspots in the middle of the country were still persistent in this year. From 2007-2011,
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the intense hotspots can still be observed in the middle of the country for all the years
with a few less intense in the western part of the country in 2008-2010. However, in

2011, there are cold spots in the Marmara and Mediterranean Region.
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Figure 3.19: Hotspots of Hepatitis A in children under the age of 15 years for 2001-
2011.

Getis-Ord Gi*(d) statistic results for children in age bracket of 0-4, 5-9 and 10-15 as
illustrated in Figure 3.20 presented that the hotspots of HAV morbidity rate in children
were mostly aggregated in the central and western parts of Turkey for the age-group
of 5-9 and 10-14 in 2001, while age-group 0-4, there were a few stains of low-density
clustering. In 2006, the western part of Turkey were covered in cold spots and the
hotspots migrated to the Eastern and Southern Anatolia for the children under 10, with
Hakkari (ID 30) and the nearby provinces having the confidence levels of 99% and
95% for the two age-group (0-4 and 5-9), respectively. In 2011, hotspots of morbidity
rate drastically decreased, the hotspots in the Eastern Anatolia side also became less
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intense (90% confidence level) for children under the age of 10 years. No hotspot

clusters were detected in children between 10-14 years.
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Figure 3.20: Hotspots of Hepatitis A in children for 2001, 2006 and 2011.
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4. DISCUSSIONS

Due to the small number problem, visualization of raw risks from areas with low
population or a small number of cases can be misleading. Estimates of Hepatitis A and
A Dysentery incidence rates accounted for the variability in population distribution
among provinces of Turkey. In this study, the smoothed risks did not change the raw
pattern very much, except to make localized patterns more visually obvious for both
Hepatitis A and A Dysentery. Apostolopoulos and S6nmez (2007) stated that Bayesian
smoothing technique addresses the issue of heterogeneity in the population at risk by
adjusting the raw incidence rate, taking into account information in the rest of the
sample. Therefore it is a useful tool to use in explorative mapping of disease cases or

incidence rates.

The study used boxplots and time-series maps as a means of visual data mining of
HAV and AD morbidity rate. Visualizing HAV and AD data in this way was very
useful as it displayed variation in the data and helped gain further insight into the
distribution of the data. Boxplots hinted to us that there is a significant decline in
Hepatitis A infection from 2009 to 2011. The same decreasing trend can be noticed
also in the boxplots of A Dysentery annual morbidity rate in 2009. Boxplots were the
best way to explore our data and to identify outliers in the HAV and AD morbidity
rates. We were also able to identify which years had the highest infection considering
the median and distribution of the data in the boxplots. It was also observed that
Turkish children under the age of 15 years were most vulnerable to HAV, as they had
the highest infection in comparison to those above the age of 15 years.

With regards to time series maps, the visual interpretation of spatial patterns can be
strongly affected by the number and width of class intervals used to represent risk
values. To reduce this potential bias, classification tools were used to classify and
visualize the data geographically depending on the determined threshold values
endemic, hyper-endemic, and epidemic levels by regarding the temporal trend of the
disease in each province, as stated by (WHO, 1999). Time series maps unveil to us

the non-uniformity in the distribution of the HAV and AD cases in both space and time
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for the different years of study allowing for further statistical investigation. Time series
analysis outlined sensitive provinces with the high and low risk of epidemics in the
study area. In addition, time series maps showed a downward tendency in morbidity

rates of Hepatitis A and A Dysentery at epidemic level from 2000 to 2011.

The extent to which neighboring values are correlated was measured using global
Moran’s I index. There was a positive spatial autocorrelation for HAV morbidity rate
in the year 2005, 2006 and 2007 in the Turkish population as a whole, whereas, for
children under the age of 15 years, Moran’s | values were significant in the years 2002,
2003, 2006 and 2007; however, the patterns in the other years showed that the
distribution of HAV morbidity rate was stochastic at space and time and that no
clusters did exist. Consequently, the global Moran’s I demonstrated a clustering
pattern of AD morbidity rate in 2006 and 2007 but from 2000-2005 and 2008-2009,
the patterns of AD were dispersed.

The LISAs were used to identify the HAV and AD clusters and hotspots in Turkish
provinces. Since Hepatitis A and A Dysentery are waterborne communicable disease,
spatial patterns were examined considering the coverages of the river basins in Turkey.
The general results of the study were evaluated, and the patterns expose that from
2001-2003, the western regions were mostly affected by HAV, covering mostly the
Marmara, Susurluk and Gediz River Basins. In all the years, the HAV morbidity rate
were relatively high in the Black Sea Region and Central Anatolia Region, covering
the Kizilirmak, Yesilmak and Sevhan River Basins in Turkey. Provinces such as
Samsun (ID 55), Amasya (ID 5), Tokat (ID 60), Yozgat (ID 66) and Kayseri (ID 38)
were the hotspots of these regions. From 2006, 2008-2011 the HAV cases were mostly
spreading on the Eastern Anatolia side, with high HAV morbidity rate observed in the
Aras, Firat-Dicle and Van Golu River Basins, and on the western part of Turkey, the
hotspots were particularly in the Marmara, Menderes, Western Black Sea, Western
Mediterranean and Gediz River Basins.

The findings of the HAV infections in the whole Turkish population confirms that of
HAYV infections in children under the age of 15 years, it can be seen that from 2001-
2003 the intense hot spot locations for HAV in children were mostly located in the
western river basins and eastern part of the country were covered in less intense
hotspots. In general, the infections in the children also shows that the magnitude of the

HAV morbidity rates in children appeared to be higher in the Aegean, Black Sea, and

68



Central Anatolia Region, especially in Gediz, Western Black Sea and Kizilirmak River
Basins. The similar trends were found in the HAV infection of the whole population
which indicated that the hotspots and clusters of HAV were almost concentrated in
similar regions and river basins. Looking at the HAV results in details, we can see that
young Turkish children under the age of 15 years have the highest infection, primarily
because infections in this age group are usually asymptomatic and standards of hygiene
are generally lower among children than among adults. Also, if not treated they are

likely to be the agents of future epidemics.

In terms of AD clusters and hotspots patterns were still portrayed in the Black Sea and
Central Anatolia Region covering Kizilirmak, Yesilmak and Western Black Sea River
Basins, with provinces such as Samsun (ID 55), Amasya (ID 5), Tokat (ID 60), Yozgat
(ID 66), Nevsehir(ID 50) and Nigde (ID 51), Kayseri (ID 38) and Kastamonu (ID 37)
found to be hotspots in these regions in all the years. However, in 2006-2007 hotspots
started spreading to the western part of Turkey and Eastern Anatolia Region and
provinces with higher AD morbidity rate could be found in the Marmara, Menderes,
Western Black Sea, Western Mediterranean and Gediz River Basins, while on the
Eastern Anatolia side, high HAV morbidity rate were still observed in the Aras, Firat-
Dicle and Van Golu River Basins. It was observed that the LISAs generated
comparable results in detecting geographical areas of high-rate and low-rate clusters
or hotspots across the study area. However, some contradictions were also noted. The
local Getis-Ord Gi * statistic identified clusters in a more localized manner compared
to local Moran’s I statistic. The study noted that in most cases the high-low outliers in
the local Moran’s I generally becomes part of the hotspots in local Getis-Ord Gi *
statistic. But this is not unexpected as it shows that the provinces have high incidences
than the surrounding neighboring countries, which could be interpreted as having some
tendency towards clustering. This might be due to their different criteria in determining

the clusters.

The results are interesting because the two waterborne communicable diseases can be
found almost in the same river basins which show that these infected regions and
hotspots provinces can be considered as administrative units were intensive water
treatment facilities is recommended. This could be the results of uncontrolled quality
of water resources in those particular river basins, caused by the uncontrolled human-

induced activities leading to deterioration of the environmental performance indicators
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representing the case of environmental stressors, however, the quality of water in those
specific river basins was not explored in the present study. The serious and strict
measures began to be taken first with the enforcement of new law and regulations in
connection with the River Basin Protection Plans introduced in 2009. The protection
plans on the western part of the country were seen to completion in 2010, the rest were
finished nearly at the end of 2013. This indicated that the transmission of infectious
diseases is closely linked to the concepts of spatial and temporal proximity and hence
transmission is more likely to occur if the at-risk individuals are close in a spatial and a
temporal sense. The spatial distribution of Hepatitis A and A Dysentery is always
correlated with socio-demographic factors, with environment and sanitation playing a
huge role in the transmission. Therefore, clean water, food hygiene and environment
condition are essential in controlling Hepatitis A and A Dysentery virus. It would be
helpful to investigate the quality of water resources in the particular river basins

identified in this study.
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5. CONCLUSIONS AND RECOMMENDATION

5.1 Conclusions

This study utilized GIS in conjunction with geostatistics to explore the spatial patterns
of Amoebic Dysentery for the year 2000 to 2009 and Hepatitis A from 2000 to 2011
in the Turkish population. The study addressed all the specific questions and
objectives. Time series maps clearly represent the diffusion and temporal patterns of
HAYV and AD in Turkish provinces. The study showed that the spatial distribution was
clustered in certain years 2005, 2006 and 2007 for Hepatitis A, 2006 and 2007 for A
Dysentery and 2002, 2003, 2006 and 2007 for children under the age of 15 years. The
spatial trends of the clusters and hotspots in the provinces were also highlighted and
provinces with HAVand AD epidemics were identified and provinces with low level
of HAV or AD infections but threatened by the neighboring provinces with high
morbidity rate were highlighted. In considering the river basins, it could be seen that
the epidemics of the disease were mainly in certain geographic region of Turkey
covered by specific river basins. Water quality and quantity as the main stressors of
HAV and AD epidemics should be examined in terms of integrated river basin
management studies for providing an intensive treatment of contaminated water
cycling in a single river basin in particular on the basis of the sewage treatment before

discharge.

The study demonstrated that the use of GIS and geostatistics can take the study of
disease cases beyond the mere visualization and exploration of disease maps to the
modelling of disease case abundance for assessing whether observed patterns differ
significantly from the spatial randomness of patterns and identification of spatial and
spatio-temporal disease clusters and hotspots statistically. From a methodological
standpoint, the study can point out that the use of LISA techniques was very beneficial
in determining the locations of clusters, hotspots and outliers. These methods can be
very useful if used complimentary rather than individually. The spatial clusters and

hotspots detection techniques are more sophisticated in expansively recognizing risk
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patterns of Hepatitis A and A Dysentery epidemic, rather than relying on annual

cumulative incidence alone.

The findings, in terms of the presence of clusters and hotspots and how they are
spreading, can help the provincial health officers and decision makers to control and
predict the further HAV and AD spread over critical hotspot regions only rather than
for a whole country. This may save time and most importantly cost and make public
health department efforts more efficient. The results from the study can lay a
foundation to pursue future investigations into the environmental factors responsible
for the increased infections risk. The high morbidity rates of HAV and AD rates may
be considered as a warning for the environmental performance indicators under
deterioration. For example, it would be necessary to find out river basins with
insufficient sewer systems as this could impose that these basins suffer mostly from
the polluted well water with no water treatment facilities. On the positive side, the
downward trend in the occurrence of waterborne diseases in recent years could be
explained by the widespread application of best water treatment technologies within

the regions of Turkey.

5.2 Recommendations

The government should investigate river basins identified with high morbidity rate for
HAV and AD and contaminated basins could be analyzed based on provinces, an

intensive province based treatment facilities could be initiated in each river basin.

The study has shown different regions where clusters and hotspots of HAV and AD
are located across the countries. The decision makers and public health officers and
other health-related organizations should consider these results when planning HAV
and AD control measures. In particular, the HAV and AD infections Risk, clusters and
hotspots maps should be updated on a regular basis for more effective control of these

diseases.

Further studies can try to incorporate other technologies such as remote sensing in
conjunction with geostatistics to investigate if water quality and quantity contribute to
the high morbidity rate of the waterborne diseases or if other environmental factors
such as refuse dump locations do have an effect on the spread of HAV and AD

infections.
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