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Abstract

The aim of this research work was to show the appllity of data mining techniques for the
development of descriptive and predictive modeldisease outbreak surveillance datasets in
Ethiopia. To do that the three data mining appilices such as classification, clustering and
association rules mining were undertaken to expleeamportant applications to the datasets of the

PHEM sectors from different perspectives.

A total of 18600 records were collected and assefsen the data store of the surveillance system
from the year 2004-2012G.C. After the preprocespimase of knowledge discovery in databases of
data mining application a total of 8796 recordsemgrepared for data mining algorithms. From the
total records filtered and prepared for model prafyan 4703 were from the IDSR system dataset
and the remaining 4093 records were taken from ahahe PHEM dataset from the year 2004-

2008G.C. and 2009-2012G.C. respectively.

The researcher analyzed two classification algarstiior the prediction of Epidemic typhus disease
cases with decision tree J48 classifiers and NB&es classifiers. Finally the more performing
algorithm has been taken for model developmentromFthe results of the experiments done
decision tree algorithm had a better performanceldssify the disease cases in place and time
setting. The accuracy rate of correctly classifyiing Epidemic Typhus disease cases by the use of
decision tree J48 algorithm was 87.44% whereas Wdlve Bayes classifier was 83.70%. The

sensitivity and specificity test was also donethar two classifiers.

The researcher also attempted to analyze the afiplcof association rule mining to find some sort
of correlation or patters among disease caseseo$uiveillance data. The attributes were selected
only from the disease cases for the occurrencenandccurrence, which were collected in time and
place bases. Here, Apriori association rule mirahgprithm was run to find interesting patterns
among the occurrence and co-occurrence of diseases avhich were correlated together. The
researcher used 20% for the minimum support and 0%ninimum confidence threshold before

the application of the mining algorithm.

The researcher took the combined (integrated) eftstidsr cluster analysis with the total numbers of
8796 records with 9 attributes. Simple K-Means teltisg algorithm was used for the combined

datasets since; the algorithm showed the grougidgsease cases with respect to time and place.

In general data mining techniques were importanat applicable in the classification, clustering

and association rules model development for emgrgind reemerging disease cases. But the data

VIl



has to hag good quality with the inclusion of important rétites of variables
for better prediction and description model deveiept The results of the research, apart from its
education purpose, were also used for the planmrgparedness, decision making, and disease

control and prevention activities to the domainekp



Chapter one

1.1. Background /Introduction

In the past, when sanitary conditions were poor dskases were little understood,
epidemics occurred periodically and killed thousantipeople. One of the largest epidemics
ever recorded was the outbreak of bubonic plagaerttyed throughout Europe, Africa, and
Asia from 1347 to 1350. This epidemic, known asBleck Death in Europe, is estimated to
have killed one-third of the European populatiom éutbreak of influenza in 1918 killed

more than 20 million people around the world. Sgldbal epidemics are commonly called

pandemicg1].

During the past 70 years, there has been a drarfatién the incidence of infectious
diseases, particularly in developed countfs This was due to several factors including:
immunization, Anti-microbial chemotherapy, improvetditrition, better sanitation and
housing. In less developed countries, however@alty in the tropics, infectious diseases
continue to be one of the commonest causes of deatticularly in childrerj2]. In addition

to that, Ethiopia, as part of the developing woHds two big health problems. Most of the
time infectious diseases (communicable diseasesuat about 80% of the health problem in

the country which can be prevented by simple sgniteeasures and nutritional programs.

As mentioned i3], communicable diseases are considered as majorscatiseorbidity and
mortality, as well as disability in Ethiopia. Thegh prevalence of communicable diseases in
the country was linked to the poorly developed e@tonomic and environmental factors
that have been inherent for centuries. For thisaeaenvironmental health activities in
Ethiopia were maintained and used as a meansteotdiseases and promote health during
periods of “Basic Health Service Provision durir@p@-1960’s”, and PHC during the 1970-
90’s, and currently in the HSDP.

As mentioned above it is also shown that the migjai the population of Ethiopia, urban
and rural alike does not have access to safe amguate sanitation facilitigg]. As well a
study carried out if4], indicates that three-fourth of the health protdeaf children in
Ethiopia are communicable diseases attributed safenand inadequate provision of water

and unhygienic waste management, particularly sewd&glditionally, other studies also
1



revealed that only 11.5 % of the population hadeasdo sanitation facilities while 88.5 %
were without proper sanitation facilities. The ¢xig capacity in the wastewater sector in
Ethiopia is currently relatively low, in particulan regard to alternative concepts and
technologies aiming at more decentralized and enmientally friendly, energy and resource

saving solutions.

In 1996, as part of the response to the growindipuiealth problem with communicable

diseases, Ethiopia introduced an IDSR strategysioguon 17 priority diseases. Ethiopia
adopted the WHO's infectious disease surveillante @esponse strategy in 1998, and in
October 1999, MoH of Ethiopia and its developmeattqers assessed the country's

surveillance system and used the results to adiy#-gear national plafb].

Since Infectious and communicable diseases acctmntabout 60-80% of the health
problems in Ethiopia, thaEthiopia has developed a five-year strategic plad satarted
implementing the IDSR consisting of 23 priority elises that are epidemic-prone, have
public health importance and are targeted for egditin and eliminatiofi6]. According to
the plan, “Later three diseases were reduced anaf 20em were only followed up in the
sector”. The systematic evaluation of the firsefixears of implementation indicated that the
country has successfully expanded its surveillayséem up to the health centre and hospital

level, improving the early detection, reportingidgmnic preparedness and response activities

As stated in[7], the morbidity and mortality associated with infea8odisease outbreaks,
which are directly or indirectly linked to ecologar climate events and trends, pose a
growing problem for global public health. Many faxst are associated with this growth:
disease vector-habitat expansion due to envirorahelgigradation and climate variability;
changes in animal and human population dynamidsinbeease the risk of human exposure
to infective pathogens; and the insufficiency ofblmi health infrastructure in resource-
limited settings to support and sustain routinectibus disease surveillance, prevention and

control activities

Surveillance, risk assessment and outbreak respmaysity is a prerequisite for effective
management of emerging disease outbreaks and atiiez public health events. Effective
national surveillance systems generate reliablerinétion for timely risk assessment that

informs rapid public health actiof].



According to[9], sub-Saharan Africa will not reach the malnutrtiand child mortality
targets, as well as some areas in communicablasliseat current pace of implementation. It
was also pointed out; there was a need to accelengtrovements in the country’s healthcare
system if Ethiopia expects to reach its healthatr@nd the MDGs for health. The FMoH
introduced the PHEM core process giving the respdities of emergencies and disease
outbreak condition with the implementation of BAR. aim was to improve performance
through the introduction of business-process measand indicators in the government
system for communicable disease control and prexenthis might help improve technical

and allocative efficiency and thereby increasedsieas and quality.

As depicted irf7], the success of predictive surveillance will dependhe recognition that
it is founded on a meta-system of different sutaatde activities, linked by communications,
coordination and collaboration between multipleyvedse disciplines, and producing
advisories and alerts, which have progressivelyemeertainty over the course of an

outbreak’s emergence

Epidemiological surveillance is a major public likatrategy in prevention and control of
diseasd7]. Additionally, Surveillance not only gives us ace data on epidemiology and
burden of disease but also guides us to monitor Gomdrol diseases under surveillance.
Therefore, surveillance data needs to be capablelaritifying clusters; tracking trends;
assessing the effectiveness of interventions; aodiging timely results. Development of
surveillance systems to rapidly identify clustensl @utbreaks, and patients at increased risk
of acquiring infection will ensure that control nseees are best directed to prevent further

cases occurring.

According to[10], once the cause of the outbreak has been identifigdstigators should

work to implement longer term control measures nd &he current outbreak and prevent
future outbreaks. Consequently, well-planned comigafion can enhance communicable
disease outbreak preparation and can hasten comainof an outbreak as well as help to
mitigate an outbreak’s social and economic impattast the need of communicable disease
outbreak surveillance and response system objsctiwve usually take care of patients,
prevent further cases, end the outbreak quickly@egent its recurrence and if possible to

eradicate totally.



Advancements in clean water and refrigeration amel development of safe, effective
vaccines have greatly decreased such threats; Bow@ommon diseases still cause
outbreaks and new communicable diseases are em§tdin

As discussed ifiL2], there are also several important factors whicrehiabe addresses since
they are influencing the incidence of infectiouscommunicable diseases like: climate such
as temperature, rainfall, humidity, latitude, pp#eition etc; socio-demographic influences
such as human migration and transportation etc;dxnd resistance and nutrition; way of
transmission like water, air, food etc; as well esvironmental influences such as
deforestation; agricultural development; water @ct§; and urbanization. Therefore the
public health functionalities and responsibilitiedl be challenged and constrained if the
problems are not well managed effectively and effity in time at each level of

administrative functional units.



1.2. Statements of the problem

As mentioned in the introduction part of this wonkost disease outbreaks are infectious in
nature. If they are not early detected and respbrligh appropriate technology, public
health intervention and control, good performingvsillance systems, they can kill many
people within a short period of time. More impottgncommunicable disease prevention

and control is the cornerstone of public health.

One of the most exciting and challenging tasksnfaein epidemiologist therefore is working
in a public health department to investigate aafiseoutbreakl3]. Usually, the cause and
source of the outbreak are unknown. Sometimes laugtbers of people are affected. Often,
the people in the community are concerned becalsg tear more people, including
themselves, may be stricken unless the cause rglfeaon. There may be hostilities and
defensiveness if an individual, product, or compaag been accused of being the cause.
Consequently, this pressure-packed situation affét epidemiologist wherever they come
from. Therefore, the epidemiologist must remainngabprofessional, and scientifically
objective.

For better implementation and improvements of thentry’s healthcare system, Ethiopia is
expected to reach its health targets and the MDBhéalth with better surveillance and
response system for communicable disease occugentkerefore the country has
implemented BPR for health and analyzed the ctiticea of health in the country to improve
health care system with skilled human resource.tBaitresults of the new surveillance and
response system for disease outbreak situation medsyet analyzed and seen with
appropriate technigues and tools.

The PHEM sector under study stores data about exaerynunicable disease outbreaks cases
using MS-excel data sheets while it was reportednfall respected sites of the country
routinely. However, as mentioned [b4], data collection activities are the most important
step in disease outbreak situation for better dagdysis and model development for decision
making activities. It was also added that collettd high quality outbreak data nationwide,
proper data reporting mechanism, and comprehendoementation of all recognized
outbreaks are essential for any disease survedlasystem. They help: to facilitate
recognition of relationships or association betweisease events occurring in different areas

of the country; to convince health professionald #me public of the need for preventive



measures, and to evaluate and improve preventrategies and if possible for eradication

purposes.

The PHEM sector data collection activities werefganed in daily and weekly bases for

planning and implementation. As mentioned [1], appropriate data collection process
facilitates systematic recording of all the reqdimetails of the disease outbreak, thereby
providing information for decision making activi@n whether and how to proceed further.
The information contributes for the recognitionliokked multi-district outbreaks and early

control measures. Additionally, completed outbresort forms are used in the production
of local and national statistics on outbreak oaee, including causal agents, modes of

transmission, risk factors, affected populatiometiof onset, more affected areas and soon.

The PHEM sector used the surveillance system oaktbdata reports for the process of
investigating, controlling, preventing and plannifgy early warning and preparedness
activities for communicable disease outbreak calsesighout the country. Once the data
was collected, one can begin to characterize doreak by time, place, and persd3]. In
fact, the PHEM sectors winded up performing thepsteveral times during the course of an
outbreak. But, characterizing an outbreak by thvesmbles is descriptive in epidemiological
perspectives, because one can describe what hasrextdn the population under study.
Therefore; the problem in the sector was lack ofirwa analytical machine learning
techniques and tools to the surveillance and respaystem in the country to develop a
better descriptive as well as predictive model éfficient and effective decision making

processes.

Even though, the process of compiling, describing analyzing data by time, person and
place are desirable for several reasons like:rhestigator becomes intimately familiar with
the data and with the extent of the public healtbbfem being investigated, providing a
detailed description of the health of a populatisith easy communication, and finally
identifying the populations that are at greateskt af acquiring a particular disease, the sector
also lacked appropriate techniques, tools andeskjrofessionals to mitigate the impact and

possibly stop the occurrence and reoccurrenceeafidéixt disease outbreaks.

Due to the problem stated above and the discussitn the domain experts, the data
collection, analysis, interpretation and disseniamatechniques were also done with simple

statistical tools like MS-Excel, epi-info, and SPSBhe results were also described in
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percentage, mean, median, mode and some othestistatiethods like ANOVA, normal
distribution, and standard deviation with simpleudlization techniques like tables, graphs,
charts, normal curve and sodrherefore, decision was made according to fullraflitional
statistical techniques for descriptive data analpsirpose with the collected data

Another problem was that large amount of data ctal through a long period of time (i.e.
many years of data) were not well organized and ®alsre not analyzed using analytical

machine learning tools like data mining applicasiom improve the decision making process.

The primary goal of this research work was thersfoo analyze the Outbreak surveillance
and response system of Ethiopia using data minpgication for better decision making
activities. The datasets in the PHEM core proces®wo huge as mentioned before, and the
simple statistical tools would not support to pdwisignificant information and knowledge
from these large collections of data as done bysé#utor professional for the purpose of early
warning, planning, preparedness and decision makatigities. Furthermore, the researcher
planned to perform an effective analysis of theaset with data mining application to model
descriptive, predictive and association rule mirfimgeffective and efficient surveillance and

response system for better implementation and idecisaking process.

Research questions

1. Are the qualities of data in the PHEM sector ddtaesappropriate for data mining
application?

2. Are there any associations among emerging and rmg@mgedisease outbreak cases in
the PHEM dataset?

3. Could it be possible to develop a predictive mddedisease outbreak cases from the

existing PHEM surveillance and response dataset?



1.3. Objectives of the study

1.3.1. General objectives

To analyze the disease outbreak surveillance ambnse system of Ethiopia to point out the
possibilities of applying and showing better resultith data mining applications for
predictive and descriptive model preparation foeeging and re-emerging disease outbreak

cases, and show the co-occurrence of diseaseioabescountry.

1.3.2. Specific objectives

The specific objectives of this research work are t

v’ Carry out a thorough review of a sort of relatedréiture in data mining techniques and
communicable disease outbreak surveillance an@dnsspsystem for better analysis.

v See if data mining techniques can be applied fotebeesults to the surveillance and

response system or not.

Prepare the existing datasets for better use afrdating algorithms and methods

Show the most prevailing disease cases to difféoeations of the country.

Evaluate the functionality and the performancehefrinodel under study.

D N N NN

Develop a new model and make recommendation.



1.4. Methodology

1.4.1. Study Area/Setting and Period

The study was conducted at the EHNRI specificalllPlHEM Sector from February, 2012 to
March, 2012 for data collection activities.

1.4.2. Study Population

All disease outbreak caseghich were reported weekly as an emerging and rergimg
disease outbreak to the PHEM sector have beasidered in the studyfrhe occurrences and
association (correlation) of cases which do haggeat contribution in public health treats
can also be investigated with data mining applicesti The target populations were all the
people of the country who are affected and infedigda certain communicable disease
outbreaks. Out of the 20 epidemic-prone priorisedises in the surveillance system, only the
weekly reportable outbreak cases such as Malarenimditis, Relapsing Fever, Typhoid
Fever and Epidemic Typhus have been incorporatddaanalyzed in the study. Samples has
been taken from the existing outbreak reports efcibuntry surveillance and response system
datasets between 2004-2012G.C. Tagional, zonal, Woreda, Health Facilitiesnd other
Governmental and nongovernmental organizatioaports of all disease outbreak cases
(primary or index cases and secondary cases) velnehesulted from communicable disease

outbreaks to the population has been added angzaaiaby data mining applications.

1.4.3. Study Design

The KDD process model specially the hybrid KDD me& model would be applied on the
data which were obtained from different diseasém@ak cases reports of the country to the
PHEM Sector. Data mining tools, techniques andrélyo were applied to discover unseen
patters from the surveillance datasets. That's whgse techniques and algorithms are an
efficient way of showing clusters, categories ardoaiations between the different regions
and times of the country with respect to diseasEsioence. Some rules like association
rules mining would be used to determine the padtefrdisease outbreak cases of the country
9



to show the correlation between different typeswutbreaks within a certain time and place.
Apriori association rule mining algorithm would lsed for the co-occurrence of two or
more diseases cases for pattern discovery. Cleatsifih algorithms were also used to predict
the future occurrence of a certain communicableatie outbreaks in time and place. For this
purpose the researcher used decision tree and Baiyes classifier for Epidemic Typhus
disease prediction. Disease segmentation woulddme dby the use of Simple K-Means
clustering algorithm data mining techniques to shibgvvariation disease prevalence in time

and place setting..

1.4.4. Data collection techniques

The process of data collection was carried out nmmohe quickly and at much less expense
from the secondary data collected in the PHEM sefrtam weekly reportable routine
surveillance datasets. The outbreak reports oéwdifft regions and different time periods in
the country had to be collected and stored in Exemkbooks by the Sector. The use of
secondary data that were already available in ¢latos would be involved in the study, this
data collection strategy and techniques were apiaitepfor description and a little bit for
prediction activities for the occurrences of oudtirecases and to show the patterns of

association among them.

In the national PHEM surveillance system the datiéection tools were that of Microsoft
excel, Microsoft access, Microsoft word processioternet (web browser for email
communication) and telephone conversation, letteting. As well the data collection
techniques were divided in to two categories. Tirst bne was daily reportable disease data
collection mechanisms such as line listing, dapydemic report, and case based reporting
system. The second one was weekly disease outbegakting (Routine surveillance data
collection) mechanisms. These reporting divisionsrevformulated due to the fatality,
morbidity and natural history of the disease owkreeases and prevention or control

mechanisms set for action.
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1.4.5. Data analysis techniques and tools

Before the data analysis techniques, data had wlected as mentioned before. The data
that were already collected were transformed irfohmat that data mining tools can process
or run the datasets after some preprocessing @&sivirhe data mining tools such as WEKA
3.6 or WEKA 3.7 were used for the analysis and aliscy of the hidden patterns in the

dataset of disease outbreak reports. Since theidance data was stored in Microsoft excel
worksheet, it had to be converted and transfornsedotnma Separated Value (CSV) text
format or Attribute-Relation File Format (ARFF)diformat.

Finally, Multidimensional and multilevel data cout@ analyzed easily and accurately with
the application of data mining techniques and atlgas to discover the hidden knowledge in
the dataset. It was because of data mining algostiwhich were efficient techniques to

extract the hidden knowledge from the huge datdsetdecision making activities.

1.5. Ethical Considerations

AAU, School of Public Health provided ethical claace and approval for the research. To
conduct the study, Permission has also been obt&ioen PHEM Sector located in EHNRI.
Informed consents of participants were obtained ttoe study before conducting the
interview. The general as well as the specific cibjes of the study was explained to the
participants or domain experts briefly. The resmonsd were informed about that they have

the right to involve into or leave from the studiile the studying period.

1.6. Dissemination of results

Findings were presented in graphical, tabular @axtual formats. This study was used to
identify the affected or vulnerable communitiesttingere exposed to a certain disease
outbreak cases and classify them in times and pladee final findings were presented to
AAU school of Informatics, AAU School of Public H#&a EHNRI and FMoH.
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1.7. Scope and Limitation of the study

The scope of this research is to analyze the cuserveillance and response system of
Ethiopia with the potential applicability of datammg techniques in supporting the outbreak

disease surveillance and response system of thergou

The research was done only for five communicaldealie outbreak cases. It was because of;
some of the diseases in the system did have anaatmpncern data for some disease
outbreaks. After the application of data mininghteiques of this research work could
comparatively be considered as significant in agsgsthe potential applicability of data
mining technology to the whole disease outbrealesashe use of the current descriptive
study undertaken in the sector was strictly limitedanalyze the best use of surveillance
datasets with appropriate and potential applidgiali data mining technology to support the

health system as a whole.

Developing a model with different data mining aigjon was constrained with a serious of
time problem that was given to undertake this neseaork. There was also a limitation of
time to see alternative data mining tools to rundifferent applications than the researcher’s
chosen data mining tool (i.e. WEKA) for predictimad descriptive model development and
association rule generation. Therefore the apmhcadf data mining techniques would be

limited to some data mining algorithms and WEKA&alatining tool.

Another limitation of this study was lack of suféat related works or literatures particularly
in relation to data mining applications on commabie disease outbreaks. There was also
lack of prior experience to data mining applicasiand skilled professional in the sector to
provide proper and timely feedback to the modelal as to the stated problem in general.
Therefore the researcher has tried to analyzeuheilance system and develop a model only from
the datasets found in the sector by the use ofrdatimg applications for the first tim&dditionally,
application of data mining technology in epidem@tal datasets especially in disease

outbreak surveillance data was a very time consgraimd energy intensive process due to
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the large amount of data collected and reportetth@éosector from different locations of the
country with timely and weekly bases.

Finally, the data didn’'t have enough informatioow(lquality) as per the objectives of the
research with data mining techniques. For instaheeprediction or classification of disease
outbreak cases were not simply done on the datag@th consists of small numbers of

attributes and with missing the determinant factdrdisease outbreak cases to occur.

1.8. Organization of the Thesis

This thesis was divided into six chapters. Thet fatsapter was an introduction part, which
contained background to the research work, stateofehe problem addressed, objective of
the research, and methodologies adopted for thdy,skthical consideration, dissemination

of results, scopes and limitation of the study, arghnization of the thesis work.

The second chapter dealt about data mining teckejgmethods/algorithms used, and its
application in the health care sector, limitatiavfsdata mining applications and related

literature.

The third chapter was devoted to give further usideding about the outbreak surveillance
and response system in general and the existingemak surveillance and response activities

in PHEM in particular.

The fourth chapter provided discussions about Imssin understanding and data
preprocessing. In this chapter the main issueb@smess understanding, data understanding
and preprocessing, data preparation, data quaktgsores, the data collection and analysis
tools and techniques, data transformation, and idé¢gration, data reduction, and feature

selection processes.

The fifth chapter provides experimentation abow thifferent data mining algorithms and
steps that were undertaken in the research work. i$sues considered here are model

development and testing results for associatioesrgeneration, disease data clustering, and
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epidemic typhus prediction by using weka data ngngoftware tool. Finally, the sixth
chapter was aimed to the final parts of this thesisk. The issues are the concluding

remarks and recommendations forwarded based aeskarch findings.

1.9. Beneficiaries of the research

Even thought the research was done for educatmmabse, its findings would be applicable
for emerging diseases surveillance and respongensysf the country for better decision
support activities and the data analysis could stitmvdefects or pitfalls of data collection
and analysis system of the PHEM sector under theHFldf Ethiopia. It also provided an

input for a better data collection, collation, éssnation, interpretation and presentation
purpose to take measurable action for diseaseeakbnitigation and if possible eradication
for the future occurrences of disease outbreakscasehe country. It would also be a
direction to a research in the PHEM sector andABtJ research center and provide a

comprehensive documentation for other researchdtwifield.

Finally, the researcher provided rewarding recomuation with varied alternatives to the
FMoH and the PHEM sector for data collection, dadla, dissemination, interpretation,
presentation, analysis techniques and tools tostheeillance and response system. As a
result, quality data which can enhance the effeatss, efficiency and total quality
management of the system for planning, managingparedness, early warning and
decision-making processes will be obtained. Theegfthis quality data would be used for a

better model development with analytical machirmerieng tools like data mining.
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Chapter Two
Literature Review

2.1. Introduction

With the a rapid growth in size and number of ald# databases, mining for knowledge,
regularities or high-level information from datachkene essential to support decision-making
and predict future behavidi5]. As stated in[16] nowadays the modern science and
engineering are based on using first-principle node describe physical, biological, and
social systemdAs a result of data mining techniques, which aedusr achieving the above

goals, can be classified into the following catéggr classification, clustering, association

rule mining, sequential pattern analysis, predictotata visualization etc.

It has been estimated that the amount of datadstoréne world’s databases doubles every 20
months, and although it would surely be difficudt justify this figure in any quantitative
sense, we can all relate to the pace of growthitqtigely [17]. In addition to that, as the
flood of data swells and machines that can undertak searching become common place,

the opportunities for data mining increase.

According to[16], the above approach starts with a basic scientibdeh) such as Newton's
laws of motion or Maxwell's equations in electrometism, and then builds upon them
various applications in mechanical engineering lectecal engineering. In this approach,
experimental data are used to verify the underlyfirgj-principle models and to estimate
some of the parameters that are difficult or somes$i impossible to measure directly. As
mentioned in[18], it is possible to say thate are overwhelmed with data as mentioned
above. It is because of the amount of data in thebdyin our lives, continues to increase and
there’'s no end in sight. However, in many domains tinderlying first principles are
unknown, or the systems under study are too contplése mathematically formalized. It is
also stated that with the growing use of computtirsre is a great amount of data being
generated by such systems. In the absence ofpfiratiple models, such readily available
data can be used to derive models by estimating Tre is currently a paradigm shift from
classical modeling and analyses based on firstciples for developing models and the

corresponding analyses directly from dgit@].
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These days the Omni-present personal computers niakeo easy and provides an
inexpensive multi-gigabyte disk to postpone decisiabout what to do with all this stuff we
simply buy another disk and keep it[&8]. In addition to this[17] addedthe ubiquitous
electronics record to our decisions, our choicethensupermarket, our financial habits, are
comings and goings. It is also described that elsniglogy grows faster and faster, People
have been seeking patterns in data since humarbdifan. It is because of hunters seek
patterns in animal migration behavior, farmers se&tterns in crop growth, politicians seek
patterns in voter opinion, and lovers seek pattarrikeir partners’ responses and physicians

seek patterns in disease outcomes and soon.

As mentioned if16], due to the emerging data storage technologies dfedetit electronic
instruments,we have grown accustomed gradually to the fact thate are tremendous
volumes of data filling our computers, networksd éimes. Therefore; Government agencies,
scientific institutions, and business areas halvdealicated enormous resources to collecting
and storing data for better data storing technigures for better use of the information and
knowledge from the data

The World Wide Web overwhelms us with informatiomanwhile, every choice we make is
recorded and all these are just personal chqi®ds As a result we would all testify to the
growing gap between thgenerationof data and ouanderstandingf it. It is also addressed
that as the volume of data increases, inexorabg/ proportion of it that people understand
decreases, alarmingly. Therefore; lying hidden lintlds data is information, and those
information also can provide potentially usefuldmhation or knowledge, which is rarely

made explicit or taken advantages of it.

In reality, only a small amount of data will evex bsed because, in many cases, the volumes
are simply too large to manage, or the data strestthemselves are too complicated to be
analyzed effectivelyy16]. How could this happen? The primary reason is thatoriginal
effort to create a data set is often focused omessuch as storage efficiency; it does not
include a plan for how the data will eventually bsed and analyzed. Due to the above
problems, the need to understand large, compldaynration-rich data sets is common.
Therefore; the ability to extract useful knowledgeden in these data and to act on that

knowledge is becoming increasingly important inatyld competitive world.
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2.2. General overview of DM and KD process model

2.2.1. KDD overviews

The enormous expansion of the volume of collectath drom different data sources and
fields yields to an increase of databases of adlssand desigri49]. However, it is obviously
clear that the manual analysis of such amountsatd @ impossible when the data sets are
increasing and huge. For that reason, it is importa develop tools that can access and
analyze such data to extract interesting knowlgbgecan be helpful in the decision making
process. Therefore Knowledge discovery is a teclithat can discover interesting

information from such large databases.

As stated iff20], across a wide variety of fields, data are beindect#d and accumulated at
a dramatic pace. There is an urgent need for ages&ration of computational theories and
tools to assist humans in extracting useful infaroma(knowledge) from the rapidly growing
volumes of digital data. As a result these theosied tools are becoming the subject of the

emerging field of KDD.

“KDD is the non-trivial process of identifying vdli novel, potentially useful, and ultimately
understandable patterns in d§t8]. It was also mentioned that the process is noatrivi
means that it is not straightforward and some $earethodology need to be followed; the
extracted patterns should be novel or in other wandknown previously; they also have to
be useful, this usefulness implies that the padtexan play a positive role in the decision
making process; finally, they must be understareablleast for the data analyst and it run
with a number of iterative steps

The unifying goal of KDD is extracting high-levehé&wledge from low-level data in the
context of large data sets including how the de¢astored and accessed, how algorithms can
be scaled to massive data sets. Therefore; KDDDividerms are relatively new, but their
applications had been developed much earlier thaniriception of these definitiorj&1].
Additionally KDD is generally defined as the prosed extracting implicit information and
knowledge from data. KDD also helps humans makeesai huge amounts of data by

mining patterns.
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2.2.2. Model Development Processes and Techniques

2.2.2.1. KD Process model

Historically, the notion of finding useful patterirsdata has been given a variety of names,
including data mining, knowledge extraction, infation discovery, information harvesting,
data archaeology, and data pattern procesgfyy Additionally, KDD has evolved, and
continues to evolve, from the intersection of reskedields such as machine learning, pattern
recognition, databases, statistics, Al, knowledg®ussition for expert systems, data
visualization, and high-performance computing. émeral the driving force behind KDD is
the database field (the second D in KDD).

Academic Research Models for KD process

The efforts to establish a KDP model were initiabechcademia. In the mid-1990s, when the DM
field was being shaped, researchers started dgfmimtistep procedures to guide users of DM tools
in the complex knowledge discovery world. The maimphasis was to provide a sequence of
activities that would help to execute a KDP in ahiteary domain. All the activities are set as a
continuation of the previous of former iteratiomsldhe next iteration is the products of the prewpd

steps.
Industrial Models for KD process

Industrial models quickly followed academic efforBeveral different approaches were under-taken,
ranging from models proposed by individuals witbe@sive industrial experience to models proposed
by large industrial consortiums. Two representaivgustrial models are the five-step model by
Cabena et al., with support from IBM and the indaksix-step CRISP-DM model, developed by a
large consortium of European companies. The ldt#ar become the leading industrial model. The
CRISP-DM (CRoss-Industry Standard Process for Déising) was first established in the late
1990s. The development of this process model ermjmgag industrial suppof22].

The goal of the project was to define and validatandustry- and tool-neutral data mining
process model that which would make the developroklarge as well as small data mining
projects faster, cheaper, more reliable and moreageable[23]. The following picture

shows theCRISP-DM with six consecutive steps. As shown i picture some of the processes are

iterative and the others are straight forward diydo the next process.
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Figure 1: The CRISP_DM process model

2.2.2.2. Hybrid KD Process Models

As explained in[22], since the 1990s, several different KDPs have bemmldped. The initial
efforts were led by academic research but werektyufollowed by industry. The first basic structure
of the model was proposed by Fayyad et al. and latproved/modified by others. The process
consists of multiple steps, which are executed §eguence. Each subsequent step is initiated upon
successful completion of the previous step, andires|the result generated by the previous stéfs as
input. Another common feature of the proposed n®dkelthe range of activities covered, which
stretches from the task of understanding the prajemain and data, through data preparation and
analysis, to evaluation, understanding, and appdicaof the generated results. All the proposed
models also emphasize the iterative nature of thdet in terms of many feedback loops that are

triggered by a revision process. As mentioned alibigalso the combination of the educational

and industrial knowledge process models.

Although the models usually emphasize independémee specific applications and tools, they can
be broadly divided into those that take into ac¢ondustrial issues and those that do not. However,
the academic models, which usually are not concewith industrial issues, can be made applicable

relatively easily in the industrial setting andeviversd22]

Finally the development of academic and indusmmaldels has led to the development of
hybrid models, i.e., models that combine aspectsoti. One such model is a six-step KDP
model developed by Cios et al. It was developeédas the CRISP-DM model by adopting

it to academic research.
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The main differences and extensions of the hyil@RISP-DM model include:

» providing more general, research-oriented desonpif the steps,

A\ 4

introducing a data mining step instead of the madedtep,
» introducing several new explicit feedback mechasisfthe CRISP-DM model has
only three major feedback sources as shown in ithee above, while the hybrid

model has more detailed feedback mechanisms asghelaw in the figure) and

» Modification of the last step, since in the hybmaddel, the knowledge discovered for

a particular domain may be applied in other domains

Understanding of the Problem

f ¥

Understanding of the Data

Input Data

Database, Images, Video,

f ‘ 9 Semi-Structured Data e.t.c.

Preparation of the Data

T v

Data Mining

it ¥

Evaluation of the Discovered
Knowledge

v

Use of the Discovered Knowledge

Knowledge

Patterns, Rules, Clusters,
Classification, Association etc

Extend Knowledge to other
Domains

Figure2: The six-step Hybrid KDRlodel

1. Understanding of the problem domain This initial step involves working closely with
domain experts to define the problem and deterithiegroject goals, identifying key people,
and learning about current solutions to the probliémlso involves learning domain-specific
terminology. A description of the problem, includiits restrictions, is prepared. Finally,
project goals are translated into DM goals, andititeal selection of DM tools to be used

later in the process is performed.
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2. Understanding of the data This step includes collecting sample data andddeg which

data, including format and size, will be neededck8mound knowledge can be used to guide
these efforts. Data are checked for completenedsindancy, missing values, plausibility of
attribute values, etc. Finally, the step includesfication of the usefulness of the data with

respect to the DM goals.

3. Preparation of the data This step concerns deciding which data will beduas input for
DM methods in the subsequent step. It involves dagp running correlation and
significance tests, and data cleaning, which inetudhecking the completeness of data
records, removing or correcting for noise and migsialues, etc. The cleaned data may be
further processed by feature selection and extnaaigorithms (to reduce dimensionality),
by derivation of new attributes (say, by discrdia), and by summarization of data (data
granularization). The end results are data thatt e specific input requirements for the

DM tools selected in Step 1.

4. Data mining. Here the data miner uses various DM methods ackntques to derive
knowledge from preprocessed data. Appropriate aaténg Algorithm will be selected and

tested to develop better discovered knowledge.

5. Evaluation of the discovered knowledgeEvaluation includes understanding the results,
checking whether the discovered knowledge is newvel interesting, interpretation of the
results by domain experts, and checking the impéhcthe discovered knowledge. Only
approved models are retained, and the entire psaseasvisited to identify which alternative
actions could have been taken to improve the esallist of errors made in the process is

prepared.

6. Use of the discovered knowledgeThis final step consists of planning where ana ho
use the discovered knowledge. The application iartize current domain may be extended to
other domains. A plan to monitor the implementatiérthe discovered knowledge is created

and the entire project documented. Finally, thealisred knowledge is deployed.

Finally the major application of the hybrid modelshbeen used in medicine and software
development areas. Example applications includesldpment of computerized diagnostic
systems for cardiac SPECT images and a grid datengnframework called GridMiner-
Core. It has also been applied to analysis of datecerning intensive care, cystic fibrosis,

and image-based classification of cells and outbradetection and recognition.
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Understanding the very important aspect of the KPte relative time spent in completing
each of the steps. Evaluation of this effort ensiplecise scheduling. Several estimates have
been proposed by researchers and practitioners. dltke specific estimated values depend
on many factors, such as existing knowledge abdwtcbnsidered project domain, the skKill
level of human resources, and the complexity ofpfudblem at hand, to name just a few. The
common theme of all estimates is an acknowledgtietthe data preparation step is by far

the most time-consuming part of the KDP.

2.3. Data mining

According to[24], the history of DM & KD is not much different. Inghearly 1990s, when
the KDD processing term was first coined, there wassh to develop DM algorithms that
were capable of solving all the problems of seaigtfor knowledge in data. Apart from
developing algorithms, tools were also developedsimplify the application of DM
algorithms. From the viewpoint of DM & KD proces®dels, the year 2000 marked the most
important milestone. The number of applicationsclhihare applied in the data mining and
knowledge discovery (DM & KD) projects has increhsmormously over the past few years.
Additionally in [24], it is also described that as DM & KD developmentj@cts became
more complex, a number of problems emerged: comtisuproject planning delays, low
productivity and failure to meet user expectations.

THIS

As described irff25], Data Mining is the process of extracting inforroatiand knowledge
from large data sets through the use of algorithms techniques drawn from the field of:
Statistics, Machine Learning and Data Base Managei@gstems as stated above.[1],
Data mining is defined as the process of discogepatterns in data. The process must be
automatic or (more usually) semiautomatic. Dataimginis also defined ir{16], as an
iterative process within which progress by discgyehrough either automatic or manual
methods. Therefore; the term data mining has mbstin used by statisticians, data analysts,
and the management information systems (MIS) conitieenand gained popularity in the
database field. It is also shown that Knowledgihésend product of a data-driven discovery

and has been popularized in the Al and machinerilegfields.
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Traditional data analysis methods often involve nanrvork and interpretation of data that is
slow, expensive and highly subjective. The procefls®ata Mining, popularly called as
knowledge discovery in large data, enables firmd amganizations to make calculated
decisions by assembling, accumulating, analyzing) @arcessing very large corporate data
[25]. As a resultit uses variety of tools like query and reportingls, analytical processing
tools, and Decision Support System (DSS) toolstiier analysis and the process of data

mining or knowledge activities.

With a use of data mining approach stated[id]; the patterns discovered must be
meaningful in that they lead to some advantageallysan economic advantage. The data is
invariably present in substantial quantities andfuispatterns allow us to make nontrivial

predictions on new data. Due to the large amouht$ata at the present time described in
[16], Data mining is most useful in an exploratory asmlyscenario in which there are no
predetermined notions about what will constitute"mteresting” outcome. In general data
mining, as mentioned in the KDD above, is the pssd® the search for new, valuable, and
nontrivial information in large volumes of data aamdcooperative effort of humans and
computers. Here the best results from structuréiepes are achieved by balancing t8he
knowledge of human experts in describing problents goals with the search capabilities of

computers.

According to[17], Even if the data is stored electronically and deedcby computers,
economists, statisticians, forecasters, and conuation engineers have long worked with
the idea that patterns in data can be sought atittatly, identified, validated, and used for
prediction purposes. What is new is the staggenimgease in opportunities for finding
patterns in data is very inspiring. The uncontligrowth of databases in recent years,
databases on such everyday activities as custdmo@ss, brings data mining to the forefront

of new business technologies.

As the world grows in complexity, overwhelming ughwthe data it generates, data mining
becomes our only hope for elucidating the pattérasunderlie it. Intelligently analyzed data
is a valuable resource and it can lead to new lmsignto commercial settings, new
investigations, new knowledge, and new inventions different field of studies for

competitive advantaggs7].
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Data mining is one of the fastest growing fieldghe computer industrji6]. Once a small
interest area within computer science and stadistidyas quickly expanded into a field of its
own. One of the greatest strengths of data minmgeflected in its wide range of
methodologies and techniques that can be applied bhmst of problem sets. Since data
mining is the entire data warehousing, data-martd alecision-support community,
encompassing professionals from such industries estail, manufacturing,
telecommunications, healthcare, insurance, tratesfpom, and business process

reengineering.

There are two primary goals of data mining. Thegeim general prediction and description
activities. Prediction involves using some varigbler fields in the data set to predict
unknown or future values of other variables of riest. Description, on the other hand,
focuses on finding patterns describing the data dam be interpreted by humafis].

Therefore, it is possible to put data-mining atitéd into one of the two categories:

1. Predictive data mining, which produces the modetef system described by the given
data, or
2. Descriptive data mining, which produces new, nerliinformation based on the

available data

On the predictive end of the spectrum, the goadlaith mining is to produce a model,
expressed as an executable code, which can baagedform classification, prediction,
estimation, or other similar tasks. On the othesdatiptive, end of the spectrum, the goal
is to gain an understanding of the analyzed systgmuncovering patterns and
relationships in large data sets. The relative mgmxe of prediction and description for

particular data-mining applications can vary coesadbly.

2.3.1. Data mining functionalities

As stated inf26], there are much functionality in data mining apgtions which provides
a useful results and patterns: such as CharadierizaDiscrimination, Association,
Classification, Clustering analyzes, and Data exahuanalysis:
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» Characterization is a summarization of the general characteristideatures of a target
class of data. For example, the characteristicstuafents can be produced, generating a
profile of all the University first year computingcience students, which may include
such information as a high GPA and large numbeoafses taken.

 Discrimination is a comparison of the general features of taclets data objects with
the general features of objects from one or a kebuotrasting classes. For example, the
general features of students with high GPA’s maygdmpared with the general features
of students with low GPA’s. The resulting descopticould be a general comparative
profile of the students such as 75% of the studertis high GPA’s are fourth-year
computing science students while 65% of the stideith low GPA'’s are not.

» Associationis the discovery of association rules showinglaite-value conditions that
occur frequently together in a given set of datar. &ample, a data mining system may

find association rules like major(X, “computing ecce™) = owns(X, “personal
computer”) [support = 12%, confidence = 98%] wheres a variable representing a
student. The rule indicates that of the studenteurstudy, 12% (support) major in
computing science and own a personal computer.eTisea 98% probability (confidence
or certainty) that a student in this group own&espnal computer.

« Classification differs from prediction in that the former is tonstruct a set of models (or
functions) that describe and distinguish data ctassoncepts, whereas the latter is to
predict some missing or unavailable, and often migak data values. Their similarity is
that they are both tools for prediction: as merdthrabove classification is used for
predicting the class label of data objects andiptied is typically used for predicting

missing numerical data values.

Clustering analyzesdata objects without consulting a known classllabiee objects are
clustered or grouped based on the principle of meing the intra-class similarity and
minimizing the inter-class similarity. Each clustkat is formed can be viewed as a class
of objects. Clustering can also facilitate taxondioymation, that is, the organization of
observations into a hierarchy of classes that geindar events together.

» Data evolution analysisdescribes and models regularities or trends fgeat® whose
behavior changes over time. Although this may ideleharacterization, discrimination,
association, classification, or clustering of tine¢ated data, distinct features of such an
analysis include time-series data analysis, seguengeriodicity pattern matching, and

similarity-based data analysis.
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2.2.3. Core Ideas in Data mining process

In general as stated {27], data mining have the following important and cadeais in
processing a large datasets to discover knowledgeidata.

Classification

As mentioned above in classification and predictpart of data mining functionalities,
classification is perhaps the most basic form ¢& @malysis. For example the recipient of an
offer can respond or not respond; an applicantafétean can repay on time, repay late or
declare bankruptcy; a credit card transaction camdrmal or fraudulent; the victim of an
illness can be recovered, still ill, or deceaskd;dccurrence of outbreak is detected early, or
late; a disease outbreak occur not occur; and scAacommon task in data mining is to
examine data where the classification is unknowwitroccur in the future, with the goal of
predicting what that classification is or will E&milar data where the classification is known
are used to develop rules, which are then appti¢de data with the unknown classification.
Prediction

As mentioned above, Prediction is similar to cliisatiion, except we are trying to predict the
value of a continuous numerical variable (e.g., amaf purchase, salary of an employee,
number of outbreak in a certain region or locatioajher than a class (e.g. purchaser or non
purchaser, salary of par time employee or full tiemeployee, occurrence of outbreak under
expected, expected or above expected level). Ofseg in classification we are trying to
predict a class, but the term \prediction" in tb@stext is the prediction of the value of a
continuous variable. (Sometimes in the data militegature, the term \estimation” is used to
refer to the prediction of the value of a continsieariable, and \prediction" may be used for

both continuous and categorical data.)

Association Rules/Affinity analysis

Large databases of customer transactions lend #ieess naturally to the analysis of
associations among items purchased, or \what ggbsakat.” Association ruler affinity
analysiscan then be used in a variety of ways. For exangpiecery stores can use such
information after a customer's purchases have edghbscanned to print discount coupons,

where the items being discounted are determinechdgyping the customer's purchases onto
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the association rules. Another example of assaciatile mining is that, the occurrence of a

disease outbreak due to the occurrence of the wifidye visualized here.

Predictive Analytics
Classification, prediction, and to some extentrdffi analysis (association rule mining),

constitute the analytical methods employed in \joptee analytics.”

Data Reduction

As we know natural data collection may be compéida&aind huge. Therefore; Sensible data
analysis often requires distillation of complexalatto simpler data. Rather than dealing with
thousands of product types, an analyst might wasgroup them into a smaller number of

groups. This process of consolidating a large nurabgariables (or cases) into a smaller set

is termed as data reduction.

Data Exploration

Unless our data project is very narrowly focusedoswering a specific question determined
in advance (in which case it has drifted more threalm of statistical analysis than of data
mining), an essential part of the job is to reviewd examine the data to see what messages
they hold, much as a detective might survey a cseene. Here, full understanding of the
data may require a reduction in its scale or dinoento allow us to see the forest without
getting lost in the trees. Since Similar varialfles variables that supply similar information)
might be aggregated into a single variable incatig all the similar variables. In other way

round or analogously, records might be aggregattedgroups of similar records.

Data Visualization

Another technique for exploring data to see whédrimation they hold is through graphical
analysis. This process includes looking at eaclabbr separately as well as looking at
relationships between variables. For numeric véeglwve use histograms and box-plots to
learn about the distribution of their values, ttedé outliers éxtreme observation¥, and to
find other information that is relevant to the as#d task. Similarly, for categorical variables

we use bar charts and pie charts. We can also &adcatter plots of pairs of numeric
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variables to learn about possible relationships,tyipe of relationship, and again, to detect
outliers[38].

2.3. Supervised and Unsupervised Learning in data mining

According to [27], a fundamental distinction amodgta mining techniques is between
supervised and unsupervised learning methods. @apdrlearning” algorithms are those
used in classification and prediction. We must hdat available in which the value of the
outcome of interest is known. These training datetlae data from which the classification or
prediction algorithm learns, or is trained, abdw telationship between predictor variables
and the outcome variable. Once the algorithm hashézl from the training data, it is then
applied to another sample of data (the validatiatadwhere the outcome is known, to see
how well it does in comparison to other modelsnény different models are being tried out,
it is prudent to save a third sample of known omntes (the test data) to use with the final,
selected model to predict how well it will do. Hiyain [27] the model can then be used to

classify or predict the outcome of interest in reages where the outcome is unknown

Supervised learning is used to estimate an unkndependency from known input-output
samples and the so called Classification and regnesare common tasks supported by this
type of learnind16]. Additionally, the term "supervised” denotes thhg output values for
training samples will be classified with respectthe known classes. Different types of
techniques support this kind of learning, and sahéem such as prediction like logistic
regression, and classification like decision rudes decision trees. Under the unsupervised
learning scheme, only samples with input valuesgaren to a learning system, and there is
no notion of the output during the learning procd3se goal of unsupervised learning is to
discover "natural” structure in the input data. Hest example is description data modeling

techniques like clustering and association ruleimgin

Finally, Simple linear regression analysis is aamgle of supervised learning (though rarely
called that in the introductory statistics courdeeve you likely first encountered it). The
variable is the (known) outcome variable and Xheariable is some predictor varialj&7].

Unsupervised learning algorithms are those usedenthere is no outcome variables like the
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supervised one to predict or classify. Associatidas, data reduction methods and clustering

techniques are all unsupervised learning methods

2.4. Classification and Prediction

Databasesare rich with hidden information that can be usediftelligent decision making
processes. Classification and prediction are twm$oof data analysis that can be used to
extract models describing important data classesoopredict future data trends. Such

analysis can help provide us with a better undedstg of the data at lard@8].

According to[16], classification is a process of learning a functizet maps a data item into
one of several predefined classes. As a resulgtia of learning is formulate to create a
classification model, known ascéassifier, which will predict, with the values of its availa
input attributes, the class for some entity (a gisample) will be analyzed. In other words,
classification is the process of assigning a dieciabel value (class) to an unlabeled record,
and a classifier is a model (a result of clasdiiicg that predicts one attribute-class of a
sample-when the other attributes are given. Ingisim samples are divided into predefined

groups

Many classification and prediction methods havenb@®posed in machine learning, pattern
recognition, and statistic8]. Nowadays, data mining research has built on swuoik,

developing scalable classification and predictiechhiques capable of handling large disk-
resident data and have numerous applications, dimufraud detection, target marketing,

performance prediction, manufacturing, medicagd@sis, and disease outbreak prediction

Categories in classification can be representedlibgrete values, whereas the ordering
among values has no meanifi]. For example, the values 1, 2, and 3 may be used t
represent treatments A, B, and C, where there isrdering implied among this group of
treatment regimes. It was also statedl1i] the data analysis task is an example of numeric
prediction, where the model constructed predicto@tinuous-valued functigror ordered
value, as opposed to a categorical label. This Inedeen a predictor model. In reality, we
may expect many more attributes to be considemdhe first step, a classifier is built,

describing a predetermined set of data classesnmepts.
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2.4.1. Comparison between Classification and Prediction Methods

As mentioned above in the previous section, clasdibn and prediction methods can be
compared and evaluated. As mentionef?8j, the following criteria are used for the process
of evaluation:

Accuracy: The accuracy of a classifier refers to the abibit a given classifier to correctly
predict the class label of new or previously unsestegorical data. Similarly, the accuracy of
a predictor refers to how well a given predicton cmess the value of the predicted attribute
for new or previously unseen continuous dRw@bustness:This is the ability of the classifier
or predictor to make correct predictions given npaiata or data with missing values.
Scalability: This refers to the ability to construct the cléssior predictor efficiently given
large amounts of data. That means whatever the rinoduwata given to the system; it must
works all the time.

Interpretability: This refers to the level of understanding andginsthat is provided by the
classifier or predictor and which is subjective éimerefore more difficult to assess. Recently,
data mining research has contributed to the dewsdop of scalable algorithms for
classification and prediction and exploration ohed “associations” between attributes and

their use for effective classificatiga8].

2.5. Methods of Data preparation for data mining algorithms

As described in[26], the preprocessing steps may be applied to tha tathelp the
improvement of the accuracy, efficiency, and saétglof the classification or prediction

process. The following are activities taken for pineprocessing phase:

Data cleaning: This refers to the preprocessing of data in otdenemove or reduce noise
(by applying smoothing techniques or binning) almel treatment of missing values (e.g., by
replacing a missing value with the most commonlgusdng value for that attribute, or with

the most probable value based on statistics).

Relevance analysis:Many of the attributes in the data may be reduhddherefore
correlation analysis can be used to identify whe#my two given attributes are statistically

30



related or not. For example, a strong correlatietwken attributes A1 and A2 would suggest
that one of the two could be removed from furthealgsis. A database may also contain
irrelevant attributes. As a result; Attribute subselection, concept hierarchy generation and
best feature generation can be used in these tafied a reduced set of attributes such that
the resulting probability distribution of the datiasses is as close as possible to the original
distribution obtained using all attributes. Thigl@ne by the relevance analysis which can be
used to detect attributes that do not contributéhéoclassification or prediction task. It is
because; including such attributes may otherwisev dlown, and possibly mislead, the

learning step. Hence, such analysis can help ingpetassification efficiency and scalability.

Data transformation and reduction: The data we are obtaining from different souncey

be transformed by normalization particularly whezural networks or methods involving
distance measurements are used in the learning \&tip Normalization we can scale all
values for a given attribute so that they fall with small specified range, such as between -
1:0 to 1:0, or 0:0 to 1:0. Data transformation edso be done by generalizing it to higher-
level concepts (i.e. Concept hierarchies may be figethis purpose). This is particularly
useful for continuous valued attributes. For exanplmeric values for the attribute number
of epidemic typhus can be generalized to discreteges, such as disease outbreak
occurrences and none occurrences. Similarly, catadattributes, like epidemic weeks, can
be generalized to higher-level concepts, like menBecause of generalization compresses
the original training data, fewer input/output cgt@ns may be involved during learning and

details may be hidden.

2.6. Association Rules Mining

Association rule mining and its sub problem, fraguéemsets mining, is one of the most
popular and well researched areas in data mi2hp It is also used for finding relationships

(or association rules, patterns) between diffevantbles in the data.

The process of fining association rule mining fallshin the preview of database mining,
also called knowledge discovery in database.used to infer functional dependencies and is
resulted probabilistic in nature. It is shown by thresence of a dependency rule such that

Y=> A does not necessarily mean that A also because the later may not have
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minimum support. Similarly, the presence of rule®X and Y=»Z does not necessary mean

that X=»Z holds because the later may not have minimumidente[29].

Association rules are one of the major techniquegatd mining and it is perhaps the most
common form of local-pattern discovery in unsupsed learning systems. It is a form of
data mining that most closely resembles the protedsmost people think about when they
try to understand the data-mining process; nanielining” for gold through a vast database.
The gold in this case would be a rule that is ggé&ng, that tells you something about your

database that you didn't already know and probabhen't able to explicitly articula{@6].

Association rules provide information about relasbips between different variables in data.
They are sometimes described as if-then type ekrurhis can better be understood with an
example: (malaria; epidemic typhud) typhoid fever is a typical association rule dise@d
from a database. In a rule suchfa® B, the left hand side, A, is called the antecedendt a
the right hand side, B, is called the consequerdnd B in the rule are item-sets containing

items existing in the database, and their inteizeds the empty s¢21].

There are two important measures of associatiasrolining[21]. The first is the Support
value and the second one is the confidence valbe. Support value is used to prune the
search space mining algorithms will be run ons lased with a minimum support value, also
called support threshold, and items with suppotties lower than the set minimum are
pruned. These items, by the definition of suppené, not frequently observed in the database,
and thus not taken into consideration. The Confidemetric is a little more controversial
than the support metric. As in the support cassiramum confidence value, also called
confidence threshold, is used to prune those rh#esng less confidence value than the
minimum. A high confidence value shows a high datien between the antecedent and the

consequent

Another measure for association rules mining is lifteof a rule which measures the
correlation among the antecedent and consequedicptes of a rulg30]. It is also stated
that a lift value of 1 would indicate that the prades expressed in the rule are independent
of each other while a value greater than 1 woutticete a positive correlation among the
antecedent and consequent predicates, and a \edgetHan 1 would indicate a negative

correlation among the antecedent and consequeticptes of the rule
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It is often desirable to pay attention to only #haslles with high confidence and strong
support, which is referred to as strong ry@H|[29]. In addition to this, the task of mining
association rules is essentially to discover strasgpciation rules in large databases. Here we

have two important phases in this process:

1. Discover the large itemsets, i.e., the sets of steéhat have transaction support S
above a predetermined minimum threshold. This deters the overall performance
of mining association rules.

2. Use the large item-sets to generate the associatles for the database that have

confidence C above a predetermined minimum threshol

2.7. Data Clustering Applications

Clustering is a division of data into groups of g&mobjects. Representing the data by fewer
clusters necessarily loses certain fine detailsabhieves simplification. It models data by its
clusters[31]. An operational definition of clustering can be sthtas follows: Given a
representation of n objects, find K groups basedaaneasure of similarity such that the
similarities between objects in the same grouph&gk while the similarities between objects
in different groups are low. l.e. for good clusteriactivities, the intra-cluster similarities
between objects are high and the inter-clusterlaiities between objects are low. The
notion of similarity may be due to their densitjzes number, and types of cluster
assignmentf32].

As stated in[33], Clustering refers to the grouping of records, ols#ons, or cases into

classes of similar objects from unsupervised dida3dnerefore; a cluster is a collection of
records that are similar to one another and di&sinto records in other clusters. Clustering
differs from classification in that there is no sibied class or target variable for clustering.
The clustering task does not try to classify, eatenor predict the value of a target variable.
Instead, clustering algorithms seek to segmengtitiee data set into relatively homogeneous
subgroups or clusters, where the similarity ofré@rds within the cluster is maximized, and

the similarity to records outside this cluster isimized.
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The goal of data clustering, also known as clustealysis, is to discover theatural

grouping(s) of a set of patterns, points, or olgj§®2]. It is also defined that cluster analysis
as “a statistical classification technique for digering whether the individuals of a
population fall into different groups by making atigative comparisons of multiple
characteristics.” Therefore, clustering is to depehn automatic algorithm that will discover

the natural groupings in the unlabeled data.

As stated in[34], many clustering methods exist to partition a dsga by some natural
measure of similarity. This similarity measure glacsimilar objects close to one another

forming a group, thus several clusters relatetbjeats are formed.

Clustering algorithms can be broadly divided intgot groups [32], hierarchical and
partitional clustering. The first one is Hierardhicclustering algorithms in which the
algorithm recursively find nested clusters eitheragglomerative mode (starting with each
data point in its own cluster and merging the nsstilar pair of clusters successively to
form a cluster hierarchy) or in divisive (top-dowmpde (starting with all the data points in
one cluster and recursively dividing each clustaio ismaller clusters). The second is
partitional clustering algorithms, which is Compite hierarchical clustering algorithms, it
finds all the clusters simultaneously as a partitbthe data and do not impose a hierarchical
structure. Partitioning clustering algorithm camdfisimilarity between data objects in such a
way that the distance between cluster assignmeititbavcalculated in order to cluster the

objects.

2.8. Application of data mining in Health Care

As stated if35], Medical data mining has great potential for explgrihe hidden patterns in
the datasets of the medical domain. These pattansbe utilized for clinical diagnosis,
pattern analysis, disease investigation, clinicatision making, and disease outbreak
investigation and so on. However, the available raedical data are widely distributed,
heterogeneous in nature, and voluminous in sizesd&hdata need to be collected in an

organized form and then integrated to form a hakpitformation system or medical
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information system. Hence, Data mining technologyvjges a user oriented approach to

novel and hidden patterns in the medical data

Data mining outcomes are seen as generalizatiaham@nnot verified for medical validity or
accuracy[36]. Nowadays, it is also known that medicine is a lyigfomplex domain for
which data mining processes were not designed wells because of medicine has
requirements which are outside the original scdpgbetechnology, and to be applicable to a
science which is concerned with critical decisioaking. There is a need to modify the
technology to reflect this different environmentacareful consideration of the language

used when reporting results of data mining appbastin medical science.

Medical diagnosis is regarded as one of an impbstahcomplicated task that needs to be
executed accurately and efficienfB5]. The automation of this system would be extremely
advantageous. Regrettably all doctors do not pessegertise in every sub specialty and
moreover there is a shortage of resource personsrtin places. Therefore, an automatic
medical diagnosis system would probably be excegyineneficial by bringing all of them
together. It is added that, appropriate computsetianformation and/or decision support
systems can aid in achieving clinical tests atduced cost. It is an efficient and accurate
implementation of automated system which needswépaaative study of various techniques
available. Here, in this research the aim was tyae the PHEM sector disease outbreak
datasets by the application of data mining algorghand techniques for various predictive
and descriptive data mining results proposed to dhtbreak surveillance and response
system of Ethiopi§35].

Nowadays the importance of decision support systethe delivery of managed healthcare
can hardly be overemphasiz¢?5]. A variety of decision support capabilities will be
necessary to increase the productivity of mediels@nnel, analyze care outcomes, and
continually refine care delivery processes to renpaiofitable while holding the line on costs
and maintaining quality of care. Healthcare decisiapport is faced with the challenges of
complex and diverse data and knowledge forms ams#istathe lack of standardized
terminology compared to basic sciences, the stningperformance and accuracy
requirements and the prevalence of legacy systémsa result data mining framework

enables specialists to create customized models ¢ha be shared throughout the
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organization, making the application attractive skilled modelers in a pharmaceutical

company’s and bioinformatics divisi¢B5].

As stated ir[36], there isa scientific data mining process which is appliethwhe language

of information presentation. But sometimes it isslesding and the resultant reporting is
inaccurate and medically invalid. For example, oms cases where a mining outcome
showed that smoking does not have a direct link\skin cancer. However the resulting
media story reported that smoking is not linkedhwtiancer generally. Therefore; is it
misleading to make a decision about the outcomausecit doesn’t have a direct link won't
show that it doesn’t cause at all. More over me@ids especially sensitive to this form of
information distortion and the consequences hawe pbtential to be life threatening,

politically sensitive, costly and persistent whishiarely the case in other domains

As described ij27], Data mining in medicine is most often used to canpnt and expand
the work of the clinician and researcher by qualifyor expanding knowledge rather than
providing new knowledge, as has been the trendthierodomains. Very little health data
mining is purely exploratory and hence it is getigranot applied to provide novel
knowledge, that is, to identify new patterns hidethin the data. One of the difficulties in
providing new knowledge in the health domain istieed to sufficiently cross reference and
validate the results. It is not sufficient to prd&ia standard rule in the form of A gives B in
the presence of C without substantiating the infdrom held therein

Finally, as stated i38], the healthcare environment is generally perceivedbeing
‘information rich’ yet ‘knowledge poor’. Thereforéhere is a wealth of data available within
the healthcare systems. However, there is a laeifettive analysis tools to discover hidden
relationships and trends in data. Since, Knowledigeovery and data mining have found
numerous applications in business and scientifimalo, valuable knowledge can be
discovered from application of data mining techeisjin healthcare system also. That means
the healthcare industry collects huge amounts altiheare data which, unfortunately, are not
“mined” to discover hidden knowledgéience, there are vast potential for data mining
application in health care to provide effective aificient decision making processes.

Generally, these can be grouped as the evaluatibraiment effectiveness; management of
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healthcare; customer relationship management; atection of fraud, outbreak and abuse
and soor39].

Treatment effectiveness: Data mining applications can be developed to evaluhe

effectiveness of medical treatments. By comparing eontrasting causes, symptoms, and
courses of treatments, data mining can deliverratyais of which courses of action prove
effective. For example, the outcomes of patientugsotreated with different drug regimens
for the same disease or condition can be compareétermine which treatments work best
and are most cost-effective. Similarly, data min@ag help identify successful standardized

treatments for specific diseases.

Healthcare management: -To aid healthcare management, data mining apfitatan be
developed to better identify and track chronic dsge status and high-risk patients, design
appropriate interventions, and reduce the numberhadpital admissions and claims.
Recently, data mining are used extensively to iflerareas for health care quality
improvements, including treatment guidelines, diseananagement groups, and cost
management. The Lightweight Epidemiological outkremergency management system is

also one of the applications of data mining techegto enhance health care provisions.

Customer relationship management- While customer relationship management is a core
approach in managing interactions between commeocgmnizations typically banks and
retailers and their customers, it is no less imguurtin a healthcare context. Customer
interactions may occur through call centers, phgsg offices, billing departments, inpatient
settings, and ambulatory care settings. As in thee cof commercial organizations, data
mining applications can be developed in the heatthandustry to determine the preferences,
usage patterns, and current and future needs d¥idodls to improve their level of
satisfaction. These applications also can be useuddict other products that a healthcare
customer is likely to purchase, whether a patigtikely to comply with prescribed treatment

or whether preventive care is likely to producégaificant reduction in future utilization.

Fraud and abuse: -Data mining applications that attempt to detectdrand abuse often
establish norms and then identify unusual or ababmpatterns of claims by physicians,

laboratories, clinics, or others. Among other tlinghese applications can highlight
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inappropriate prescriptions or referrals and fraedu insurance and medical claims.
Detection and investigation of disease outbreaksase also the major application of data

mining technique$39].

2.9. Limitations of Data Mining Applications

As discussed ifiL6], despite many success stories often presented lopreand consultants
to show the benefits that data mining provides tlchnology has also several pitfalls. These
pitfalls are detected more when used improperhg assult, data mining can generate lots of
"garbage". "Given enough time, enough attempts,eamaligh imagination, almost any set of
data can be teased out of any conclusion”. Itde atided that there are four pitfalls of data
mining: The first is tempting to develop a theooyfit an oddity found in the data. The
second One can find evidence to support any pregion if you let the computer churn
long enough. The third is finding makes more sehteere is a plausible theory for it. But a
beguiling story can disguise weaknesses in the. ddta fourth and the more factors or
features in a data set the computer considersmbee likely the program will find a
relationship, valid or not. It is crucial to realizhat data mining can involve a great deal of
planning and preparation. Just having a large amofidata alone is no guarantee of the
success of a data-mining project. In the wordsra eenior product manager from Oracle
said: "Be prepared to generate a lot of garbagi you hit something that is actionable and

meaningful for your business".

As already mentioned above in the document datingnempplications can greatly benefit the
health care industry without limitation. Howevercarding to[40][39], Health care data
mining is limited by about four major factors: test is accessibility of compiled health care
related data, because the raw input for data mpicen be exist in different settings and
systems, such as administration, clinics and laboes and more. Hence the data have to be
collected and integrated before data mining caddsee on health care related activities. It is
also suggested that a data warehouse should héeidgle data mining is attempted, that can
be a costly and time consuming project. Secondherodata problems may arise. This
includes missing, corrupted, inconsistent and netendardize data Such as pieces of
information recorded in different formats in diert data sources. In particular the lack of
clinical vocabulary is a serious hindrance to dataing. Thirdly, the successful application
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of data mining requires knowledge of the domairma® well as in data mining methodology
and tools. Without sufficient knowledge of data mgthe user may not be aware of or be
able to avoid the pitfalls of data mining. Colleelly, the data mining in medical application
users should possess domain knowledge of healitecehctivities, statistical and research

expertise, and IT and data mining knowledge aniisski

As stated if{39], a data warehouse has been successfully built fizreint sources of data to

apply data mining in clinical data repository, acutare case-mix system, laboratory
information system, ambulatory case-mix system, lzgalth plans database and used to find
and implement better evidence-based clinical smhsti In particular, the lack of a standard

clinical vocabulary is a serious hindrance to dataing.

Finally, health care organizations developing daiaing applications must also make a
substantial investment of human and material ressparticularly: time, effort, and money,
and IT as well as Health related professionalsc&Shealth care data mining projects can falil
for a variety of reasons such as lack of managersepport, unrealistic user expectation,
poor project management, and inadequate data maxpgrtise and morgl0]. Therefore,
information technology professionals and public Ithegprofessionals have to work

cooperatively to enhance the decision support systH health related cares.
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2.10.Related works

A research conducted 2], on the utilization of Data- Mining Techniques tvaluation of
Patterns of Asthma Drugs Use by Ambulatory Patients Large Health Maintenance
Organization in 2007. The aim was to identify aartlipatients continuously using a
combination of several medications. They constraugbrediction model for asthma drug
utilization by applying novel methods of knowleddiscovery in time-series databases to a
multi-year asthma drug utilization data set. Thethods of mining utilization patterns
combine clustering algorithms, clustering validiheasures, and decision-tree classification
algorithms. This methodology is applied to a regiguatients’ database maintained in 'Clalit
Health Services' HMO, Beer-Sheva, Israel betweemnialy 2000 and November 2002. The
clustering results reveal that 274 asthma patwhtsreceived 9,319 prescriptions during that
period can be partitioned into three groups ofiaailon patterns, where ten patients (3.6%)
who used 1,333 prescriptions (14.3%) are classifisdoutliers. The classification results
show that the use of corticosteroids medicational (or by inhalation) and the age of a

patient can be considered as the main predictsterfain the induced models.

Health researchers also have seen how data mipplgcation is used for medical research
like influenza surveillance. 1§43], the researchers used the Royal Thai Army (RTA)
influenza surveillance dataset based on 578 rdepyrallness cases during March 2007 —
April 2008 from 6 RTA hospitals. The data set imdd the following information:
Demographic: age, date, sex, site, travel histeaccination history; Symptom: oral or
axillary temperature chills, cough, fatigue, hed@acmalaise, snuffy nose, sore throat.
Laboratory test results: rapid diagnostic tests eskerse transcription polymerase chain
reaction (RT-PCR) for influenza A or B Out of th&8cases, 106 were influenza A, 27
influenza B and 445 negative for influenza by RTP&R this was used as the gold standard
for comparison to all other variables. They usesl Wiaikato Environment for Knowledge
Analysis (Weka) software tool from the Universiti/Waikato for the Association Rule: the
apriori algorithm depicts attributes that occurethger frequently in the RTA influenza
dataset with a minimum confidence = 0.9. The 2@ patern rules for a confirmed Influenza
A case were the following attributes which occurtedether: fatigue, headache, malaise,
snuffy nose and positive for influenza A by rapidghostic test. For classification: using the

C4.5 algorithm, they used a cross validation andthee classifier 10 times with 10 folds.
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This model generated main predictive variables: agpaphics (age, site, date, vaccination
status); symptoms (chills, cough, fatigue, headadaral or axiliary temperature); and
laboratory test results (rapid diagnostic testd)e Thodel correctly classified variables in
83.4% of all cases. Sensitivity was 48.1% for aitpas influenza case using the model
variables, but had 94.6% specificity. Finally, tlesearch showed that data mining can be
applied to influenza datasets to extract predictiermation about influenza epidemics,
including demographics, symptoms, and laboratosylts. Decision tree models could also
be useful for influenza surveillance and strategianning in control of influenza. The
analysis can assist in promising an investigatibra @ase that has symptoms related to

Influenza.

As justified in [40], the potential application of data mining techngjue support of
predicting health seeking behavior of householdféndistrict of Butajira has been explored
in 2010. To do that CRISP_DM methodology was ugetbtal of 60446 records were used
for the experiments. The J48 decision tree clagsifith C4.5 algorithms was used. On the
result decision tree classification for the housghealth seeking behavior on BRHP dataset
were applied. The J48 decision tree classificatgorithm classified records with the
accuracy rate of 89.9017%. Even if the highest @mu value of the model was not
achieved, the results in the study has used foisidecsupport aids to predict the health
seeking behavior of households. Finally, basecherabove results the researcher concluded
that data mining applications were used for thalipteon of the household health seeking

behavior.
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2.11.Methods and Techniques used for outbreak surveillance
data mining applications

There are several data mining techniques whictappéied in medical data to extract unseen
knowledge or patterns. Some of the techniques hseel in this research are predictive or
classification and descriptive data mining techegjuClassification algorithms like decision
tree (DT) and Naive Bayes(NB) were used to foretastfuture outbreak occurrences of
epidemic typhus disease outbreak cases and degeripita mining modeling like
association rule mining specifically Apriori algtimns to show the co-occurrence of diseases
outbreak cases and the disease segmentation Usstgring analysis method specifically
with Simple-Kmeans algorithm. As per the researdbjedives the techniques are

implemented accordingly.

2.11.1. SimpleK-Means clustering algorithm

In simple K-Means there are a variety of partitlmased clustering algorithms available with
the quickest and most simple algorithms for datestelring techniquegl4]. This algorithm
partition objects in a datasets in to fixed numiiek disjoint subset. Here, for each cluster,
the partitioning algorithm maximizes the homogeneitthin the cluster by minimizing the
square error. The simple K-means algorithm hasch and diverse history as it was
independently discovered in different scientifieldis [32]. It was also added that, even
though K-means was first proposed over 50 years iagostill one of the most widely used
algorithms for clustering because of its ease gfl@mentation, simplicity, efficiency, and
empirical success which are the main reasons $opapularity. First of all, we determine
number of cluster K and we assume the centroiceoter of these clusters. We can take any
random objects as the initial centroids or thet fisobjects can also serve as the initial
centroids. Then the K means algorithm will do theeé steps below until convergence.
Iterate until the objects amtable(= no object move from the group): those activitidsch

are done to implement clustering simple K-Meansaaréllows:

1. Determine the centroid coordinate.

2. Determine the distance of each object to the cilstro
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3. Group the object based on minimum distance (fing ttlosest centroid)

?

__f: MNumber of _,'rl
4 cluster K

-

Centroid

\

Distance objects to
centroids

4

Grouping based on
minimum distance

Figure3: Simple K-Means clustering algorithm imptartation steps

The implementation of the algorithm can be don®lsws: Given thaiX ={x;, i =1...n }be
the set o d-dimensional points to be clustered into a sé ofustersC= { Cy, k=1,....K }.
The simple K-means algorithm finds a partition sdbht the squared error between the
empirical mean of a cluster and the points in theter is minimized. Lefik be the mean of
the clusteiCx The squared root betwegwand the point in clustex is defined as:
1ED = D I %= w12

HECy
As shown in[18], mostly the simple-KMeans algorithm is executed liy ise of Euclidean
Distance which is the most common use of distanadustering. In most cases when people
said about distance, they will refer to Euclidedstahce. Euclidean distance or simply

'distance' examines the root of square differebetéseen coordinates of a pair of objects.

dj = VI Xik — Xjk)2

Euclidean distance is a special case of Minkowssiadce withh = 2. Furthermore, the
algorithm automatically normalizes numerical atitdgs when doing distance computations.
The WEKA Simple K-Means algorithm uses Euclideasstatice measure to compute
distances between instances and clusters.

As stated ir32], simple determinations of the number of clustergehaeen one of the most

difficult problems in data clustering. Most methdds automatically determining the number
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of clusters cast it into the problem of model stdec Most of the time clustering algorithms
was run with different values of number of clustérshe best value oK was then chosen

based on a predefined criterion. In addition td,tkemple K-means algorithm requires three
user-specified parameters: number of clusters #stet initialization, and distance metric.
The most critical choice is how to define K. While perfect mathematical criterion exists, a
number of heuristics and discussion therein wei@lawe for choosing K. Typically, K-

means was run independently for different value aind the partition that appeared the

most meaningful to the domain expert was selected

As we know that different initializations can le&al different final clustering because K-

means only converges to local minima. One way gravme the local minima was to run the
K-means algorithm, for a given K, with multiple f@ifent initial partitions and choose the

partition with the smallest squared error. K-meiarypically used with the Euclidean metric

as mentioned here for computing the distance betwe@ts and cluster centers. In general
the goal of K-means clustering is to minimize tbhensof the squared error from the overall K
clusters, That means, minimizing the sum of squarers will makes the intra-cluster

similarity high and inter-cluster similarity low.rn@ way to overcome the local minima is to
run the K-means algorithm, for a given K as merggabove, with multiple different initial

partitions and choose the partition with the snsaléguared error.

2.11.2. Association rule mining with Apriori algorithms

In this research, the researcher used associatienmining Apriori algorithm which is

becoming the standard approach to mine associaties. It generates frequent item sets in
the same way. It is because that the idea bemnassociation rules mining is that an
itemsets (patterns). An itemsets is called frequehen its support is above a user’s

predefined minimum threshold and confidence withuber specified minimum threshold.

2.11.2.1. Apriori Algorithm

Apriori Association rule mining is used to mine tinequent patterns in database. Support &
confidence are the normal method used to measerguhlity of Apriori association rule

mining [45].
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According to[21], the algorithm Apriori computes the frequent iterasit the database
through several iterations. Iterations i computdsfraquent i-itemsets (itemsets with i
elements). In this algorithm, every iteration has tsteps: the first is candidate generation
and the second is candidate counting and seledtidhe first phase of the first iteration, the
generated set of candidate itemsets containsitalinisets (i.e, all items in the database). In
the counting phase, the algorithm counts their suppearching again through the whole
database. Finally, only i-itemsets (items) with @mimum support s which is above the
required threshold will be selected as frequenusTlafter the first iteration, all frequent i-

itemsets will be known

As mentioned irf45], using the rule below one can facilitate to genetla¢eassociation rule
from frequent itemsets:

» For each frequent itemset L, find all nonempty stilo$ L

» For each nonempty subset of L, write the associatite S=> (L-S) if support count

of L/support count of S >= Minimum Confidence.

As mentioned before the two important measuresssb@ation rule mining interestingness
and usefulness are the support and confidence saicasion rules. For instance, given a
transaction with an itemset i that contain itemsaAd C the confidence of the rule is
calculated as:

Conf (A — C) = sup (AU C) /sup (A)which can show the strength of the rule and tippst value
is also calculated as follows:

Sup (AC) =P (AnC) / P (AuC) = the ratio of the number of transaction which teors
both A and C to the total number of transactionthandatasets. Support shows the presence
of an itemsets in the transaction and measure thkapility of the existence of an item
frequently in the transaction. Here the researblsrto define the minimum support and the
minimum confidence. The higher the confidence tb#eb the rule with a user specified

minimum support threshold.
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2.12.Classification with Naive Bayes and Decision Tree
classifier

2.12.1. Naive Bayes Classifier

Naive Bayes is one of the simplest density estomatiethods from which we can form one
of the standard classification methods in mach#aeriing applicationgl7]. It represents a

supervised learning method as well as a statigtieghod for classification.

As stated in[48], a Naive Bayes classifier is a simple probabilistassifier based on

applying Bayes’ theorem with strong independenseimptions. The traditional naive Bayes
classifier is still widely used as a popular leagnagorithm for data mining applications due
to its simplicity. However, we should be aware thmainy real-world problems are

represented by data which often do not satisfihallassumptions of this technique.

The algorithm assumes an underlying probabilistiodet and it allows us to capture
uncertainty about the model in a principled waydleyermining probabilities of the outcomes.
This algorithm also provides practical learningoaithms and prior knowledge and observed
data can be combined. It calculates explicit prdheds for hypothesis and it is robust to
noise in input dataBayesian reasoning is applied to decision makindy iaferential statistics

that deals with probability inference. For the pecédn of future events, it uses the knowledge of
prior events. Example: Predicting the occurrencefutdire outbreak cases from the existing

surveillance datasets.

As explained in[26], Naive Bayesian classifier is to be comparable irfop@mance with
decision tree. As a result it has also exhibiteghtaccuracy and speed when applied to large
databases. Naive Bayesian classifiers the assumigtithat class conditional independency
will be developed since the effect of an attribuidie on a given class is independent of the

values of the other attributes.
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2.12.1. Naive Bayes algorithm

As mentioned above the Naive Bayes classifier wesigthed for use when features were
independent of one another within each class, toappeared to work well in practice even

when that independence assumption was not valthagsifies data in two steps:

1. Training step: Using the training samples, the metbstimates the parameters of a
probability distribution, assuming features are ditonally independent given the
class.

2. Prediction step: For any unseen test sample, thinadecomputes the posterior
probability of that sample belonging to each cld$s method then classifies the test

sample according to the largest posterior prokigbili

Parameter estimation for Naive Bayes models usesntthod of maximum likelihood. The
advantage of these techniques is to model a predigtith the use of a small amount of
training data to estimate the parameters. It is ated to calculate the probability of each of
the possible classifications, and then choose ldssification model with the largest values.
The implementation process is as follows: Givenea &f “k” mutually exclusive and
exhaustive classes, ¢, Cs,. . . & in which they have prior probabilitiggc,), p(c), p(c). . .
p(ck) respectively, and the datasets with “m” numbeattibutesa;, &, as, . . . & and each
of the attributes with “n” number of values axg, Vv,, Vs, . . . \, respectively. Therefore the
posterior probability of the class occurring for the specified attribute can be shawie
proportional to:

P (¢0)*p (a;=vi and a=v, and = V3, . . . @=Vim/ G).

Assuming that the attributes are independent, Hwvea expression can be calculated using

the product formula as follows:
P (6)*p (aa=va| G)* p(az=v2| G)* p(as=vs| G)*...*P( @m=Vin/ G).
Finally the naive bayes classifier calculates th@va product for each valdg from one to

“k” and the classification with the highest value vii# used for prediction activities.
Therefore; the prior probability @i in the formula will be combined with the value oh™

with the possible conditional probabilities invaigi a test in the algorithm to the value of the

single attribute.
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This is formulated as follows:

m
p(ci) l_[ p(aj = vjlclass = ci)

i=1
When a new datasets arrives in the database, neetimiprobabilities using the most likely
class that the Bayes theorem generates as a Tlassonditional probability with the Naive
Bayes theorem will be calculated to formulate thebpbility of a given tuple in the datasets.
The best way using Naive Bayes classification & tinknown variables will be classified
from the very beginning by calculating all the pripobabilities and also all the conditional
probabilities involving on one attribute, thoughtradl the attributes are required for the
classification of a particular attribute.

2.12.2.Decision Trees and Decision Rules

Decision trees and decision rules are data-miniathodologies applied in many real-world
applications as a powerful solution to classificatproblemg16]. Here the process is the
learning algorithms in which the goal is to createclassification model, known as a
classifier, which will predict, with the values of its avéile input attributes, the class for
some entity (a given samplepecision trees and decision rules are typical daitang
techniques that belong to a class of methodoldb@sgive the output in the form of logical
models

Decision tree is an efficient method for producatassifiers from a huge datasets and most
widely used methods of learning that constructstigem a set of input-output samples. A
typical decision-tree learning system adopts admwn strategy and it consists nbdes
where attributes are testes that are the outgbiagchesof a node correspond to all the

possible outcomes of the test at the node.

As shown below in the figure, all samples with teatvalues = yesand Y=A belongs to
classl, Y= B belong to Class2, and Y= C belongSl&ss3 while the samples with values
= no belong to Class4, whatever the value for featurdnYgeneral, any restriction on a
particular tree representation can significantlgtniet the functional form and thus the

approximation power of the model. The greedy searethods, which involve growing and

48



pruning decision-tree structures, are typically Eygd in J48 algorithms to explore the

exponential space of possible models.

Class4

=A

Classl

Class?2 Class3

Figure4: A simple decision tree with the tests tintautes X and Y

As we can see from the figure above every patih¢oleaf in the decision tree represents a
classification rule. Attribute selection in J48 &Dd.5 algorithms are based on minimizing an

information entropy measure applied at a node

The approach based on information theory insistommizing the number of tests that will
allow a sample to classify in a database. Sincettidbute-selection part of J48 is based on
the assumption that the complexity of the decidree is strongly related to the amount of
information conveyed by the value of the givenilttite. Since the information gain is used
to measure the best attribute selection, the at#ilthat minimizes the information in the

resulting sub tree to classify the sample is ne¢tigld

As mentioned above decision tree algorithm usedtlits research is J48 which is the
implementation of C4.5 algorithmThe C4.5 algorithm recursively visits each decisiode,
selecting the optimal split, until no further spldre possible. For categorical attributes, the
C4.5 algorithm by default produces a separate brdoc each value of the categorical
attribute. This may result in more “bushiness” tli@sired, since some values may have low
frequency or may naturally be associated with ottedues. The C4.5 algorithm uses the
concept oinformation gainor entropy reductiorio select the optimal split of the attributes.
Suppose that we have a varialflevhosek possible values have probabilities p, . . . , p.
Here the question is, what is the smallest numbéits, on average per symbol, needed to
transmit a stream of symbols representing the gatiX observed? The answer is called the

entropy of Xand is defined as:

49



H(X) = — 2 , Pjloga(p;)
-

For an event with probabilityp, the average amount of information in bits recgiite
transmit the result is —log). For example, the result of a fair coin toss,hwitrobability
0.5, can be transmitted using —log25)0= 1 bit, which is a zero or 1, depending onréult
of the toss. For variables with several outcomes sinply use a weighted sum of the log2

(pj)’s, with weights equal to the outcome probabiitieesulting in the formula:

H(X) = — Z pilog(p;j)
-

Here what we can observe is C4.5 uses this congepntropy in the following ways.
Suppose that we have a candidate §hthich partitions the training data Seinto several
subsetsT1, T2, . .., Tk As a result the mean information requirementtbam be calculated

as the weighted sum of the entropies for the indial subsets, as follows:
k
Hs(T) = E P; Hs(T;)

Where Pi represents the proportion of records in suliseWe may then define our
information gainto be gain®) = H (T) —Hs (T), that is, the increase in information produced
by partitioning the training daf@ according to this candidate spit At each decision node,
C4.5 chooses the optimal split to be the split tieest the greatest information gain, g&jn(
As we have seen above in the C4.5 algorithm abdatmation gain the J48 algorithm uses

the same establishment for decision tree consbmf3a].

2.12.2.1. Minimizing Model Over-fitting on decision tree

A classification algorithm is said toverfit to the training data if it generates a decisioe tre
(or any other representation of the data) that népeoo much on irrelevant features of the
training instances, with the result that it perfermell on the training data but relatively
poorly on unseen instanc@$9]. Realistically, overfitting will always occur to greater or
lesser extent simply because the training set dumscontain all possible instances.
Therefore; it only becomes a problem when the ilagon accuracy on unseen instances is
significantly downgraded. Therefore; we always neéedbe aware of the possibility of
significant overfitting and to seek ways of redgcih Let us consider a typical rule such as
IF a=1 andb = yes andz.= red THEN class = OK Adding an additional ternthis rule will
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specializeit, for example the augmented ruled= 1 andb = yes andz = red andk = green
THEN class = OK will normally refer to fewer instas than the original form of the rule
(possibly the same number, but certainly no mdre)ontrast, removing a term from the
original rule willgeneralizet, for example the depleted rule &= 1 andb = yes THEN class
= OK will normally refer to more instances than thréginal form of the rule (possibly the
same number, but certainly no fewer). The princjpablem with Top-Down Induction of
Decision Trees and other algorithms for generatlagsification rules is that of over-fitting

When a decision tree is built, many of the branahéigeflect anomalies in the training data
due to noise or outliers. Tree pruning methods esidthis problem adver-fitting the data.
Such methods typically use statistical measuregnwve the least reliable branclesthe
decision tred426].

2.12.2.2. Classification Metrics for predictive model development

After a model has been developed for outbreak ptiedi using the PHEM datasets, it has to
be checked for its performance for the data thhtoeicollected in the surveillance system in
the future. The future outbreak data which is ma&nstoday will be predicted accurately with
a certain level of accuracy. As mentioned before tesearcher has used two types of
classification or prediction model to forecast theire outbreak. The first one is decision tree
and the second is Naive Bayes Classifier. The pedace of the predictive model will be
evaluated by the use of confusion matrix. As désdiin[50], the classification model is
evaluated by the conventional machine learningiosesuch as Precision, Recall, F-Measure,
TP Rate, FP Rate, and ROC Area and soon.

As stated irf26], the confusion matrixs a useful tool for analyzing how well your cldisi

can recognize tuples of different classes. If thgmclasses in the data set, a table of at least
sizem by m confusion matrix will be formulatedn entry,CMi, j in the firstm rows andm
columns indicates the number of tuples of clabsit were labeled by the classifier as class
As stated irf51], the confusion matrix is more commonly named comtimoy table. It states
that the number of correctly classified instanceshe sum of diagonals in the matrix; all

others are incorrectly classified.
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The model has to have a classifier which is hagagd accuracy; ideally most of the tuples
would be represented along the diagonal of theusdo matrix, from entr €M1, 1 to entry
CMm, m, with the rest of the entries being close to z&te following table shows a sample

two by two confusion matrix.

True Classes

Confusion Matrix Positive Negative
Positive | True Positive| False Positive
Count(TP) Counts(FP)

Negative | False Negative| True Negative
Counts(FN) Counts(TN)

Predicted
Classes

Tablel. Confusion matrix for two classes

As we have seen from the table above the confusinix with a certain class A is described
as follows:

True Positive (TP) Total percentage of members (in our case flouadsified as Class A,
which belongs to Class A.

False Positive (FP)Total percentage of members of Class A, whichsdus belong to Class
A.

False Negative (FN)Total percentage of members of Class A, incolyextassified as not
belonging to Class A.

True Negative (TN} Total percentage of members which do not belonGlass A and are
classified as not a part of Class A. It can alsgyiven as (100% - FP). These metrics will
help us form the overall accuracy, precision amdlteof the classification model. We define
these terms as follows:

Precisionis given as the ratio of True Positives to Trud &alse Positives. This value helps
us understand the classification capability to tiiembjects correctly.

Precision = TP / (TP + FP)

Recallis given as the ratio of True Positives to Trud Balse Negatives. This value helps us
understand the classification capability to deteemmisclassified members are something
else.
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Recall = TP/ (TP + FN)
Overall Accuracy is given as the ratio of all True Positives plusTalie Negatives to the

total Positives and Negatives.

Overall Accuracy = TP+TN / (TP+TN+FP+FN)

F-Measure is simply a combined measure for pretiaimd recall. These measures are useful
for comparing classifiers

F-Measure = 2*Precision*Recall / (Precision + Rechl
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Chapter Three
3. Public Health Emergency Management

3.1.Public health surveillance and response system

The public health system is continually challendmdrecurrent and unexpected disease
outbreaks and is facing the challenges of manabesajth consequences of natural and
human made disasters, emergencies, crisis andiatenfAs mentioned irf52], these
problems continue to disrupt the health care systamd successful detection and response
to these challenges is becoming increasingly cara@d. It is also added that the rapidly
expanding global economy, the convergence of peioplarge urban areas, the ease with
which people and goods travel around the world,rgeree of new infectious agents, the
wide distribution of manufactured foods and thengjiag nature of our environment are
some of the factors challenging the public heaygtesm to quickly recognize and respond

to widely dispersed public health events.

As stated 53], the goals of surveillance often differ at the vas administrative levels
of the public health system. Surveillance datawsed to allocate resources and evaluate
the impact of control and prevention strategies nodjrams at all levels. However, at the
local level the use of surveillance to trigger basgublic health investigations and
implement specific control activities predominatdsr infectious diseases and
environmental hazards. In contrast, monitoringtfends, measuring the effectiveness of
specific interventions, and conducting more congtéd analysis to elucidate risk factors
predominate at the national level. At the locakleanalytic capacity is usually much more
limited than at the national level. At the stateelepublic health agencies typically share

both perspectives.

As defined in[54], the term ‘outbreak’ has been defined as “an epicldimited to a
localized increase in the incidence of a diseasgg,rea village, town, or closed institution”
and an epidemic is defined as “the occurrence aoramunity or region of cases of an
illness, specific health-related behavior, or othealth-related events clearly in excess of
normal expectancy.” Sometimes we can see an ovéeapeen the term ‘outbreak’, as

defined here, and the term ‘cluster’. Both can $eduo describe an aggregation of diseases
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or events grouped in space, time, or both. The rdatinction is that clusters generally
refer to groupings of diseases or events thatedatively uncommon, whereas this is not a

condition for defining an outbreak.

WHO asserts that ‘effective communicable diseasatrobrelies on effective response
systems and effective response systems rely onteHedisease surveillance’. As defined
in [52] [55], Health surveillance can be described as “the inacknd forecasting of any
health event or health determinant through theigoatis collection of high quality data,
the integration, analysis and interpretation ohdatults into surveillance products and the
dissemination of surveillance products to those whed to know [to address] a specific
public health purpose or policy objectivié.is also defined as “Information for Actidbn
[52]. In general, Health surveillance is an essentialpmment of evidence-based decision

making practices in public health system.

As discussed if55], Humanitarian emergencies, whether they are cabgedonflict,
natural disaster or food insecurity, are frequeatigracterized by the displacement of large
numbers of people. Those affected are often settlietkmporary locations with high
population densities, inadequate food securitysdradter, unsafe water, poor sanitation and
infrastructure that has been compromised or destkoylhese circumstances can increase
the risk of transmission of communicable diseasesaher conditions, and can thus lead
to increased mortality (death). Diseases that laatendency to become epidemic (referred
to as epidemic-prone diseases), in particular,lm@a major cause of morbidity (disease)
and mortality (death) during emergencies. Rapideat&in and prompt response to

epidemics among the affected population is a keyipr during humanitarian crises.
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3.2.0verview of PHEM sector in Ethiopia

The general definition of Public health emergencynagement is the process of
anticipating, preventing, preparing for, detectiregponding to, controlling and recovering
from consequences of public health threats in otidatr health and economic impacts are
minimised[56].

The International Health Regulations (2005), (alederred to as the IHR or the
Regulations) entered into force on 15 June 200pddlic health emergence management
activities. The Regulations are binding on all 461@/ Member States in the African
Region as all have agreed in 2005 to be bound dsetiRegulations. The IHR have a broad
scope and the Regulations apply to “any emergenty wternational repercussions for
health, including outbreaks of emerging and reemgrgepidemic-prone diseases,
outbreaks of food-borne disease, natural disasterd,chemical or radio-nuclear events,
whether accidental or caused deliberately”. Th& Ikhke into account lessons learnt in
past decades in detecting and responding to disedbecaks. The IHR aim at protecting
global health security while avoiding unnecessatgrference with international travel and
trade and the purpose and scope is to “preverntegragainst, control and provide a public
health response to the international spread ofadesén ways that are commensurate with
and restricted to public health risks, and whicltoidvunnecessary interference with
international traffic and trade”. In the Ethiopiaontext IHR would be implemented within

the frame work of newly established PHEM Sector.

The importance of disease surveillance in guidieglth planning and interventions was
recognized for a long time. In Ethiopia, “Quarastitrules were proclaimed in 1947 with
emphasis on surveillance. Another legal notice sised in 1951, binding all public health
practitioners in the country to report communicabliseases. The PHEM under the
sponsorship of EHNRI has submitted legislation twmiiil of Ministers for approval. The
"Public Health Proclamation N0.200/2000” orderstthay individual who knows the
existence of communicable diseases in his/her itycia report immediately to the nearest
health institution and the institution receiving tfeport to take the necessary measures and

report to the appropriate health authority.

In 1948 an anti-epidemic service was establishedet with prevention and control of

communicable diseases. In 1951, 35 priority diseagre selected and classified into first
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and second class to be notified to MoH, immediatelyveekly as necessary. In the mid
1970’s the anti-epidemic unit was converted to expid control and surveillance unit
under communicable diseases control division amtica programs were conducting their

own disease specific surveillance.

After the health system reform in 1994 nineteereakes were selected for surveillance.
Though, Ethiopia has started implementing publialthesurveillance strategy since 2000,
there were impediments in the implementation of ghblic health surveillance strategy.
These include non-recording, failure to report asss of epidemic potential in time,
incomplete and late reporting of notifiable diseaseadequate data analysis especially at
peripheral level, failure to use available inforraatto follow disease trends, inadequate
laboratory involvement in case detection, poor fee# to health workers and
communities, duplication of resources meant forveilance and response, under
utilization of surveillance information in decisionmaking, shortage of technical personnel,
high turn-over of technical staff, lack of motivat, and under developed communication

systems.

Recently the Federal Ministry of Health has finetizBPR process for health related
activities. One of the core processes is PHEM whietomes operational since mid 2009.
PHEM core process is designed, as much as poskibileflect a multi hazard view giving

due emphasis to disease outbreaks and nutritionefgencies. It is envisaged that PHEM
core process will be responsible to detect unusealth events timely and institute

appropriate response measures promptly.

3.3.Ethiopian Public Health surveillance and Response
System

As mentioned above nowadays, investigations ofagdise are more complex in nature than
they were in the past because of a variety of nathqgens, risk factors and outbreaks,
which cross jurisdictions and national boundarigféen raising political and economic

concerns. Periodic infectious disease outbreaksraodrrent natural disasters serve to
remind the importance of the public health systenictv encompasses the government and

private sector, academia, NGOs, associations amn@lajment partners as a whole.
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However, there is tremendous task to be addressedder to narrow the gaps between
these actors in order to maintain adequate respottse&merging diseases and health

consequences of natural and human made dis§s8rs

Cognizant of the aforementioned factors, the hesdttior in Ethiopia has developed a fully
integrated, adaptable, all-hazards national prejpeess and response system within PHEM
core process. This Core process is comprised ofsiolol processes which are Public Health
Emergency Preparedness, Early Warning, Respons&acalery. It is believed that the
PHEM core process will provide the health sectothva system that is effective and

efficient; and its implementation shall be in ac@mtability basi$52].

As mentioned ir[55], the process of surveillance activities for différeiseases involves
similar functions and very often uses the samectiras, processes and personnel. A multi-
disease approach to disease surveillance aimstalblisking well co-ordinate action-
oriented surveillance systems that seek opporamitor integration of core and support
surveillance functions when appropriate, maximigeesgies, take advantage of new tools,

build on existing resources, and benefit from sssfié initiatives

A functional disease surveillance system is esskemdr defining problems and taking
action. Proper understanding and use of this essemgidemiological tool (public health
surveillance) would help health workers at the War@and health units to set priorities,
plan interventions, mobilize and allocate resourdesect epidemics early, initiate prompt
response to epidemics, and to evaluate and moméalth interventions. It also helps to

assess long term disease trends for better imphkartin@ms[52].

As mentioned above, Ethiopia is facing the chakengof managing the health
consequences from natural and human made disasteesgencies, crises and conflicts.
These problems continue to disrupt the health sgstem. Successful detection and
response to these challenges is becoming incrégsiomplicated. Ethiopia’s public health
infrastructure requires adequate attention andcatiion of resources to be sufficiently
prepared, enable early detection, and to respoddrecover rapidly from the impacts of
these challengg$s8].

Health departments investigate suspected outbffiealks variety of reasons. These include
the need to institute control and prevention mezsuthe opportunity for research and

training; program considerations; and public relasi political concerns, and legal
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obligations[59]. Additionally, most outbreaks come to the attemtid health departments
in one of two ways. One way is by regular analydissurveillance data. That means,
unusual rises or patterns of disease occurrencbedetected promptly if surveillance data
collection and analysis are timely. The second,@otiably more common, way is through
calls from a health care provider or citizen wh@ws of “several cases.” For example, a
member of the public may report three infants baith birth defects within a 1-month
period in the same community. This aggregation afesseemsto be unusual, but
frequently the public does not know the denominatog., the total number of births--or

the expected incidence of birth defects.

For the most part, public health surveillance il wtry much disease or program specific.
It works how data are gathered, aggregated, ardlyaed summarized may be quite
different for different types of diseases calé}. It is also different for influenza than for

enteric illnesses, and different again for sexutinsmitted diseases. In addition to that
many disease specific surveillance systems shilaa the manual collection of data from

the providers, mail and fax (and now email) toslidata to a centralized location, manual
execution of basic statistical procedures to sunmeathe data, and mail and fax (and

email) to distribute the results.

59



Chapter Four

4.1. Business understanding and data preprocessing

4.1.1. Business understanding

The MOH of Ethiopia and its development partnerseased the country's surveillance
system and used the results to adapt a five-yetonah plan As mentioned in[6], In
Ethiopia, infectious and communicable diseases watdctor about 60-80% of the health
problems in the country. Ethiopia developed a freer strategic plan and started
implementing the IDSR consisting of 23 priority eises that are epidemic-prone, have
public health importance and are targeted for eediin and elimination. “Later three
diseases were reduced and 20 of them were onlywfetl up in the sector”. The systematic
evaluation of the first five years of implementatiodicated that the country has successfully
expanded its surveillance system up to the heattire and hospital level, improving the

early detection, reporting, epidemic preparednagds@sponse activities

As mentioned before the objectives of communicatiBease outbreak surveillance and
response are usually take care of patients, prefuetiter cases, end the disease outbreak
cases quickly and prevent its recurrends defined in the literature part of this paper,
Surveillance is the systematic and continuous ctitia, analysis and, interpretation of data
related to disease occurrence and giving feedbat¢hkase who need it to take action, it is

important to have quality and consistence datasets.

As stated before the PHEM sub processes of the MioBthiopia are designed to ensure
rapid detection of any public health threats, pregaess related to logistic and fund
administration, and prompt response to and recadveny various public health emergencies,
which range from recurrent epidemics, emergingdiidas, and nutritional emergencies to
chemical spills and bioterrorism. In the sectoreéhare 20 diseases which are epidemic prone
and reported in timely and weekly bases. But thastlen making process was not supported
with machine learning data mining tools and techegjto enhance the system functionalities
by increasing its effective and efficient. Hence tiesearcher wanted to analyze the system

with these applications whether to see its functi@s good or not and to develop a better
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model on the existing datasets collected in théosecThese datasets were consisting of the

following disease outbreak cases shown in the tadlaw:

Surveillance data set reporting Epidemic Diseasésts

AFP/Polio

AHI

Cholera(AWD)

Guinea Worm( Dracunculiasis)
NNT( Neonatal Tetanus)

RVF

SARS

Small Pox

Mandatory notification(Daily
reportable diseases)

©| Nl oMW NI

. Plague

10. Yellow fever

11. Anthrax

12. VHF( Viral hemorrhagic fever)

Routine surveillance(Weekly| All the above+
reportable diseases) 13. Meningitis

14. Malaria

15. Measles

16. Typhoid fever
17. Typhus

18. Relapsing fever
19. Rabies

20. Malnutrition

Table2. Epidemic prone reportable disease lists

The researcher used weekly reportable (routineedilance) disease outbreak cases to test
with data mining techniques for description anddpréon data mining modeldevelopment
techniques. Finally, the EMoH stated that the PHEMe process activities were to be
implemented by appropriately trained and capahidéegsionals for quality data management
activities and accurate decision making processeddtter decision making activities. But
the data sets were still in a poor quality and haissing variables which were important for
data mining applications. The PHEM sector usediticahl data collection mechanisms and
the data analysis tools were also statisticalHergurpose of description capability of disease

occurrence on the bases of time, place and person.
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4.1.2. Data Understanding and Preprocessing

As stated in the methodology part of this resedtwhdisease outbreak surveillance data was
incorporated and used from PHEM. In the survedéadatasets, data had been collected in
timely (daily) and weekly bases form different gaot reporting sites of the country. Here all
the regions, zones, districts and respected reyppsites were expected to send the data as
per the requirements of the sector and the MoHirarly and weekly bases. Since disease
outbreaks cases were investigated in person, tintk pace setting, the datasets were
consisting of attributes likRegions Zones andWoredasof the country for place setting,
Year, Monthand Epidemic weekfor time setting,number of casesnd deathsof the
population in the country for person and finalhumber of NGO'’s, governmental

organizationandhealth facilitiesfor data reporting activities.

The researcher used only weekly collected diseat®ank cases (routine surveillance data)
from the surveillance data store. As per the metedesign methodology, datasets from
2004-2012 G.C were incorporated. These data waerdlection of records from the IDSR
datasets which was collected from 2004-2008G.C.eawing 4715 number of records and
42 number of attributes. Whereas the data in thheent PHEM core process dataset were
having a collection of 14509 number of records &Bdhumber of attributes collected from
2009-2012G.C.

These datasets were analyzed in a separate mamhéater they were integrated or merged
together for some model development as a compaasenperimental results from the two
isolated datasets in association rule mining toastie correlation of disease cases from the
three datasets individually and altogether. Forpigose of prediction activities of disease
outbreak cases, only the new PHEM sector datasets used and for the purpose of data
clustering or disease segmentation the researcleekthe integrated (merged) datasets of the
two systems, because of time and budget constrastsentioned in the limitation part of
this research.

Finally, the data preprocessing activities, suchdat cleansing, best feature generation
(attribute selection), data transformation, andadatiuction were implemented step wise as

follows.
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4.1.3. Data Preparation

As shown on the methodology parts of this reseatata preparation is the firsts step in data
mining applications after the data collection ph&ses been completed. Therefore, this
process was used to get quality data. It was becaasa quality is a prerequisite and crucial
part of data mining techniques. Therefore high itpalata was required to implement data
mining algorithms for better results. Prior to datadeling, the data needed to be prepared
for better quality in the required format and lev&tcording to[59], the objective at this
stage was two-fold; to obtain data prepared in fibien required by the data mining

algorithms and to expose as much information asiplesfor data modeling.

Data preprocessing activities are the most impopants of the process for data quality. In
general there are four types of data preprocessogniques to transform the data and
improve its quality to suit the requirements of kbarning algorithms. The first part was data
cleansing. It was applied to the data by fillingnmssing values, removing or smoothing
noise, identifying or removing outliers and incateincies in the data. The second part was
data integration. It was used to merge the daten froultiple sources into coherent data
stores. The third is data transformation. It wasdug transform and consolidate data into
forms appropriate for mining activities, and thettiois data reduction. It was used to reduce

the data size by aggregation, elimination of redumdeatures, or clusters.

As described above after the data have been amiléicom the respected data stores, the
process of data cleaning and preparation was feliowhis process was highly dependent on
the specific data mining algorithm and tools choggrthe data mining activities. But all data
mining applications need the preprocessed and eteatata for better prediction and
description purpose. The researcher has attemptguepare the data accordingly to the
requirements of the selected data mining softwateka and selected data mining algorithm
such as Decision Tree and Naive Bayes classifitagigorithm, Apriori algorithm for
association rule mining and simple-K-Means algaonitfor data clustering. It was because;
Weka is multi-functional data mining software whishused for the process of classification,

clustering and association rule mining applications

Hence, the major data mining functionalities immoated in the software are data

preprocessing, classification, association, clusgerattribute selection and visualizing. To
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use the surveillance datasets for data mining eqptins from PHEM sector to a specific
algorithm the researcher checked the quality o&.d&ince the selected data mining tool,
Weka, does not allow any inconsistency among aitiibvalues and their definition,

considerable amount of time was spent in checkirggdonsistency.

In IDSR dataset attribute values were written irerand capital letter for the same data
element for example in the region attribute lIR&IHARA, OROMIA, TIGRAYh some
records andhmharg Oromia, Tigray in other records and sometimes miss spelt of thwel w
itself like SomaliandSomalia There were also cases lIBENISHANGUL GUMUZandB-
GUMUZ and so on which was the name for one region ird#tasets with different naming
styles, therefore the researcher with the discossidhe domain experts had given the same
naming style for the values of the attribute toreor the inconsistency among data elements
throughout the datasets. For instaBe&umuzwas assigned for the whoBENISHANGUL
GUMUZ naming styles.

The Algorithms chosen to generate patterns fromsttlected dataset, predict the future
occurrence and to show disease outbreak segmentatibthe density of the outbreak cases
in a certain location with time variant were impkemed in the research. The researcher
determined to remove the missing data with thestiwll of 10% missing elements and
eliminated all the attributes from the datasets.

As mentioned above the missing data elements wengpdd if the percentage of missing
elements were more than 10% as shown in AppindexilAppindex2 for IDSR and PHEM
datasets attribute description and missing valuaekulation respectively. Therefore,
attributes such a#/oreda, HealthF, NumReportingSites, NumSitesReprteely, NumSites
ReportedLate, UncomplicatedLabMalOutptcases, Metighgpt, Meningitisdeathd)ateSent
Report, and DateRecRepdrave been removed from the datasets since thergage in the
missing values were higher than the user spectfiegshold. Additionally, some attributes
have been integrated together and changed to titrite values because of the objectives of

the research and the importance of the attributes.

For instance attributdike MalL5yOutPtCases, MalL5yInptCases, MalGE5y@ad#3es, Mal
GE5yInPtCases, MalGE5yInPtCases, MalL5ySevAnemi@lges, MalG5SevAnemialnptCa
ses, MalarialnPregnancyOutPtCases, MalarialnPregndnptCases, MalL5yLabOutPtCase
s, UncomplicatedMalPVivax, UncomplicatedLabMalOa#sies, and uncomplicatedMalG5L
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abConfPVivaxwere merged together into one attribute valueedathalaria occurrence which
was later represented with the binary values ofr @ dor clustering and association rule
mining and Yes or No values for classification aitjon for the occurrence and non-

occurrence of the disease cases.

The indication of 0 or “No” meant the non-occurreraf disease outbreak cases and 1 or
“Yes” meant the occurrence of the outbreak diseaasss and the other remaining malaria
related

deaths likeMalL5yInptDeaths, MalGE5yInPtDeaths, MalL5ySevArnutDeaths, MalG5y
WithSevAnemialnptDeaths, MalarialnPregnancylnptbsediad no use in model preparation
for diseases occurrence or future incidences @adis cases. The attributes for deaths of all
the disease cases were not included in the modelajament to run on the algorithm since it
was not the cause of an outbreak rather they wahg the consequence of the disease

occurrence.

4.1.4. Data Quality Measures

The quality assurance mechanisms of the dataadtéine early stage of the disease outbreak
surveillance data reporting and collection actati It implies the timeliness and
completeness of data in the data store as welha@snclusion and exclusion of attributes
important to disease outbreak surveillance systéhe PHEM data center registered only the
data that the sector staffs required for statiktitescriptive analysis as mentioned in the
problem. Therefore, the problem of getting qualitgta decreases as the efficiency and

effectiveness of the reporting mechanism or systeareases as well.

As stated in62], it was also important to classify the disease £dseage group andsex
category to take measurable action accordingly. &better predictive model preparation,
disease outbreak cases datasets have to includietbeminants of outbreak cases in place
and time setting. Some other determinant fact@esdnvironmental condition(Temperature,
relative humidity, Latitude, rainfall, drought), al condition (income statues, hygiene
system, settlement condition, population densiarmess of health center, urban or rural
setting, immune system of the community, vaccimaiged), disease condition (specimen

collection, result confirmation, natural history othe disease description, way of
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transmission) and the existence of other naturalval as manmade hazards(forest burning,
war, flooding, earth quakeand so on) were missing from the dataset whauh & greater

effect for disease occurrences.

As per the discussion with the domain experts, gheblem was the uniformity of data
reporting formats, activities and the burden ofadftr disease outbreak cases which were
reported from different locations of the countryinc® the most important thing in the
surveillance data quality is the best use of datkection tools, use of appropriate reporting
formats, integration of data elements from diffém@porting sources and data formats, use of
appropriate transformation mechanisms to prepat@ Warehouse or data marts, collecting
the data on timely bases, filling the data as maglpossible or reducing the missing values,
removing noise in the data, reducing inconsistencad so on. But the surveillance data
store lacks most of the above features, which wap®rtant for the best use of data mining

techniques.

4.1.5. Data transformation

Data transformation is the process of convertirgdhta in to appropriate format in which
data mining algorithms are implemented correctlateDtransformation started from the
conversion of data file format for better data m@iapplications. For Apriori algorithm in
association rules mining the data should be in naifiormat and the class of the decision
tree algorithm should also be categorical. Sinda daning application for association rule
mining application the attribute values of numedata types needed be discretized or
categorized in nominal data type before the algoriis applied to it. That was why the
researcher had converted the attributes of diseagbseak cases from the number of total
people infected cases in to non-occurrence for aemsber of people infected and occurrence
for none zero infected persons with the specifigihi@ak cases. Additionally for the purpose
of disease outbreak classification there were alseed of categorization in to occurrences

and non occurrences of disease case.

Data mining have different types of tools and attpons which were mentioned in chapterl
and Chapter2 of this research work, the reseanecbed WEKA3.6 and WEKA3.7 tools to

analyze the data after it had been converted in WHHKta mining tools’ acceptable format.
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The input of the data into data mining applicatiprnsved to be simple with the conversion of
an Excel spread sheet datasets into a CSV filedbamd then an ARFF file format.

Since the surveillance data was stored in Microseéel worksheet, the researcher converted
or transformed into CSV text format or ARFF filerfimat to be processed accordingly with
appropriate data mining algorithms. As mentionedvab researcher had tried to convert
from the excel datasets format first CSV file fotnamd then ARFF file format for better
processing in Weka data mining tools acceptablem&br Another issue for data
transformation was the data types needed by eaamuaing algorithm. For example one of
the limitations of association rule mining with Agmi algorism was inability to handle
numeric data values. Therefore the researcher ovasd to transform the data from numeric
attribute values into nominal values by changinghber of disease cases to occurrence and

non-occurrence.

4.1.6. Data integration, data reduction and feature selection process

As mentioned in the previous parts of this papeg, country disease outbreak surveillance
data were collected previously by IDSR system amdeatly by PHEM core process. The
researcher had done analysis on the two datageasased and merged together for further
investigation. Here, the data integration procesgsese performed by analyzing between
IDSR and PHEM surveillance system after the twoasktls had been preprocessed and

cleaned separately.

After the preprocessing phase of data mining apfioc 4093 number of records from
PHEM and 4703 number of records from IDSR systetasgds were obtained. Therefore, the
total of nine year of 8796 records were preparectlhiostering and association rules mining
model development as well the four years data 8B4@cords from PHEM only were used
for epidemic typhus disease classification purpoBes in association rule mining for the
sake of result comparison and to see the new patter the two datasets and in their
integration i.e. in ISDR, PHEM and the combinedadats were investigated separately by

the Apriori algorithm.

The researcher tried to analyze the data deeplgdta integration process, and considered

the following concepts and terms in the preprocgsgihase for better integration. These
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were the consistency of the naming system in eatdsdts, the appropriateness of data type
used, the number of attributes involved, the nundbeecords needed, the importance of the
attributes, the number of missing values or pesggad of missing values for each datasets
and the redundancy of records and attributes fimaliking the two datasets to have the same

number of attributes and attribute naming system.

According to[63], when processing large databases, one faces tyav pisstacles such as
numerous samples and high dimensionality of theufeaspace. For example, the documents
are represented by several thousands of words;eisnage composed of millions of pixels,
where each word or pixel is here understood asaturfe. That currently, processing
capabilities are often not able to handle such digiensional data, mostly due to numerical
difficulties in processing, requirements in storage transmission within a reasonable time.
Smaller dimensions are also advantageous whenlizisigaand analyzing the dati®1].
Thus, in order to extract desirable informatioimmensionality reduction methods were often
applied. The overall idea was to determine the dioate system where the mapping would
create low-dimensional compact representation efitita whilst maximizing the information

contained within by removing unnecessary variables records.

Since the datasets were from different data sswth different types of attribute names
and number of attributes, the researcher integratezl data with the appropriate
transformation mechanisms. For example, in the PHiKeillance datasets, the attribute
EpidemicWeeksvas found but it was missed from the IDSR systetaskt. Therefore; the

researcher removed the attributes which were ngssom one dataset and existing in the
other to make the two datasets consistence. Byirtitdem was how to drop this attribute or
variables in such a way that the datasets wouldasstits original meaning or information

and records. The process was using concept higrarch

In the case of concept hierarchy, the lower conegfpibutes are included in to the higher
level concepts. For instance derived attribute$ siscthe sum of four sequence (four weeks
are one monthpidemicWeekalues were merged together to form a month fgivan

reporting site. To do this the problem was how doue merge weeks together in a month,
for this the researcher planned to count the tataiber of weeks which were reported from
each reporting sites of the country in a monthc&ithe reports were done on the weekly

bases, every reporting sites of the country wepeeted to send reports al least three times
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and appropriately four times in a month. l.e. ladl ites were expected to send the report in a

weekly base every time.

Another issue was the problem of redundant ate#buike Year and Month which were
recorded twice in datasets in Gregorian and Ethiomolander systems. The researcher
decided to use Gregorian calendar format. It wasbee of the weeks for data collection
processes were taken on the bases of WHO epidemék @wata reporting format. Some
attributes were also merged together when they wepeesenting about one thing like
inpatient, outpatientases which were simply telling us the occurrevicéhe disease cases.
Since the objectives of the research, the reseatdlee to combine the total cases as the
occurrence of disease outbreak cases whatevemuthbears of infected persons. All disease
cases were formulated to be occurrences when tene existence of disease cases and non-

occurrence’s for no disease cases.

4.2. Data quality assessment based on timely data reporting
activities

As mentioned in the methodology parts of this regeapecifically on the methods of data
collection part of the first chapter, the researalsed routine surveillance data or weekly
reportable disease surveillance datasets for asalpsd model development purpose.
Prediction and description model were also develdpem this datasets. The analysis was
done according to the format that was used byehbtos personnel’s and WHO data reporting
format for weekly reparable diseases outbreak caldese the researcher with the discussion
of the domain experts, weekly data reports werevexad in a monthly manner with the

following week to month conversion processes. Toreversion was done to make the IDSR

and the PHEM data sets having the same formatiaysis purpose.

Since it was mentioned in the data understandings pzf this research work, the IDSR

system didn’t have attribute values in themberOfWeekvariable. Therefore the researcher
has performed the conversion to eliminate the issbencies of data elements (attribute
values) from the two datasets. Weekly data reppmmality measures were done according
to the criteria set by the domain experts and #searcher for the weekly reporting system

evaluation process with respect to time and theesgce of reporting activities:

69



If the number of weeks reported in a month wers than three, then that month was

said to be under reported

If the number of weeks reported in a month wéred or four, then that month was

said to be correctly reported and

If the number of weeks reported in a month wereanban four, then that month was

said to be over reported(unexpected report)

The above criteria were set with the standard ef RHEM sector effective data reporting

activities. These scenarios were described in #ietbelow for quality data reporting

measures with regard to the timely measures. Toerefveekly Reports of disease outbreak

data which were sending from different places ef¢buntry were evaluated statistically with

the following tabular forms for each month to tHéEM dataset.

N Months Under | Under| Correct | Correct| Over | Over | Total counts| Rem:
0. reported| % | reported| % reported| % | of all weeks| rk
1 | Januan 63%| 71.43 224 25.20 30| 3.37 889

2 | February 630 70.87 231| 25.98 28| 3.15 889

3 | March 626/ 70.42 232 26.10 31| 3.49 889

4 | April 512| 76.65 86| 12.87 70| 10.48 668

5 | May 501 75.00 158| 23.65 9| 1.35 668

6 | June 497 | 74.40 75| 11.23 96 | 14.37 668

7 | July 501 | 75.00 16z | 24.25 5| 0.75 668

8 | August 507 75.90 156| 23.35 5| 0.75 668

9 | September 487| 72.90 74| 11.08 107 | 16.02 668

1 | October 485 72.60 179| 26.80 4| 0.60 668

(1) November 501 75.00 169| 25.30 3| 045 673

i December 456 68.26 113| 16.92 99| 14.82 668
?otal numbel 6338 1859 487 8684
Average % 73.20 21.06 5.80

Table 3: The percentage of reporting efficiencynionthly bases of the PHEM dataset
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From the table above we could understand that 782%te total reports on weekly reporting
bases of the PHEM sector datasets were under egptdm the expected report amount.
Around 21.06% were correctly reported and 5.80%eweported over expected or the
datasets contains unexpected report. Thereforaefparting system of the current PHEM
surveillance system was not having timely dataectibn mechanism for effective and
efficient surveillance system. As the discussiothwine sector experts, the problem was the
absence of enough infrastructures like: web-bats aalection tools, fully integrated mobile
computing technology, the shortage of skilled humesources, the lack of integration among
information technology and public health profesasisnat every places of the country and
soon. The above problem led to the problem of ia@omplete, inconsistence, unexpected

(over or under) reports of disease occurrencestamupacts to the sector.
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Chapter Five

5.1. Experimental Process for MD

It is known that accessing and processing the esaérging disease outbreak data for
experimentation was a very difficult activity dueriational data security and confidentiality
problems. Here the researcher has discussed abeuflata with the domain experts for
analysis purpose. They allowed giving only the daikected from routine surveillance on
weekly bases. Those data consisted of five selegpédbmic prone disease cases such as:
Malaria, Typhoid Fever, Epidemic Typhus, Relapdteyer, and MeningitisTherefore, the
researcher has decided to use the available digk#iaeon hand for model development

purpose.

For this phase, the researcher tried to analyzeeapdriment the preprocessed nine years of
data(from 2004-2012G.C.) with 8796 number of rescidm the integration of the total
datasets for clustering and association rules migind the currently PHEM system four
years data (2009-2012G.C.) of 4093 number of recorere used for disease classification
purposes. But in association rule mining for thieesaf best rule generation purpose both the
old and the new datasets and their integration werelved. l.e. in ISDR, PHEM and the
combined datasets were investigated separately Hey Apriori algorithm. But for
classification purpose the researcher would ong/the new PHEM surveillance datasets for
Epidemic Typhus disease occurrences predictionwds because of the change in the
surveillance system of the country from IDSR to RHEy the new implementation of BPR

in the sector.

For a better prediction model preparation purpake, researcher used Tenfold (10 fold)
cross-validation which was used to test the sigaifce of the decision tree and the naive’s
Bayes classification algorithm with better performoa. The researcher had also tried to show
disease segmentation or clustering for diseasaeakirases to group the disease cases in to
different regions of the country and with the tipeziod of the nine years datasets. Simple K-
means algorithm was used to cluster the prevalehdesease cases in to appropriate level of
segmentation. All the preprocessed and prepare@ 8¥®rds of the nine years data were
involved in this algorithm since the datasets wexpected to be grouped according to the

time and place setting of the disease occurrence.
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5.1.2. Experimentation with Apriori Association-Rule Mining
algorithm

As mentioned in the methodology parts of this regedpriori algorithms are efficient way
of detecting important patterns from a large dasaskhe researcher used weka.gui.GenericO
bjectEditor window’s default upperBoundMinSupport 8, lowerBoundMinSupport = 0.1
and the first Experiment’s numbers of rules = 10.db so, In every iteration the support was
decreased by some specified values (delta) tillpttoeluction of constant or identical Min-
Sup, Cycles Performed and Numbers of large item3éts number of cycles indicated the

time to generate some sorts of rules with the rekeas specified Min-Sup values.

As mentioned before in the methods of associatide mining application the researcher
used support and confidence rule interestingnesasuane. They respectively reflect the
usefulness and certainty of discovered rjf&}. Association rules are considered interesting
if they satisfy both a minimum support threshold ahminimum confidence threshold. Such
thresholds can be set by researchers or domainrtexptere, the researcher defined the
minimum support as 20% and minimum confidence &$.9he different experiments were
performed to uncover interesting correlations betweassociated disease cases. The
minimum support was defined to be small, it wasalbse the researcher with the discussion
to the domain experts, there were disease caseshwirre occurring infrequently like
meningitis. Therefore; to include such rarely ocowy disease cases to Apriori algorithm
association rules mining, the researcher had deétimet small value of minimum support and

minimum confidence.

As mentioned before, the rules that satisfy bathir@mum support thresholanin sup and a
minimum confidence thresholdn{n conj were called strong. By convention, we wrote
support and confidence values so as to occur bet@&eand 100%, rather than O to 1.0 for
this research work. It was because the percentalge vs more preferable to discuses about
the results. The three datasets mentioned in g@@eessing phase would be analyzed below
one by one for better rule generation and compangmopose. Finally the two datasets were
merged or integrated together to see whether tlvere different and additional interesting
rules or not. After the generation of rules frora thdividual datasets of the two surveillance
system, the researcher also generated rules frentdmbined datasets of the whole nine

years country surveillance system.
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As mentioned above, after the data have been losoled/eka data mining tools, the
researcher used the default values ofwile&a.gui.GenericObjectEditavindow components
for the first 10 rules to be generated by loading tlatasets in the stepwise process. The
algorithm outputs 10 rules, which were ranked adiogy to the confidence measure. The
confidence was given in parentheses after each ruie the rules, there were numbers
following a rule’s antecedent which shows how marsgances satisfy the antecedent and the
number following the consequence or the conclusimows how many instances satisfy the
entire rule (i.e. the rule’s “support”). Practigalit could be very exhaustive to find minimum

support and minimum confidence values that wowe gateresting rules.

To generate interesting rules, the researcher Apriori algorithm several times with
different numbers of rules for each iteration with additional rules for the next
experimentation to see additional interesting aifterént patterns. The interval between
number of rules were taken as 5 by the researadeause of time constraint to analyze all
possible rules which were generated only by addingule for every experiments. The
researcher used the same specified minimum comfederalue which is 0.9 or 90%
throughout the different experimentations, whichsvgiven by theminMetric parameter of
weka.gui.GenericObjectEditavindow as default value.

As mentioned in the chapter 2 of this paper, tipgpert of the rule was expressed as a
proportion of the total number of instances or @fivwen diseases outbreak cases to the total
number of disease outbreak cases in the datasetsiefitioned before for Apriori algorithm
to take place, there are many database scans idettedopment of interesting rules with
different large i-temsets in each experimentatioows1 below. The result of the rules was
analyzed accordingly for each datasets in five rpmtation and the experimentation

results were described in tabular format for betiswalization purpose.
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5.1.2.1. Association rules mining by Apriori Algorithm for PHEM datasets

The rules were generated from Weka3.6 and wekabWwith Apriori association rules
mining algorithm were shown below. As mentioned data preparation phase of this
research, the PHEM datasets had a total numbed9¥ decords which were well prepared in
the required format. The total numbers of diseaseg were five with occurrence and non-
occurrence of disease cases. The experimentatsigavere described in the table below.
There were repetitions of rules from the first Exxpent to the next Experiment and so on.
Therefore; the researcher identified in each itemeind discarded the repeated rules from the
next following experimentHere the researcher stopped developing the rutes tife %'
experiment or the generation of 30 rules. It wasabhse of the algorithm generated the same
values of Min-Sup, No. of instances for Min-Sup rtroer of frequent itemsets), No. of
Cycles Performed, L(1), L(2) L(3), L(4), and L(3host of the rules were also repeated and

found in the previous experimentation and the megliules were also obtained.

Experi | No. No. Min- | No.of Min- | No.Cy | L(1) | L(2) | L(3) | L(4) | L(5) | L(6) | Best
ment of attributes| Sup | instances| Conf | cles rules
No. instan | involved for Min- perfor perfor
ce Sup med med
El 4093 | 5 50%| 2046 90% 10 5 8 5 - - - 10
E2 4093 | 5 35%| 1433 90% 13 5 10 8 2 - - 15
E3 409 | 5 30% | 122¢ 90% | 14 7 12 11 4 - - 20
E4 409: |5 25% | 102¢ 90% | 15 8 17 15 6 1 - 25
ES 409 | 5 25% | 102: 90% | 15 8 17 15 6 1 - 30
E6 409: |5 25% | 102¢ 90% | 15 8 17 15 6 1 - 35
E7 4093 | 5 25%| 1023 90% 15 8 17 15 6 1 - 40

Table 4: Tabular description of Apriori Algorithra Association rules generation for PHEM datasets.

Descriptions of terms in the table abowmii-Sup=minimum support, Min-Conf=minimum confidenc
L (1) = the first large 1-temsets, L (2) = the sattarge 2-temsets, L (3) = the third large 3-tede (4) = the
forth large 4-temsets and L (5) = the fifth largeefsets.
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Apriori Algorithm Experimentation Result Analysis

Here the researcher discussed only the selected suice the purpose of the research to get

the more interesting rules and time constraintsouses all the generated rules.

Experiment 1:

=== Run information ===

Scheme: weka.associations.Apriori -N 10 -C®.9 -D 0.05-U 1.0-M 0.1 -S -1.0 -c -1
Relation: PHEM Datasets for prediction actisti

weka.filters.unsupervised.attribute.Remove-R1-5-
weka.filters.unsupervised.attribute.NumericToNorhkiRérst-last

Instances: 4093

Attributes: 5
MalariaOutbreak
MeningitesOutbreak
TyphoidFeverOutbreak
RelapsingFeverOutbreak
EpidemicTyphusOutbreak

=== Associator model (full training set) ===

Apriori

Minimum support: 0.5 (2046 instances)

Minimum metric <confidence>: 0.9

Number of cycles performed: 10

Generated sets of large itemsets:

Size of set of large itemsets L(1): 5

Size of set of large itemsets L(2): 8

Size of set of large itemsets L(3): 5

Best rules found:

1. TyphoidFeverOutbreak =1 2960 ==> MalariaOutkrda2879 conf:(0.97)

2. MeningitesOutbreak=0 TyphoidFeverOutbreak =0623=> MalariaOutbreak=1 2232 conf:(0.97)

3. MeningitesOutbreak=0 3393 ==> MalariaOutbreaR%49 conf:(0.93)
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4. RelapsingFeverOutbreak=0 EpidemicTyphusOutti@ak2371 ==> MeningitesOutbreak=0 2193
conf:(0.92)

5. RelapsingFeverOutbreak=0 2827 ==> MalariaOutloré 2605 conf:(0.92)

6. MeningitesOutbreak=0 RelapsingFeverOutbrealsy 2==> MalariaOutbreak=1 2359 conf:(0.92)

7. RelapsingFeverOutbreak=0 EpidemicTyphusOutbreé@371 ==> MalariaOutbreak=1 2159 conf:(0.91)
8. EpidemicTyphusOutbreak=0 2787 ==> MalariaOwkredl 2536 conf:(0.91)

9. RelapsingFeverOutbreak=0 2827 ==> Meningitebf@atk=0 2567 conf:(0.91)

10. MeningitesOutbreak=0 EpidemicTyphusOutbreak4@82==> MalariaOutbreak=1 2268 conf:(0.91)

1. TyphoidFeverOutbreak=1 2960==> MalariaOtbreak=1 2879 conf:(0.97)

The meaning of the above rule has shown théateffe was the occurrence of Typhoid Fever
disease case then the occurrence of malaria disesss in a certain area and time period
was 97% confidence with the support level of 70.34%The support of the rule was
calculated from the number of items on the righdhaide of the rule 2879 with the total
number of items in the transaction (datasets adadie cases) which was 4703. The number
on the right hand side of the rule 2879 indicales the number of items which were covered
by its antecedent. As we can see from above there wwo disease cases involved in the
rule. Therefore this rule was generated from tvemfiently occurring disease cases. We can
also calculate the confidence of the rule by thvesidin of the number on the right hand sides
of the arrow or rule to the left hand side of tineoa or the rule. The number of items on the

consequence side was also shown after the rule.

Experiment 2:

Additional Best rules found after manually remoohithe repeated rules:
3. TyphoidFeverOutbreak =1 RelapsingFeverOutbredks3® ==> MalariaOutbreak=1 1683 conf:(0.97)

4. MeningitesOutbreak=0 TyphoidFeverOutbreak =laps&ngFeverOutbreak=0 1519 ==> MalariaOutbreak=1
1468 conf:(0.97)

5. TyphoidFeverOutbreak =1 EpidemicTyphusOutbr@aké67 ==> MalariaOutbreak=1 1597 conf:(0.96)

8. MalariaOutbreak=1 RelapsingFeverOutbreak=0 Epid€yphusOutbreak=0 2159 ==>
MeningitesOutbreak=0 1995 conf:(0.92)

13. MeningitesOutbreak=0  RelapsingFeverOutbreak=0piddmicTyphusOutbreak=0 2193 ==>
MalariaOutbreak=1 1995 conf:(0.91)
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Description of the rules generated:

5. TyphoidFeverOutbreak=1 Epidemic TyphusOutbreak=0 1667==> MalariaOtbreak=1 1597
conf:(0.96)

The above rule is a three itemsets (disease cades).e three disease cases were involved.
The rule has shown that ifiere were occurrences of Typhoid Fever Outbreak and with no
occurrence of relapsing fever then the occurrerffamalaria disease cases in a certain area

and with some time period was 96% confidence vithsupport value of 39.02%.

8. MalariaOutbreak=1 RelapsingFeverOutbreak=0 Epid€yphusOutbreak=0 2159 ==>
MeningitesOutbreak=0 1995 conf:(0.92)

The above rule is a four itemsets(disease casés)ire four disease cases were involved.
The rule has shown that if there were occurrendeBlalaria disease cases but with no
occurrence of relapsing fever and epidemic typhigeade cases then meningitis disease
cases were not occurring in a certain area and sdthe time period was 92% confidence

with the support value of 48.74%.

3. TyphoidFeverOutbreak =1 RelapsingFeverOutbredk/3® ==> MalariaOutbreak=1 1683
conf:(0.97)

The above rule is a three itemsets(disease cades).e. three disease cases were involved.
The rule has shown that if there were an occurr@fdgphoid fever but no occurrences of
Relapsing Fever then the occurrence of Malariaadiseeases was with 97% confidence and
41.12% support level.

Experiment 3:

Additional Best rules found after manually remowhthe repeated rules:

1. MalariaOutbreak=1 EpidemicTyphusOutbreak=1 1282 TyphoidFeverOutbreak =1 1282 conf:(0.99)

2. TyphoidFeverOutbreak =1 EpidemicTyphusOutbrdak293 ==> MalariaOutbreak=1 1282 conf:(0.99)

3. EpidemicTyphusOutbreak=1 1306 ==> TyphoidFewtb@ak =1 1293 conf:(0.99)

4. EpidemicTyphusOutbreak=1 1306 ==> MalariaOwikrel 1292 conf:(0.99)

5. EpidemicTyphusOutbreak=1 1306 ==> MalariaOwikredl TyphoidFeverOutbreak =1 1282 conf:(0.98)

10. TyphoidFeverOutbreak =1 RelapsingFeverOutbreak&pidemicTyphusOutbreak=0 1292 ==>
MalariaOutbreak=1 1244 conf:(0.96)

12. MeningitesOutbreak=0 TyphoidFeverOutbreak =1 id&micTyphusOutbreak=0 1424 ==>
MalariaOutbreak=1 1361 conf:(0.96)
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Description of some interesting rules:

1. MalariaOutbreak=1 EpidemicTyphusOutbreak=1 1282 TyphoidFeverOutbreak =1
1282 conf:(0.99)

The above rule is a three itemsets(disease cades).e. three disease cases were involved.
The rule has shown that if there were occurrendeBoth malaria and epidemic typhus
disease cases then the occurrence of typhoid tisease cases wasth 99% confidence
and 31.32% support.

2. TyphoidFeverOutbreak =1 EpidemicTyphusOutbreak293 ==> MalariaOutbreak=1
1282 conf:(0.99)

The above rule is a three itemsets rule. l.e. thisease cases were involved. The rule has
shown that if there were occurrences of typhoidefeand epidemic typhus then the
occurrence of Malaria disease caseswas99% confidence and 31.32% support.

3. EpidemicTyphusOutbreak=1 1306 ==> TyphoidFeveéb@ak =1 1293 conf:(0.99)

The above rule is a two itemsets (disease casks)iml two disease cases were involved.
The rule has shown that if there were occurrenéepidemic Typhus disease cases then the
occurrence ofyphoid Fever disease cases in a certain area and with some time period was 99%
confidence with the support level of 31.59%.

4. EpidemicTyphusOutbreak=1 1306 ==> MalariaOutkrdal292 conf:(0.99)

The above rule is a two itemsets (disease casks)irel two disease cases were involved.

The rule has shown that if there was an occurrehepidemic typhus disease cases then the
occurrence of malaria disease cases in a certam and with some time period was 99%

confidence with the support level of 31.57%.

5. EpidemicTyphusOutbreak=1 1306 ==> MalariaOutkrda TyphoidFeverOutbreak =1
1282 conf:(0.98)

The above rule is a three itemsets (disease casges).e. three disease cases were involved.
The rule has shown that tifiere were occurrences of Epidemic Typhus disease cases then the
occurrences Ofyphoid Fever and malaria disease cases were with 98% confidence and support
level of 31.32%.

Experiment 4:
Additional Best rules found after manually remoohithe repeated rules:

2. TyphoidFeverOutbreak =0 RelapsingFeverOutbredle8B8 ==> EpidemicTyphusOutbreak=0 1079
conf:(0.99)
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4.MeningitesOutbreak=0 TyphoidFeverOutbreak =0 pafegFeverOutbreak=0 1048 ==>
EpidemicTyphusOutbreak=0 1039 conf:(0.99)

7. TyphoidFeverOutbreak =0 1133 ==> EpidemicTyphutb@ak=0 1120 conf:(0.99)

8. MeningitesOutbreak=0 TyphoidFeverOutbreak =8718=> EpidemicTyphusOutbreak=0 1074
conf:(0.99)

10. TyphoidFeverOutbreak =1 RelapsingFeverOutbrgdik221 ==> MalariaOutbreak=1 1196 conf:(0.98)
11. MalariaOutbreak=1 RelapsingFeverOutbreak=1 £223TyphoidFeverOutbreak =1 1196 conf:(0.98)
13. MeningitesOutbreak=0 TyphoidFeverOutbreak =0623=> MalariaOutbreak=1 2232 conf:(0.97)

15. MeningitesOutbreak=0 TyphoidFeverOutbreak =dl&micTyphusOutbreak=0 1074 ==>
RelapsingFeverOutbreak=0 1039 conf:(0.97)

17. RelapsingFeverOutbreak=1 1266 ==> MalariaOuathoré 1223 conf:(0.97)
18. RelapsingFeverOutbreak=1 1266 ==> TyphoidFevtif@ak =1 1221 conf:(0.96)
19. MeningitesOutbreak=0 TyphoidFeverOutbreak =8718=> RelapsingFeverOutbreak=0 1048 conf:(0.96)

20. TyphoidFeverOutbreak =0 EpidemicTyphusOutbr@ak20 ==> RelapsingFeverOutbreak=0 1079
conf:(0.96)

21. TyphoidFeverOutbreak =0 RelapsingFeverOutbredl88 ==> MeningitesOutbreak=0 1048 conf:(0.96)

22. TyphoidFeverOutbreak =0 RelapsingFeverOutbredizidemicTyphusOutbreak=0 1079 ==>
MeningitesOutbreak=0 1039 conf:(0.96)

24. MeningitesOutbreak=0 TyphoidFeverOutbreak =hp@ngFeverOutbreak=0 EpidemicTyphusOutbreak=0
1154 ==> MalariaOutbreak=1 1111 conf:(0.96

25. TyphoidFeverOutbreak =0 1133 ==> RelapsingFeuthireak=0 1088 conf:(0.96)

Description of some interesting rules:

2. TyphoidFeverOutbreak =0 RelapsingFeverOutbreak=01088 ==>
EpidemicTyphusOutbreak=0 1079 conf:(0.99)

The above rule is a three itemsets (disease cades).e. three disease cases were involved.
The rule has shown thattifiere were no occurrences of both typhoid fever and relapsing fever
disease cases then there was no occurrences of epidemic typhus disease cases in a certain area and
within some time period is 99% confidence with tpport value of 26.36%. This rule has
shown less support value. It was because of tleabticurrence of either one or two or three
of the disease cases were infrequent. But it wiesesting since the confidence of the rule

was high.
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11. MalariaOutbreak=1 RelapsingFeverOutbreak=1 1228 TyphoidFeverOutbreak =1
1196 conf:(0.98)

The above rule is a three itemsets (disease cades).e. three disease cases were involved.
The rule shows that if there are the occurrencdsodi Malaria and relapsing fever disease
cases then the occurrences of typhoid fever diseases are with 98% confidence and

support level of 29.22%.

19. MeningitesOutbreak=0 TyphoidFeverOutbreak =8716=> RelapsingFeverOutbreak=0
1048 conf:(0.96)

The above rule is a three itemsets (disease cades).e. three disease cases are involved.
The rule shows that if there were no occurrencdsti meningitis and typhoid fever disease
cases then there was no occurrences of relapsueg tksease cases with 96% confidence

and support level of 25.60%.

10. TyphoidFeverOutbreak =1 RelapsingFeverOutbréak221 ==> MalariaOutbreak=1
1196 conf:(0.98)

The above rule is a three itemsets (disease casges).e. three disease cases were involved.
The rule has shown that if there were the occuaermaf both typhoid fever and relapsing
fever disease cases then the occurrences of Malsease cases was with 98% confidence

and support level of 29.22%.

Experiment 5:
Additional Best rules found after manually remoohithe repeated rules:

26. TyphoidFeverOutbreak =0 1133 ==> Meningites@#k=0 1087 conf:(0.96)

27. TyphoidFeverOutbreak =0 EpidemicTyphusOutbr@ak¥20 ==> MeningitesOutbreak=0 1074
conf:(0.96)

29. MeningitesOutbreak=0 TyphoidFeverOutbreak=07188> RelapsingFeverOutbreak=0
EpidemicTyphusOutbreak=0 1039 conf:(0.96)

Description of some interesting rules:
26. TyphoidFeverOutbreak =0 1133 ==> Meningites@adk=0 1087 conf:(0.96)

The above rule is a two itemsets (disease casks)irl two disease cases were involved.

The rule has shown that if there was a nonoccuereictyphoid fever disease cases then
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there was no occurrences of meningitis diseases aaite 96% confidence and support level
of 26.56%.

N:B: - All rules with less support but high confid= level was selected as an important rules
with researcher specified minima. It was becausth®fgoal of the research with respect to
include the rarely occurring or infrequent diseaases from the datasets and disease cases
can also be investigated even if they occurreceqfently if we provided the minSup values
with small percentage. As mentioned and specifibdva to assign the values of the
minimum support and minimum confidence level otlg tules which had at least minSup =
20% and MinConf = 90% were stated as interestirigth®& other rules were not considered

from the view point of this research work to betbates.

5.1.2.2. Association rules mining by Apriori Algorithm for IDSR datasets

The different experimentation of the associatiole mining results with Apriori Algorithm
were shown below in Table 3. The researcher shahatdwvhenever there was an increasing
in the number of rules the number of cycles wess ahcreasing. But at thé"4and %'
experiments were showing an equal number of cyéleshe number of rule increased with
constant confidence the support decreases witleasarg rule numbers but it reached at
constant level at the™and %' experiments like in the PHEM dataset. Here in riles
generated from the datasets, important rules wetected while increasing the number of
rules even if it was minimizing the support thrdshievel. l.e. the researcher set 20% min-
sup threshold level. Apriori algorithm results the 5 experimentations for IDSR datasets in

tabular representation.

Ex | No. of | No. Min- | No.of Min- | No. L(1) | L) | L) | L@ |L(B) |L®) |Best
pN | instan | attribute | Sup instance | Conf | Cycles rules
o. ce S s for perfor perfor
involved Min-Sup med med
E1 | 4703 5 50% | 2351 90% | 10 5 9 6 - - - 10
E2 | 4703 5 35% 1646 90% 13 5 10 10 4 - 15
E3 | 4703 5 20% | 941 90% | 16 9 15 13 5 1 - 20
E4 | 4703 5 15% | 705 90% 17 9 24 24 11 2 - 25
E5 | 4703 5 15% | 705 90% 17 9 24 24 11 2 - 30
E6 | 4703 5 15% | 705 90% 17 9 24 24 11 2 - 35
E7 | 4703 5 15% | 705 90% 17 9 24 24 11 2 - 40

Table5: The Run information to the five experiméiota of Apriori association rule mining

algorithm for IDSR datasets.
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Descriptions of terms in the table are: Min-Sup=imum support, Min-Conf=minimum
confidence, L (1) = the first large 1-temsets, ) £2the second large 2-temsets, L (3) = the
third large 3-temsets, L (4) = the forth large thsets and L (5) = the fifth large 5-temsets.
The rules of each Experiment were described agvisst|

Experiment 1:

=== Run information ===
Scheme: weka.associations.Apriori -N 10 -C®.9 -D 0.05-U 1.0-M 0.1 -S -1.0 -c -1

Relation: IDSR datasets for Apriori Algorithm
weka.filters.unsupervised.attribute.NumericToNorhkiRérst-last

Instances: 4703

Attributes: 5
MalariaOtbreak
TyphoidFeverOutbreak
RelapsingFeverOutbreak
Epidemic TyphusOutbreak
MeningitOutbreak

=== Associator model (full training set) ===

Apriori

Minimum support: 0.5 (2351 instances)

Minimum metric <confidence>: 0.9

Number of cycles performed: 10

Generated sets of large itemsets:

Size of set of large itemsets L(1): 5

Size of set of large itemsets L(2): 9

Size of set of large itemsets L(3): 6

Best rules found:

1. TyphoidFeverOutbreak=1 Epidemic TyphusOutbreakZz82 ==> MalariaOtbreak=1 2624 conf:(0.96)
2. Epidemic TyphusOutbreak=0 3698 ==> MalariaCdkrel 3479 conf:(0.94)

3. RelapsingFeverOutbreak=0 Epidemic TyphusOuksi@2769 ==> MalariaOtbreak=1 2590 conf:(0.94)

4. Epidemic TyphusOutbreak=0 MeningitOutbreak=Q®6=> MalariaOtbreak=1 2818 conf:(0.93)
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5. RelapsingFeverOutbreak=0 3065 ==> MalariaOtbr&2819 conf:(0.92)

6. MalariaOtbreak=1 RelapsingFeverOutbreak=0 2829 Epidemic TyphusOutbreak=0 2590 conf:(0.92)

7. RelapsingFeverOutbreak=0 MeningitOutbreak=0264> MalariaOtbreak=1 2400 conf:(0.92)

8. TyphoidFeverOutbreak=1 3723 ==> MalariaOtbreaB392 conf:(0.91)

9. RelapsingFeverOutbreak=0 MeningitOutbreak=00264> Epidemic TyphusOutbreak=0 2380 conf:(0.91)

10. RelapsingFeverOutbreak=0 3065 ==> Epidemic Tg@hutbreak=0 2769 conf:(0.9)

Description of some interesting rules:

1. TyphoidFeverOutbreak=1 Epidemic TyphusOutbreaks32 ==> MalariaOtbreak=1
2624 conf:(0.96)

The meaning of the above rule has shown that ietisas the occurrence of Typhoid Fever
disease cases with no occurrence of Epidemic Typisease cases then the occurrence of
malaria outbreak in a certain area and time pesiasl 96% confidence with the support value
of 55.79%. The support of the rule was calculatechfthe number of items on the right hand
side of the rule 2624 with the total number of igelfuisease cases) in the transaction
(datasets) 4703. The number on the right handditiee rule 2624 indicates that the number
of items which were covered by its antecedent. Asowuld see above there were three
outbreaks involved in the rule. Therefore this rwas generated from three frequently
occurring disease cases. We could also calculatedhfidence of the rule by the division of
the number on the right hand sides of the arrowlerto the left hand side of the arrow. The
number of items on the consequence side was alenshfter the rule. This calculation

would also work for the rest of the rules.

2. Epidemic TyphusOutbreak=0 3698 ==> MalariaOtkrda3479 conf:(0.94)

The above rule is a two itemset rule. i.e only tabreak cases were involved. The rule has
shown that if there was no occurrence of Epidenyighlis disease cases then the occurrence
of malaria disease cases in a certain area andsweitite time period was 94% confidence

with the support value of 73.97%.

8. TyphoidFeverOutbreak=1 3723 ==> MalariaOtbreaB322 conf:(0.91)

The above rule is a two itemset rule. i.e only wugbreak cases were involved. The rule

shows that if Typhoid Fever Outbreak is occurringr the occurrence of malaria outbreak in
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a certain area and with some time period is 91%fidemce with the support value of
72.12%. The number on the right hand side of the 3479 which indicates that the number
of items which are covered by its antecedent.

Experiment 2:

Additional interesting rules:

2. TyphoidFeverOutbreak=1 RelapsingFeverOutbredkgiiemic TyphusOutbreak=0 1889 ==>
MalariaOtbreak=1 1814 conf:(0.96)

3. TyphoidFeverOutbreak=1 Epidemic TyphusOutbr@€alkteningitOutbreak=0 2143 ==> MalariaOtbreak=1
2040 conf:(0.95)

6. TyphoidFeverOutbreak=1 RelapsingFeverOutbregksr ==> MalariaOtbreak=1 2035 conf:(0.93)

8. RelapsingFeverOutbreak=0 Epidemic TyphusOutbr@akeningitOutbreak=0 2380 ==> MalariaOtbreak=1
2217 conf:(0.93)

9. TyphoidFeverOutbreak=1 RelapsingFeverOutbredkefingitOutbreak=0 1806 ==> MalariaOtbreak=1
1679 conf:(0.93)

10. MalariaOtbreak=1 RelapsingFeverOutbreak=0 Mgitihutbreak=0 2400 ==> Epidemic
TyphusOutbreak=0 2217 conf:(0.92)

Description of some interesting rules:

3. TyphoidFeverOutbreak=1 Epidemic TyphusOutbreakéghingitOutbreak=0 2143 ==>
MalariaOtbreak=1 2040 conf:(0.95)

The above rule is a four itemsets rule. i.e foutbreak cases were involved. The rule has
shown that if there were Typhoid Fever disease scaseurrence with no occurrence of
Epidemic Typhus and meningitis disease cases tiewdcurrence of malaria outbreak in a
certain area and with some time period was 95%idenfe with the support value of

43.38%. The number on the right hand side of the 2040 indicated that the number of

items (disease cases) which were covered by iecadent.

2. TyphoidFeverOutbreak=1 RelapsingFeverOutbredkgidemic TyphusOutbreak=0 1889
==> MalariaOtbreak=1 1814 conf:(0.96)

The above rule is a four itemsets rule. l.e. foigedses cases were involved. The rule has
shown if there were an occurrence of Typhoid Falisease cases with no occurrence of
Epidemic Typhus and meningitis disease cases tiewdcurrence of malaria outbreak in a
certain area and with some time period was 96% idenfe with the support value of
38.57%.
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Experiment 3:

Additional interesting rules:
1. Epidemic TyphusOutbreak=1 1005 ==> TyphoidFewtbfeak=1 991 conf:(0.99)

2. TyphoidFeverOutbreak=0 980 ==> Epidemic Typhuts@eak=0 966 conf:(0.99)

5. TyphoidFeverOutbreak=1 RelapsingFeverOutbreakp@demic TyphusOutbreak=0 MeningitOutbreak=0
1572 ==> MalariaOtbreak=1 1501 conf:(0.95)

7. RelapsingFeverOutbreak=1 1638 ==> TyphoidFevthf@ak=1 1546 conf:(0.94)
8. MalariaOtbreak=1 RelapsingFeverOutbreak=1 42 TyphoidFeverOutbreak=1 1357 conf:(0.94)

11. RelapsingFeverOutbreak=1 MeningitOutbreak=0143> TyphoidFeverOutbreak=1 1065 conf:(0.94)

Description of some interesting rules:
Here the researcher found that there are otherriaqtorules to be described.
1. Epidemic TyphusOutbreak=1 1005 ==> TyphoidF@utbreak=1 991 conf:(0.99)

The above rule is a two itemsets rule. i.e. tweeat® cases were involved. The rule has
shown that if there was an occurrence of Epidemyjehilis disease cases then the occurrence
of Typhoid Fever disease cases in a certain aréavatm some time period was 99%
confidence with the support level of 21.07%. Thide shows less support values. It is
because of that the occurrence of the two diseasescor one of the disease cases were
infrequent manner but the rules are interestingesitmne confidence value of the rules was
very high and the supports were higher than theareser specified minimum threshold.

2. TyphoidFeverOutbreak=0 980 ==> Epidemic Typhub@ak=0 966 conf:(0.99)

The above rule is a two itemsets rule. i.e. twdbmedk cases were involved. The rule has
shown that if there was no occurrence of TyphoideFelisease cases then Epidemic Typhus
disease cases were not occur with 99% confidendesapport level of 20.54%. This rule
has shown less support values but higher confiddheeas because of that the occurrence of
the two disease cases was not so much togethemtauesting since the value of the

confidence was high.
7. RelapsingFeverOutbreak=1 1638 ==> TyphoidFevii@ak=1 1546 conf:(0.94)

The above rule is a two itemsets rule. |l.e. twdimrdk cases were involved. The rule has

shown that if there was the occurrence of RelapBexger disease cases then the occurrence
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of Typhoid Fever disease cases in a certain areawatih some time period was 94%

confidence with the support level of 32.87%.

8. MalariaOtbreak=1 RelapsingFeverOutbreak=1 1442 FyphoidFeverOutbreak=1 1357
conf:(0.94)

The above rule is a three itemsets rule. i.e. thisease cases were involved. The rule has
shown that if there are the occurrences of Malkamnid Relapsing Fever disease cases then the
occurrence of typhoid fever disease cases was 9#h confidence and 38.85% support

level.
Experiment 4:

Additional interesting rules:

2. MalariaOtbreak=1 TyphoidFeverOutbreak=0 Relagis@verOutbreak=0 MeningitOutbreak=0 721 ==>
Epidemic TyphusOutbreak=0 716 conf:(0.99)

3. TyphoidFeverOutbreak=0 RelapsingFeverOutbreal8®8 ==> Epidemic TyphusOutbreak=0 880
conf:(0.99)

4. MalariaOtbreak=1 TyphoidFeverOutbreak=0 RelagiseverOutbreak=0 784 ==> Epidemic
TyphusOutbreak=0 776 conf:(0.99)

5. TyphoidFeverOutbreak=0 MeningitOutbreak=0 88% £pidemic TyphusOutbreak=0 877 conf:(0.99)

6. MalariaOtbreak=1 TyphoidFeverOutbreak=0 Merti@gtbreak=0 788 ==> Epidemic TyphusOutbreak=0
778 conf:(0.99)

7. Epidemic TyphusOutbreak=1 MeningitOutbreak=8 #3> TyphoidFeverOutbreak=1 728 conf:(0.99)
10. MalariaOtbreak=1 TyphoidFeverOutbreak=0 869 Epiemic TyphusOutbreak=0 855 conf:(0.98)
11. MalariaOtbreak=1 Epidemic TyphusOutbreak=1 ¥82 TyphoidFeverOutbreak=1 768 conf:(0.98)

12. TyphoidFeverOutbreak=1 RelapsingFeverOutbreakEbidemic TyphusOutbreak=0 843 ==>
MalariaOtbreak=1 810 conf:(0.96)

15. TyphoidFeverOutbreak=1 MeningitOutbreak=1 852 MalariaOtbreak=1 816 conf:(0.96)
16. RelapsingFeverOutbreak=1 Epidemic TyphusOuk@&29 ==> MalariaOtbreak=1 889 conf:(0.96)

19. MeningitOutbreak=1 945 ==> MalariaOtbreak=1 893onf:(0.95)

Description of some interesting rules:

11. MalariaOtbreak=1 Epidemic TyphusOutbreak=1 #¥82 TyphoidFeverOutbreak=1 768
conf:(0.98)

The above rule is a three itemsets rule. i.e. tdisease cases were involved. The rule has

shown that if there were the occurrences of malkanié epidemic typhus disease cases then

87



the occurrence of Typhoid Fever Outbreak in a gedeea and within some time period was
98% confidence with the support value of 16.33%isTule has shown less support value. It
was because of that the occurrence of either onsveror three of the disease cases are
infrequent. However, as defined in the criterigéfine the min-sup of disease cases, this rule
was not selected due to the min-sup given by tkeareher even if it has high minimum

Confidence level.

10. MalariaOtbreak=1 TyphoidFeverOutbreak=0 869 Epidemic TyphusOutbreak=0 855
conf:(0.98)

The above rule is a three itemsets rule. l.e. thisease cases were involved. The rule has
shown that if there were the occurrence of Malalisease cases with nonoccurrence of
typhoid fever disease cases then the occurrenépidkemic Typhus disease cases was with
98% confidence and support level of 18.18%. This has shown less support value. It was
because of that non occurrence or occurrence béredne or two or three of the disease
cases were infrequent. However, as defined in theria to define the min-sup of disease
cases, this rule was not selected a better ruletalitbe min-sup threshold given by the
researcher.

Experimentation 5:

1. MalariaOtbreak=1 RelapsingFeverOutbreak=1 Meningfit@eak=0 964 ==>
TyphoidFeverOutbreak=1 897conf:(0.93)
Descriptions of the rules:

In the rule above, if malaria disease cases amaghsilg fever disease cases occurred with no
meningitis disease cases occurrence in a certatephith specified time period then the
occurrence of typhoid fever disease cases was 98% confidence and support level of
19.07%. This rule has shown less support valueiak because of that non occurrence or
occurrence of either one or two or three of theake cases were infrequent. However, as
defined in the criteria to define the min-sup ofedise cases, this rule was not selected a

better rule due to the min-sup threshold givenhgyresearcher.

N: B: - the rules with less than the specified mip and min-conf were not interesting for
this research since the predefined min-sup andcwmiri-threshold set by the researcher.
Some rule with less than the minimum support bghér than the researcher specified

minimum were more interesting for the rare diseas®s more occurring disease cases to
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show the correlation or the association among deseases in the datasets. As stated above,
it was also done that the repeated rules from iffereint experimentations were discarded
manually to reduce the number of rules for analgstsvities and to show only the new rules
generated from the Apriori algorithm by adding somuenber of rules to the next run (i.e. 5

additional rules for the next experimentation).

5.1.2.3. Association rules mining by Apriori Algorithm for combined
Dataset (2004-2012g.C).

Here the researcher also tried to analyze bothsetstaone by one separately and finally
merged them together to analyze the combined sffetcthe two datasets. Therefore; the
researcher has used the same fixed minimum suppdrtminimum confidence thresholds
which was fixed for the two separate datasets.r€kalts of the two individual datasets and
the combined datasets were compared for interestites and best rules were selected
accordingly. Rules generation process was the saithethe previous individual datasets.
The table below showed that the rules are desciibeglation to the predefined min-sup and

min-conf threshold.

Ex | No. of | No. Min- | No.of Min- | No. L(1) | L) | L) | L@ |L(B) |L@®G) |Best
pN | instan | attribute | Sup instance | Conf | Cycles rules
0. ce S s for perfor perfor
involved Min-Sup med med
E1 | 8796 5 45% | 3958 90% | 11 5 9 6 1 - - 10
E2 [8796 |5 30% | 2639 90% | 14 6 12 10 5 - - 15
E3 | 8796 |5 25% | 2199 90% | 15 7 13 11 5 1 - 20
E4 | 8796 |5 20% | 1759 90% | 16 8 19 17 6 1 - 25
E5 [8796 |5 20% | 1759 90% | 16 8 19 17 6 1 - 30
E6 | 8796 |5 20% | 1759 90% | 16 8 19 17 6 1 - 35
E7 | 8796 |5 15% | 1319 90% | 17 9 24 25 12 2 - 40

Table6: The Run information to the five experiméiota of Apriori association rule mining
algorithm for IDSR datasets.
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Experiment 1:
=== Run information ===
Scheme: weka.associations.Apriori -N 10 -C®.9-D 0.05-U1.0-M0.1-S-1.0-c-1

Relation: 2005-2008 IDSR and 2009-2012 PHEM BSETS
weka.filters.unsupervised.attribute.NumericToNorhiRérst-last-
weka.filters.unsupervised.attribute.NumericToNormiRérst-last

Instances: 8796

Attributes: 5
MalariaOutbreak
TyphoidFever Outbreak
RelapsingFeverOutbreak
EpidemicTyphusOutbreak
MeningitOutbreak

=== Associator model (full training set) ===

Apriori

Minimum support: 0.45 (3958 instances)

Minimum metric <confidence>: 0.9

Number of cycles performed: 11

Generated sets of large itemsets:

Size of set of large itemsets L(1): 5

Size of set of large itemsets L(2): 9

Size of set of large itemsets L(3): 6

Size of set of large itemsets L(4): 1

Best rules found:

1. TyphoidFever Outbreak=1 EpidemicTyphusOutbr€ak399 ==> MalariaOutbreak=1 4221 conf:(0.96)
2. TyphoidFever Outbreak=1 6683 ==> MalariaOutkrda6271 conf:(0.94)

3. TyphoidFever Outbreak=1 MeningitOutbreak=0 52%#% MalariaOutbreak=1 4808 conf:(0.93)
4. EpidemicTyphusOutbreak=0 6485 ==> MalariaOwikrel 6015 conf:(0.93)

5. RelapsingFeverOutbreak=0 EpidemicTyphusOutbreé&d 40 ==> MalariaOutbreak=1 4749 conf:(0.92)
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6. EpidemicTyphusOutbreak=0 MeningitOutbreak=0&%5%> MalariaOutbreak=1 5086 conf:(0.92)

7. RelapsingFeverOutbreak=0 EpidemicTyphusOutlr@ak MeningitOutbreak=0 4573 ==>
MalariaOutbreak=1 4212 conf:(0.92)

8. RelapsingFeverOutbreak=0 5892 ==> MalariaOutloré 5424 conf:(0.92)
9. RelapsingFeverOutbreak=0 MeningitOutbreak=0654-8> MalariaOutbreak=1 4759 conf:(0.92)

10. MeningitOutbreak=0 7151 ==> MalariaOutbreak®1% conf:(0.91)

Description of some interesting rules:

1. TyphoidFeverOutbreak=1 Epidemic TyphusOutbreak4é®9 ==> MalariaOtbreak=1 4221
conf:(0.96)

The meaning of the above rule has shown that ifetheere occurrences of Typhoid Fever
disease cases and with no occurrences epidemiagytibease cases then the occurrence of
malaria disease cases in a certain area and tinedpeas 96% confidence with the support
level of 47.98%. The support of the rule is cited from the number of items (disease
cases) on the right hand side of the rule 4221 tghtotal number of items (disease cases) in

the transaction (datasets of disease cases) 8796.

2. TyphoidFever Outbreak=1 6683 ==> MalariaOutbreak1 6271 conf:(0.94)

The above rule is a two itemset(disease cases)imlenly two disease cases were involved.
The rule has shown that if there was occurrenceylfioid fever disease cases then the
occurrence of malaria disease cases in a certam and with some time period is 94%

confidence with the support value of 71.29%.

Experiment 2:

Additional interesting rules:

1. TyphoidFever Outbreak=1 RelapsingFeverOutbreakEpidemicTyphusOutbreak=0 3181 ==>
MalariaOutbreak=1 3058 conf:(0.96)

3. TyphoidFever Outbreak=1 EpidemicTyphusOutbreaktehingitOutbreak=0 3567 ==> MalariaOutbreak=1
3401 conf:(0.95)

4. RelapsingFeverOutbreak=1 2904 ==> TyphoidFewgb@ak=1 2767 conf:(0.95)
5. TyphoidFever Outbreak=1 RelapsingFeverOutbréa€i16 ==> MalariaOutbreak=1 3718 conf:(0.95)

6. TyphoidFever Outbreak=1 RelapsingFeverOutbréai¢eningitOutbreak=0 3325 ==> MalariaOutbreak=1
3147 conf:(0.95)

13. RelapsingFeverOutbreak=0 5892 ==> MalariaOuatlbré 5424 conf:(0.92)
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Description of some interesting rules:

1. TyphoidFever Outbreak=1 RelapsingFeverOutbreak=0 EpidemicTyphusOutbreak=0 3181 ==>
MalariaOutbreak=1 3058 conf:(0.96)

The above rule is a four itemsets (disease casks)lre. four diseases cases were involved.
The rule has shown that if there were occurrendetyghoid fever disease cases and no
occurrence of relapsing fever and epidemic typhiseage cases then the occurrence of

malaria disease cases was with 96% confidence @hdhe support level of 34.77%.

4. RelapsingFeverOutbreak=1 2904 ==> TyphoidFewgb@ak=1 2767 conf:(0.95)

The above rule is a two itemsets (disease casks)im two outbreak cases were involved.

The rule has shown that if there was an occurreficelapsing fever disease cases then the
occurrence of Typhoid Fever disease cases in aiceaatea and with some time period was

95% confidence with the support value of 31.46%.

6. TyphoidFever Outbreak=1 RelapsingFeverOutbreakM&ningitOutbreak=0 3325 ==>
MalariaOutbreak=1 3147 conf:(0.95)

The above rule is a four itemsets (disease cagks)lre. four disease cases were involved.
The rule has shown that if there were an occurrericéyphoid Fever disease cases and
neither occurrences of relapsing fever nor merimgiisease cases then the occurrence of
malaria disease cases in a certain area and witle sisne period was 95% confidence with

the support value of 35.78%.

Experiment 3:

Additional interesting rules:

1. EpidemicTyphusOutbreak=1 2311 ==> TyphoidFevetb@eak=1 2284 conf:(0.99)

4. TyphoidFever Outbreak=1 RelapsingFeverOutbreakpdemicTyphusOutbreak=0 MeningitOutbreak=0
2726 ==> MalariaOutbreak=1 261Zonf:(0.96)

5. MalariaOutbreak=1 RelapsingFeverOutbreak=1 2665 TyphoidFever Outbreak=1 2553 0onf:(0.96)

14. TyphoidFever Outbreak=1 RelapsingFeverOutbré@#67 ==> MalariaOutbreak=1 2553 conf:(0.92)

Description of some interesting rules:

1. EpidemicTyphusOutbreak=1 2311 ==> TyphoidFevetb@®ak=1 2284 conf:(0.99)
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The above rule is a two itemsets (disease casks)iml two disease cases were involved.
The rule has shown that if there was occurrenc@ypiioid Fever disease cases then the
occurrence ofpidemic Typhus disease cases in a certain area and with some time period was
99% confidence with the support level of 25.97%.

4, TyphoidFever Outbreak=1 RelapsingFeverOutbreak=&pidemicTyphusOutbreak=0
MeningitOutbreak=0 2726 ==> MalariaOutbreak=1 26X2nf:(0.96)

The above rule is a five itemsets (disease casés)ire. five disease cases were involved.
The rule has shown that if there were occurrendegphoid fever and no occurrences of
relapsing fever, epidemic typhus and meningitiealée cases then the occurrence of Malaria
disease cases watth 96% confidence and 29.70% support level.

5. MalariaOutbreak=1 RelapsingFeverOutbreak=1 2665 TyphoidFever Outbreak=1 2553
conf:(0.96)

The above rule is a three itemsets (disease casges).e. three disease cases were involved.
The rule has shown that if there were the occuaeraf both Malaria and relapsing fever

disease cases then the occurrence of typhoid fiisease cases was with 96% confidence
and support level of 29.02%. This rule shows ggsport value. It was because of that none
occurrences of either one or two of the diseasescagre infrequent but the other one or two

were frequent.

14. TyphoidFever Outbreak=1 RelapsingFeverOutbréak¥67 ==> MalariaOutbreak=1 2553
conf:(0.92)

The above rule is a three itemsets (disease cades).e. three disease cases were involved.
The rule has shown that if there were the occuseraf both typhoid fever and relapsing

fever disease cases then the occurrences of Ma@sease cases was with 92% confidence
and support level of 29.02%. This rule shows sgsport value. It was because of that none

occurrence of either one or two or three of theakg cases were infrequent.
Experiment 4:

Additional interesting rules:

1.TyphoidFever Outbreak=0 RelapsingFeverOutbreakefingitOutbreak=0 1861 ==>
EpidemicTyphusOutbreak=0 1847 conf:(0.99)

2.TyphoidFever Outbreak=0 RelapsingFeverOutbredlgs® ==> EpidemicTyphusOutbreak=0 1959
conf:(0.99)

3. MalariaOutbreak=1 EpidemicTyphusOutbreak=1 28%4 TyphoidFever Outbreak=1 2050 conf:(0.99)
4. TyphoidFever Outbreak=0 MeningitOutbreak=0 18## EpidemicTyphusOutbreak=0 1951 conf:(0.99)

6. TyphoidFever Outbreak=0 2113 ==> EpidemicTy@uibreak=0 2086 conf:(0.99)
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7. MalariaOutbreak=1 TyphoidFever Outbreak=0 1848 EpidemicTyphusOutbreak=0 1794 conf:(0.99)

15.TyphoidFever Outbreak=0 EpidemicTyphusOutbreaiedingitOutbreak=0 1951 ==>
RelapsingFeverOutbreak=0 1847 conf:(0.95)

17.TyphoidFever Outbreak=0 RelapsingFeverOutbre&giGemicTyphusOutbreak=0 1959 ==>
MeningitOutbreak=0 1847 conf:(0.94)

18. TyphoidFever Outbreak=0 MeningitOutbreak=0 1974 RelapsingFeverOutbreak=0 1861 conf:(0.94)
19. RelapsingFeverOutbreak=1 MeningitOutbreak=061:86> TyphoidFever Outbreak=1 1852 conf:(0.94)
20. TyphoidFever Outbreak=0 RelapsingFeverOutbredley6 ==> MeningitOutbreak=0 1861 conf:(0.94)

21.TyphoidFever Outbreak=0 EpidemicTyphusOutbrea2386 ==> RelapsingFeverOutbreak=0 1959
conf:(0.94)

23.TyphoidFever Outbreak=0 MeningitOutbreak=0 19%# RelapsingFeverOutbreak=0
EpidemicTyphusOutbreak=0 1847 conf:(0.94)

24.TyphoidFever Outbreak=0 EpidemicTyphusOutbrea2386 ==> MeningitOutbreak=0 1951 conf:(0.94)

25. TyphoidFever Outbreak=0 2113 ==> RelapsingFeutireak=0 1976 conf:(0.94)

Description of some interesting rules:

2.TyphoidFever Outbreak=0 RelapsingFeverOutbrealk€d6 ==> EpidemicTyphusOutbreak=0
1959 conf:(0.99)

The above rule is a three itemsets (disease cades).e. three disease cases were involved.
The rule has shown that if there were none occaoe®f both typhoid fever and relapsing
fever disease cases then the non occurrence oéiBmdlyphus disease cases was with 99%
confidence and with the support level of 22.27%isTrule has shown less support value. It
was because of that the occurrence of either ontev@ror three of the disease cases were
infrequent. But it was interesting since the coarfide of the rule was high and the minimum
support value was above the specified minimum sagpeeshold.

3. MalariaOutbreak=1 EpidemicTyphusOutbreak=1 2G> Typhoid Fever Outbreak=1 2050
conf: (0.99)

The above rule is a three itemsets (disease cades).e. three disease cases were involved.
The rule showed that if there were the occurrerafeboth Malaria and relapsing fever

disease cases then the occurrences of typhoid fiisease cases was with 99% confidence
and support level of 23.31%. This rule shows segsport value. It was because of that none

occurrence of either one or two or three of theakg cases were infrequent.
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19. RelapsingFeverOutbreak=1 MeningitOutbreak=0519&> TyphoidFever Outbreak=1 1852
conf:(0.94)

The above rule is a three itemsets (disease cades).e. three disease cases were involved.
The rule showed that if there were occurrencespsalg fever and no occurrences of

meningitis disease cases then the occurrence9bbity fever disease cases was with 94%
confidence and support level of 21.06%. This sllewed less support value but more than
that of the researcher specified threshold. It besause of that the occurrence of either one

or two or three of the disease cases were infrequen

Experiment 5:
Additional interesting rules:

26. TyphoidFever Outbreak=0 RelapsingFeverOutbreak2976 ==> EpidemicTyphusOutbreak=0
MeningitOutbreak=0 1847conf:(0.93)

27. TyphoidFever Outbreak=0 2113 ==> MeningitOudbre0 1974 conf:(0.93)

30. TyphoidFever Outbreak=0 2113 ==> RelapsingFeutdtreak=0 EpidemicTyphusOutbreak=0 1959
conf:(0.93)

Description of some interesting rules:

26.TyphoidFever Outbreak=0 RelapsingFeverOutbreak=0 1976 ==>
EpidemicTyphusOutbreak=0 MeningitOutbreak=0 1846nf:(0.93)

The above rule is a four itemsets (disease cagks)ire. four disease cases were involved.
The rule has shown that if there were occurrentegither typhoid fever nor relapsing fever
disease cases then there are also occurrencesitibérnepidemic typhus nor meningitis
disease cases with 93% confidence and support t#v&1.00%. This rule has shown less
support value. It was because of that the occuerericeither one or two or three of the

disease cases are infrequent but the remaining easdrequent.
27. TyphoidFever Outbreak=0 2113 ==> MeningitOudlired 1974 conf:(0.93)

The above rule is a two itemsets (disease caskes).ei two disease cases are involved. The
rule shows that if there are no occurrences of dypRever disease cases then there are no
occurrences of meningitis disease cases in a wataa and with some time period is 93%
confidence with the support level of 22.44%. Thike has shown less support value. It was
because of that the occurrence of either of the digease cases was infrequent but the

occurrence of the other disease cases was frequent.
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30. TyphoidFever Outbreak=0 2113 ==> RelapsingReudsreak=0
EpidemicTyphusOutbreak=0 195%onf:(0.93)

The above rule is a three itemsets (disease cades).e. three disease cases were involved.
The rule shows that if there were no occurrencesypifioid fever disease cases then the
occurrences of neither relapsing fever nor epidetyphius disease cases were with 93%
confidence and support level of 22.27%. This fudes shown less support value. It was
because of that the occurrence of either one ootvtbree of the disease cases are infrequent

but the remaining cases are frequent.
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5.1.2.4. Summary of association rules mining results from Apriori
Algorithm

Rule comparison summary

The comparison of Apriori algorithm results for thepetition of rules and the selecting
interesting rules from the three datasets (IDSREMHand the combination of IDSR with
PHEM) were shown on table below.

Exp Total IDSR datasets PHEM datasets The whole combined

No. numbers datasets of IDSR and
rules in PHEM
each Repeat | Rules left after | Repeat | Rules left after | Repeat | Rules left after
experim | ed removal of | ed removal of | ed removal of
ent Rules repeated rules | Rules repeated rules | Rules repeated rules

El 10 - 10 - 10 - 10

E2 15 9 6 10 5 9 6

E3 20 14 6 13 7 16 4

E4 25 12 13 9 16 10 15

E5 30 29 1 27 3 27 3

Total | 100 64 36 59 41 62 38

rules

Table7: Comparison among the three datasets faoA@issociation rules mining result

As shown on the table above, the total numbersitefésting rules after the removal of the
repeated rules was identified. That means, the PldBtdsets produced 41 interesting rules,
lastly IDSR dataset produced about 36 interestirigsrand the combination of the two
datasets produced 38 interesting rules on theeyerimentation. From the above statistics
we could see the number of interesting rules weseenn the PHEM datasets than the two
datasets. This justification didn’t show that fRBIEM dataset was better than the other.
Rather we could say that the PHEM dataset couldym® more number of rules with the
specified researcher's min-sup and min-conf thrlesho It was also true that rule
interestingness is not a measure of number of prieduce rather number of interesting rules
produced from a certain datasets.

Result Analysis Summary

Since the research was for educational purposehemnd was also time constraint to describe
all interesting rules generated from Apriori algjom, the researcher tried to show only some
of the interesting rules from each experiment. Héee results of association rules mining
showed that those rules which were selected asesiieg from the three datasets were

compared and contrasted below in the table8 giveimce the transaction of disease outbreak
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cases were recorded according to the time and petteng then these transaction was

investigated further in the following discussiorw the selected rules. As mentioned in

chapter2 of this research, association rule dighdw any causality between disease cases.

Therefore it could only be expected which diseaseuoed with the occurrence of which

types of disease outbreak. Best common rules walexted for the Comparison purpose

among the whole three datasets for associatiors mi@ing with Apriori Algorithm (Rule

numbers were given here manually for the sakesafudision purpose) to some selected rules

which were getting more acceptance with the doraaperts.

Dataset | Rule | Best Rules Produced Measure of Association Remark
Name No.
Antecedence Consequence Confidence  Support
Occur Not occur| Occuf Not occur
1. TF, RF ET 99% 18.71%| Not accepted
2. ET TF 99% 21.01%| Accepted
IDSR 3. Mal, ET TF 98% 18.86% | Not accepted
4, Mal, RF TF 94% 28.86%| Accepted
5. RF TF 94% 32.87% | Accepted
6. TF Mal 91% 72.12%| Accepted
1. TF, RF ET 99% 26.34%| Accepted
2. ET TF 99% 31.57%| Accepted
PHEM 3. Mal, ET TF 99% 31.3% Accepted
4. Mal, RF TF 98% 29.12% | Accepted
5. RF TF 96% 29.83%| Accepted
6. TF Mal 97% 70.29% | Accepted
1. TF, RF ET 99% 22.27%| Accepted
2. ET TF 99% 25.97%| Accepted
ecé’mbi” 3. | Mal, ET TF 99% 23.31%]| Accepted
datasets —2 | "\ial, RF TF 96% 29.02% | Accepted
5. RF TF 95% 31.46%| Accepted
6. TF Mal 94% 71.29%| Accepted

Table8: Selected rules and their respected suppdrtonfidence level
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N: B: - ET=Epidemic Typhus disease case, Mal=Maladisease case, Men=Meningitis disease case,

RF=Relapsing Fever disease case, TF=Typhoid Feseask case.

The remark showed that rules were accepted or ocotpéed with regard to the rules
interestingness measures which were defined acgprth the minimum support and
minimum confidence threshold of the rules (since ttesearcher defined it for rule

interestingness by considering the rarely or infeegly occurring disease cases).

Rules acceptance only indicated interestingnessnahdcceptance indicated as rules were
not interesting with the researcher’s specifiedpoedefined threshold. The table below
showed the average support and average confiddnte oules given above for the whole
three datasets with the predefined rules withetguence numbers given manually for each
dataset for the same rule. l.e. the first rule Whi@s rule number 1 has the same variables

for the three datasets and soon.

Rule numbers| Average support Average confidenc®emark
1. 22.44% 99% Accepted
2. 26.16% 99% Accepted
3. 23.85% 98.67% Accepted
4, 29% 96% Accepted
5. 31.39% 95% Accepted
6. 55.97% 94% Accepted

Table9: selecting rule interestingness from theraye support and confidence of the three
datasets

Finally, when the researcher considered the datassparately, the IDSR datasets were
having two uninteresting rules from the selectddsbut the PHEM as well as the combined
datasets had shown that all the selected rules wmé&eesting according to the threshold
given. Therefore the researcher had decided tottekaverage values of the same rule from
the three datasets and decided the rule interestgsgaccordingly. Hence the average support
and confidence of the six rules had a greater geethan that of the minimum required
threshold (for Min-Sup=20% and Min-Conf=90%). Thevere repetitions of some rules to
the next run while adding 5 additional rules on fii& run of Apriori algorithm. Therefore;
those repeated rules were not important to furtralysis then the researcher manually

removed those repeated rules and made analysiearrmmaining rules.
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5.1.3. Model development for disease clustering with a simple-
KMeans Algorithm

As stated in the methodology part of this reseavonk, the goal of data clustering, also
known as cluster analysis, is to discovernhtural grouping(s) of a set of patterns, points, or
objects. Since the data sets were cleaned for mgisgalues, noise, inconsistencies, and
outlier's specification in the preprocessing phatehis research work then the simple K-

means algorithm was performed simply.

As per the research objectives, the researcheyzasathe results to determine which regions
and Zones of the country would be affected by diseases with respect to time (i.e. the year
and the month).Then disease segmentation was performed within tame place
distributions. It was also important to know thduster analysis is a descriptive or
exploratory data mining applications; therefore dluwgput of clustering algorithms can only
lead to suggest hypotheses and plan of actiondoisibn making activities.

Minimum number of iteration and minimum min-squaeor for simple K-means were
chosen for disease case clustering. After the pleprocessing phase, the total numbers of
instances or records involved were 8796 and thebeusnof attributes were 9. Consequently,
the attributes werdRegionName, ZoneName, Year, Month, MalariaOutbrégghiodFevero
utbreak, RelapsingFeverOutbreak, EpidemicTyphus@aly) and MeningitesOutbreakiere

the most difficult task was to determine the numbfecluster elements K for disease case
data segmentation as mentioned above. Howeveretearcher with the discussion to the
domain experts had decided to generate approprmatier of clusters to group the disease
cases data in to the total number of years invofeeexperimentation for this research and

number of total regions in the country taken fa thustering purpose.

Finally, we agreed up on the segmentation of degasmses first with a minimum of 9
clusters for the 9 years datasets to show the tnagation with the occurrence and
nonoccurrence of disease cases and then 11 clémtehe 11 region of the country. Here the
researcher also tried to find more clusters acogrth the sum of square errors for simple K-

means algorithm and tried the possible clustetseinveen. 10 cluster segments which were
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in between of the 9 years and the 11 regions otthumtry where tried to see whether there

are some cluster elements with different possibteames or not.

The researcher then analyzed the within cluster stisguared errors (min-square error), the

number of iteration performed, and the percent ¢¥ipstances involved in each clusters of the

three experiments with the values of K = 9, 10, afdchumber of clusters. Then the minimum

within cluster sum of squared errors and less nurobéeration performed were taken as good

cluster.

As shown in the Table below, since this experin®hiad lower value of within cluster sum of

squared errors which was equal to 26,503 and nuwibiéeration taken = 11. Even though the

number of iteration was more than that of experinZwhich had only 10 iteration performed,

experiment 2 was having greater cluster sum ofreguarrors and less numbers of clusters. Then

the researcher decided to use and discus abowxésiment 3.

Performed Within cluster sum Number of iterations No. of | No. of | No. of
Experiments | of squared errors | performed instances| attributes| clusters(K)
involved | taken Defined
Experiment 27,31 13 8796 9 9
Experiment 2 26,780 10 8796 9 10
Experiment 3 | 26,503 11 8796 9 11

Tablel0: Clustering Experimentation analysis for the corgaari of within cluster sum of squared

errors and Number of iterations performed for eaqgberimentation.

The researcher also wanted to show below the pawgermf instances in each of the experiments

done to see the distribution of data elements éh @hthe clusters in the whole datasets.

The following table showed that the three experitaigon were having varying proportions of

instances in each clusters elements. But as wedceed from the table below, the third

experiment showed many clusters which were somgbroportional to each cluster instances

and it provided with more useful clusters for dission.
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Cluster Experiment 1(K=¢ Experiment 2(K=1( Experiment 3(K=11
number Number of| %of Number of| %of Number of| %of
instances for instances | instances for instances | instances for instances
each cluster | involved | each cluster | involved | each cluster| involved
Co 1311 15% 1256 14% 1257 14%
C1 1180 13% 886 10% 887 10%
(op) 826 9% 816 9% 798 9%
C3 107z 12% 86E 10% 77¢ 9%
ca 1166 13% 787 9% 683 8%
C5 561 6% 510 6% 344 4%
C6 1246 14% 1228 14% 1135 13%
c7 909 10% 820 9% 767 9%
C8 525 6% 495 6% 480 5%
C9 - - 1133 13% 1110 13%
C10 - - - - 562 6%

Tablell: cluster result of the three experimentatior cluster instance distribution

At this stept was possible to decide and discus about theechegperiments which was
experiment 3. The simple-KMeans clustering algonittun information would be presented

below.

=== Run information ===

Scheme:
500-S 10

Relation:
Instances:

Attributes:

8796

RegionName

ZoneName

Year
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Combined datasets of IDSR and PHEM & simple-KMeans algorithm

weka.clusterers.SimpleKMeans -N 11 -ékawcore.EuclideanDistance -R first-last” -




Month

MalariaOutbreak

TyphoidFever Outbreak

RelapsingFeverOutbreak

EpidemicTyphusOutbreak

MeningitOutbreak

Test mode: evaluate on training data

=== Model and evaluation on training set

kMeans

Number of iterations: 11

Within cluster sum of squared errors: 26503.28483723

Missing values globally replaced with mean/mode

Cluster centroids:

Attribute Full Cluster 1

data |0 1 2 3 4 5 6 7 8 9 10
RegionNam

G | & |&£ |6 R&/6 RE& £ |6 | |6 RS
ZoneName

S35 |z 3 g |, S0 8Edsds |58 7
Year 2011 | 2011| 2011 201Q 2011 2005 2009 2p10 208®BL1| 2007| 2008
Month Mar Jan May| Sep Jun MayJan Jun Apr | Jul Oct Deq
MalariaOutbrea 92% | 98% | 98% | 100% | 93% | 99% | 43% | 99% | 99% | 63% | 97% | 70%
TyphoidFever Outbre: 76% 98% | 73% | 100% | 99% | 81% | 97% | 26% | 96% | 15% | 83% | 61%
RelapsingFeverOutbre | 33% 30% | 4% 87% 72% | 31% | 76% | 3% 66% | 63% | 11% | 13%
EpidemicTyphusOutbreak 26% 259 29 87% 95% 3% 86% 2%1% | 0% 5% 12%
MeningitOutbreak 19% | 20%| 4%| 58% 15% 43% 9% 5%  3P%% | 5% | 7%
Total number of cluster 8796 1257 | 887 | 798 773 683 344 1135 767 480 1110 %62
instances involved
Percentage of instanc 100% | 14% | 10% | 9% 9% | 8% | 4% 13% | 9% | 5% | 13% | 6%

Tablel12: clustering with simple

K-means algorithmn rinformation results for better

visualization purpose for experiment3
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The above table showed that the 11 clusters wenergted from the run information of

Weka data mining tools and provided with detailefdimation about each of all the clusters
and presenting with the percentage of instancegetisas the percentage of specific disease
occurrences in each of the regions which were mingd the simple-KMeans algorithm

within the specified period of time. The proportiof disease occurrences therefore was
explained for each disease below in the discussitre percentage only showed us the
occurrences of a specific disease to that spedifigter in place and time setting distribution

of the results.
Discussion of Clusters from disease perspective:

In most of the clusters we could see the occurrefcealaria was more in every cluster with
an average of more than 92% from the total instanoest of the time. But only in areas like
Kolfe Keranio in Addis Ababa region with 43%, Haraone in Harari region with 63% and

finally Yekatit hospital in Addis Ababa with 70%éd occurrence was less relatively.

Another disease case like typhoid fever outbreaksewmore prevailing in most of the
clusters with 76% an average of the instances miogte time. But in some clusters like
south Tigray with 73%, central Tigray with 26%, Harzone with 15% and finally Yekatit

hospital in Addis Ababa with 61%, the occurrences Vess relatively.

The prevalence of outbreak occurrences of anotlimgase case called relapsing fever
outbreaks were less than the total average of 33ftost of the time. But in some clusters
like Arsi zone in Oromia region with 83%, Arada stity in Addis Ababa region with 72%,
Kolfe Keranio with 76%, west Shoa zone in Oromigiosa 66%, and in Harari zone with
63% the occurrence.

The other disease outbreak cases was the occuroéribe Epidemic disease cases which
were occurring with a total average of 26% mosthaf time. But the prevalence of this
disease outbreak occurrences in some places wghdike Arsi zone in Oromia region with
87%, Arada sub city in Addis Ababa Region with 95#d Kolfe Keranio sub city in Addis
Ababa with 86%.

Lastly, meningitis disease outbreak occurrence®v@und with the total average of 19%.
But the prevalence of this disease outbreak oceoein some places were high like Segen
zone in SNNPR region with 20%, Arsi zone in OrorRiagion with 58%, East Harargie in
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Oromia region with 43%, and west Shoa in OromiahwB2% but in other places the

occurrence was less.

As mentioned above the experimentation3 has atsdupged more clusters with better
proportions of instances found within it. Totallyete were more clusters gained from this
experiment with better instance proportions. Fetance: - CO, C1, C2, C3, C4, C6, C7, and
C9 others cluster with less proportion of instantiks: - C5, C8, and C10. All cluster
elements would be discussed below one by one ftierbmvestigation. Cluster selection
activities were simply done by the numbers of insés found within the clusters. Therefore;
the researcher decided to analyze experiment 3nfonmation from the simple K-means

clustering data mining algorithm.

The summary of experimentation results for each clster

The researcher also wanted to discus about eastecklements below for better understanding
and description purpose:-

Cluster0: In this cluster SNNPR region and Segen Zoneenytmar of 2011 and in the month
of January, the occurrence of disease outbreaksocagib the following proportion like:
Malaria with 98%, Typhoid Fever with 98%, Epidenigphus with 30%, Relapsing Fever
with 25%, and finally Meningitis with 20% proportidrom 1257 total number of instances
14% of the total instances involved in the expentagon.

Clusterl: In this cluster the region Tigray and South Tiggane in the year of 2011 and in
the month of May, the occurrence of disease oukboeaes with the following proportion
like: Malaria with 98%, Typhoid Fever with 73%, Bpmic Typhus with 4%, Relapsing
Fever with 2%, and finally Meningitis with 4% prapion from 887 total numbers of
instances or 10% of the total instances involvetthénexperimentation.

Cluster 2: In this cluster the region Oromia and Arsi Zonethe year of 2010 and in the
month of September, the occurrence of disease eakbrases with the following proportion
like: Malaria with 100%, Typhoid Fever with 100%piBemic Typhus with 87%, Relapsing
Fever with 87%, and finally Meningitis with 58% partion from 798 total numbers of
instances or 9% of the total instances involveth@éexperimentation.

Cluster3: In this cluster the region Addis Ababa and Arada-sity Zone in the year of 2011
and in the month of June, the occurrence of diseagbreak cases with the following

proportion like: Malaria with 93%, Typhoid Feverttwi99%, Epidemic Typhus with 72%,
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Relapsing Fever with 95%, and finally Meningitistlwil5% proportion from 773 total

numbers of instances or 9% of the total instanoeslved in the experimentation.

Cluster4: In this cluster the region Oromia and East Hara&gee in the year of 2005 and in
the month of May, the occurrence of disease oukboeaes with the following proportion

like: Malaria with 99%, Typhoid Fever with 81%, Bpmic Typhus with 31%, Relapsing
Fever with 3%, and finally Meningitis with 43% pmpion from 683 total numbers of

instances or 8% of the total instances involveth@experimentation.

Cluster5: In this cluster Addis Ababa region and Kolfe Kem#bne in the year of 2009 and
in the month of January, the occurrence of diseagbreak cases with the following

proportion like: Malaria with 43%, Typhoid Fevertwi97%, Epidemic Typhus with 76%,

Relapsing Fever with 86%, and finally Meningitistlwi9% proportion from 344 total

numbers of instances or 4% of the total instanoeslved in the experimentation.

Cluster®6: In this cluster the Tigray region and CentralriigZone in the year of 2010 and in
the month of June, the occurrence of disease @kbrases with the following proportion

like: Malaria with 99%, Typhoid Fever with 26%, Hpmic Typhus with 3%, Relapsing

Fever with 2%, and finally Meningitis with 5% pragion from 1135 total numbers of

instances or 13% of the total instances involvetthénexperimentation.

Cluster7: In this cluster the Oromia region and West ShoaeZim the year of 2006 and in
the month of April, the occurrence of disease amdkrcases with the following proportion
like: Malaria with 99%, Typhoid Fever with 96%, Bpmic Typhus with 66%, Relapsing
Fever with 11%, and finally Meningitis with 32% partion from 767 total numbers of

instances or 9% of the total instances involveth@éexperimentation.

Cluster8: In this cluster the Harari region and Harari Zondhe year of 2011 and in the
month of July, the occurrence of disease outbreasles with the following proportion like:

Malaria with 63%, Typhoid Fever with 15%, EpidenTigphus with 63%, Relapsing Fever
with 0%, and finally Meningitis with 10% proportidnom 480 total numbers of instances or
5% of the total instances involved in the experitagaon.

Cluster9: In this cluster the Oromia region and West Hagaggne in the year of 2007 and in
the month of October, the occurrence of diseadereak cases with the following proportion
like: Malaria with 97%, Typhoid Fever with 83%, Bpmic Typhus with 11%, Relapsing
Fever with 5%, and finally Meningitis with 5% pragion from 1110 total numbers of

instances or 13% of the total instances involvetthénexperimentation.
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Clusterl0: In this cluster the Addis Ababa region and Yekidtspital as a zone level in the
year of 2008 and in the month of December, the weoge of disease outbreak cases with
the following proportion like: Malaria with 70%, Phoid Fever with 61%, Epidemic Typhus
with 13%, Relapsing Fever with 12%, and finally Mwagitis with 5% proportion from 562

total numbers of instances or 6% of the total imsts involved in the experimentation.

The magnitude of disease case occurrences wergzaddlom the point of view of time and
place settings. Therefore the researcher had shioesmore prevailing area of the country
and the occurrence of disease cases with respdut atasets which were taken and shown
the segmentation with the 9 years time datasete He most importance thing was to see

the previous trends of disease occurrence anditireibance improvement in time.

As per the objectives of the research, the reseastiowed the more occurrences of disease
cases with respect to time and place. Better esuitl interesting clusters were observed
from the experiment. The research showed that méteng was applicable to the outbreak
surveillance and response system of Ethiopia tcamcth the betterments of the system
strength with very low quality data in the systéhe results was also interesting to develop
a new hypothesis and do a better research on el df data mining for disease outbreak
cases in the country and providing a measurable plaaction for the decision makers to
future preparedness and alarm on that specific tareae whether the occurrence of disease

cases were deceasing or increasing with time.

As shown on the table above the year 2011 hadgmbiotit more prevailing clusters since it
appeared 4 times from the total clusters. Excepidars 2004 and 2012 which didn’t appear
in any cluster, all the other years in the datasgteared exactly one each. Therefore, the
surveillance and response system had to checkréwalpnce of diseases cases against their
plan of actions on that specified areas and tinseit vas mentioned in the limitation parts of
this research, here what should be noted was teatrdsearch was done only with the
available datasets which were collected or repofteth different places of the country
within the 9 years of time from 2004-2012G.C. There, all districts from all regions might
not send all the expected reports on timely basés. result showed only for the data

involved for this research work.
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5.1.4. Prediction MD for Epidemic Typhus disease

Experimentation for classification:

The Classification algorithm to classify diseassesaaccording to the current and future
prevalence of the disease occurrences to a ceatasn and within a certain seasonal time
variation were investigated here in this part. Hiwe researcher wanted only to predict the
occurrence of disease cases to show the futurecegeccurrence of cases to a certain area
for simple planning and preparedness activitiestargtrength the surveillance system in that
suspected areas.

As mentioned in the methodology part of this reslear work, the researcher used to classify
disease cases by the use of decision tree J48aavel lmayes classification algorithm. Since
the former surveillance system was reengineereithddyew BPR national work reformation
program for better surveillance system establisiniérerefore, only the new PHEM dataset
was selected and analyzed for the purpose of fitadgn because of the discussion with the
domain experts. After the preprocessing phaseefldiaset had a total of 4093 records and
seven total attribute®ke€gion, Zone, Woreda, Year, Month, Epidemic Wemig}the disease
cases calle&pidemic typhusBut here the researcher discarded¥bkarandEpidemicWeek
attributes since the years were already passedh&ndpidemic week attribute were having

lower value of information gain.

As mentioned above the attributes were taken fitzertime and place setting of the dataset
variables, one attribute had inheritance from ttneioattribute. The time attribute such as the
Years are already passed as mentioned before th&asi dropped out from the datasets
because the prediction was done for the future roecoe of disease cases. From the
information gain values of attribute selection @& the researcher obtained the results and
described below in table13. As mentioned abovepfediction purpose, the researcher used
the attribute evaluator feature selector callgmin Ratio feature evaluatoby the search
method ofAttribute Ranker The attributes are ranked according to the gaiio rof each
attribute with respect to the class attribute. Bwaluation mode was performed to all the

datasets.
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The following table showed the description of sarens in the run information window of

the attribute selection parts on Weka3.6 softwaoéfor the process of attribute selection.

Parameters or terms Description

Weka The Data minig tool

Attributeselectior Attribute selection proce:

GainRatioAttributeEval Evaluates the worth of afrilaite by measuring the
gain ratio with respect to the class.

Ranker The attributes are selected accordingdadhks to the
gain ratio

Filters The preprocessing step to change the rnamer
representation to nominal values

Unsupervised The learning type

NumericToNominal- Changing the attribute values from numeric to nahijn

Rfirst-last by ranking starting from the first attribute to theest
attribute.

-T The minimum threshold Gain Ratio given to each
attribute.

-N Ranks to be given for each attribute in numégim

Tablel3: parameter description for attribute selecot feature generator window in Weka

5.1.4.1. Model preparation For Prediction

The following table showed the Gain Ratio of atitds and the ranks they have to the class
Epidemic Typhus from preprocessing attribute sedacparts of this research. As could be
seen from the table below month have a small valueeant the prediction was less on the
month attribute than the other place oriented kaites likeRegionName, ZoneNamand
WoredaNameBut most importantly the region was the most inguat significant attribute
and the root of the decision tree classifier siitdead the greater value of gain ratio. The
following table showed the importance of attributeth the ranking list against the gain ratio
they had.

Attribute name Gain Ratiovalu | Rank
RegionNam 0.110265 1
ZoneName 0.084928 2
WoredaName 0.078706 3
Month 0.000375 4
Epidemic typhus Class Class

Tablel4: Gain ratio for best attributes selectimcpss with their ranking lists
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The researcher had done experimentation to dewefmediction model by the use of Naive

Bayes classifier and Decision Tree classificatibd48 algorithm. The test option evaluation

criteria were set as 10 folds cross-validation @&ntioned before. The summary results of

each algorithm were shown below and the comparigas done following the summary

results of the two classifications algorithms oae thble. The comparison between the results

of the two classification data mining algorithmsrevelone for Epidemic Typhus disease

cases prediction modeling on place and time settitg. As could be seen from each of the

results the values of disease occurrences wereggetiainom the value of 1 to YES for the

occurrence and from 0 to NO for nonoccurrence mEsmdy for

understanding for tree traversal on th

=== Summary Results of a Decision
Time taken to build model: 0.0&8 sec

=== Jtratified cross-wvalidation ===
=== JUNMArY ===

Correctly Classified Instances
Incorrectly Classified Instances
Eappa statistic

Mean absolute error

Foot mean sdquared error

Relatiwve abzolute error

Root relative scquared error
Total Number of Instances

=== Detailed Accuracy By Class ===

TF Rate FF Rate

0.795 0.085
0.915 0.205
WMeighted Awg. 0.a877 0.1la7

=== Confusion Matrix ===

a b <—-- classified as
10358 268 | a = Yes
237 2550 | h = No

e run infdiomaof the results.

Tree J48 algorith===

onds=s

35835 g7.4619
505 12.3381

0.7143
0.1lasd
0.294
358.1993
63,0666
4093

ey

&

Precision Fecall F-Measure

0.314 0.795 0.504
0.205 0.915 0.91
0.376 n.877 0.876
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e

ROC Area Class
0.935 Yes
0.935 Ma
0.935



Time taken to build model: 0.02 seconds

Stratified cross-walidation

=== JUumNmary ===
Correctly Classified Instances 3429
Incorrectly Classified Instances 664
Kappa statistic 0.6559
Mean absolute error 0. 1705
Root mean sgquared error 0.340l
Relatiwe absolute error 39.3044 %
Root relative soquared error 72.9711 %
Total Number of Instances A0935
=== Detajiled aAccuracy By Class ===
TF Rate FF Rate Precision Recall
0.923 0.z20z2 O.6581 0.923
0.79s8 o.o077 0.957 0.79s8
WMeighted Awg. 0.538 0.117 0.569 0.838
=== Confusion Matrix ===
a h <—- classified as
1206 1a0 | a = Yes
LSed 2223 | b = Nao

Summary Results of the Naive Bayes Classifier=

83,7772
16. 2228 %

A

F-Measure ROC Area Class
0.784 0.939 Tes
0.587 0.939 o
0,543 0.939

Then the researcher did the comparison betweenléissification performances of the two

classifications algorithm results with the most ortant measures in the field of health

related researches for disease predictions. Thitsegere analyzed and shown below on the

table for better comparison of the two algorithms.

Measurement | Epidemic Naive Baye: Decision Tree wittl Remark
Typhus J48 Algorithm
disease Case
occurrence

1 TP Rate No 0.798 0.915
Yes 0.92:¢ 0.79¢
Average 0.838 0.877
2 | ROC Area No 0.939 0.93¢
Yes 0.939 0.93¢
Average 0.939 0.935
4 Sensitivity 0.6814 0.8141
4 | Specificity 0.9570 0.9049

Tablel5: Measurement evaluation for the two denisiee classifiers for comparison

In the table above we could see that the occurseatdisease cases were measured by four

important prediction performance measurements. MEsearcher wanted to use the best
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classification algorithm to predict the occurremdadisease cases in a certain area and with
some time period. The first performance evaluatas the average true positive (TP) rate to
evaluate the performance of the two classificatdgorithm (i.e. Decision Tree with J48
classifier and the Naive Bayes classifier). Frora thn information summary results of
Weka3.6 tool, the average TP rates were 83.8% darc@8for Naive Bayes and Decision
Tree J48 classifier algorithm respectively. Thetdrethe average TP rate the better the
performance. The second one was the ROC area whitle combination of the sensitivity
and specificity measure. The ROC area averagetsesiulhe two algorithms were 93.9% for
Naive Bayes and 93.5% for Decision Tree classifielesre the two algorithms had better

performance which were both greater than 90% aadyequal.

The researcher also tried to see the sensitivity te specificity of the performance
measurement for the occurrence and nonoccurrenalisese cases. Because these two
measures were the most important model measuretaehnhiques in the health related
research. The result showed that the sensitivitiNaifve Bayes algorithm was 68.14% and
that of the Decision tree classifier was 81.41%c8ithe sensitivity of the test shows that the
true occurrences of disease cases were to befigdsas an occurrence. From this test, we
could understand that decision tree had a bettdornp@ance than Naive Bayes classifier to
classify the occurrence of disease cases. Finadlyrésearcher tried to see the specificity of
the two algorithms. The specificity of the test wled that the non occurrence of disease
cases are classifies as non occurrence. The spigcidif the test results were 95.7% and
90.49% for Naive Bayes and decision tree classifieispectively. Here both had high
specificity but the Naive Bayes classifier haddretgalue.

As per the objectives of the researcher work, #searcher wanted to classify the disease
occurrences than the nonoccurrence’s for planning tking a measurable actions to
decision making process in more affected areaefctiuntry with the time slices. Then the
researcher used the sensitivity, the TP rate amdRthC area for performance measurement
to select the best performing algorithm. Theref@ecision tree was selected by having a

better performance than Naive Bayes classifier.

It was also true that the Decision true classifiad classified instances correctly with

87.6619% percentage or accuracy rate but that @fNhive Bayes classifier was with
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83.7772% only. Finally, it was better to misclagsife occurrence of a disease cases than the
nonoccurrence of cases. That was why in our ingastin we took into consideration the
recognition rate of disease cases occurrencesthiganonoccurrence’s. Since the Decision
tree classifier with J48 algorithms were selecteddévelop a predictive model for the
occurrence of Epidemic Typhus disease cases, tmenesults were discussed as follows

from the run information of J48 classifier at Apgen3.

Discussion of Decision Tree J48 algorithm results

In decision tree classifier the results were aredyin the form of IF-THEN rules. Since the
research was for educational purpose, all the géeirules were not explained here. The
success ratio (rate) or the confidence of diseasescoccurrence and nonoccurrence were
calculated from the number after the leaf of tlee tiAs showed in appendix 3, the occurrence
of disease cases were represented by Yes and tloeaworence were by No values. Success
ratio is the ratio of correctly classified diseasases with the total number of disease cases in
that area.
Some rules were discussed below:

1. RegionName = Addis Ababa

| WoredaName = Kolfe Keraniyo: Yes (33.0)

The above rule implies that:
The rule stated that, out of the total numbersiséake cases classified by the decision tree
J48 classifier all the records i.e. the 33 recandhe datasets were shown the disease cases
occurrences, therefore the success ratio=33/33*00%. Likewise other rules would be
calculated and the results were shown below thesrul
If region =Addis Ababa and WoredaName = Kolfe KéyanThen Epidemic Typhus occur
with 100% success ratio. Yes implies Disease @eoge and 33.0 implies the total number
of occurrences classified correctly.

2. RegionName = Addis Ababa

|WoredaName = Akaki Kaliti: Yes (31.0/1.0)

The above rule implies that:
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If region =Addis Ababa and WoredaName = Akaki Kalihen Epidemic Typhus occur with
96.88% success ratio. Yes implies Disease ocatgrand 31.0 implies the total number of
occurrences classified correctly and 1.0 impliepirectly classified instances.

3. RegionName = Addis Ababa

| WoredaName = Bole: Yes (32.0/1.0)

The above rule implies that:

If region =Addis Ababa and WoredaName = Bole Theid&mic Typhus occur with 96.97%
success ratio. Yes implies Disease occurrence3ar@@limplies the total number of disease
occurrences classified correctly and 1.0 implie®irectly classified disease occurrences.

4. RegionName = Oromia
| ZoneName = East Shewa: Yes (33.0/2.0)

The above rule implies that:
If region =Oromiaand ZoneName = East Shoa Then Epidemic Typhus eatiu 94.29%
success ratio.

5. RegionName = Oromia
| ZoneName = Adama Special Zone: No (29.0/6.0)

The above rule implies that:
If region = Oromiaand ZoneName = Adama Special Zone Then Epidempahdy do not
occur with 82.86% success ratio.

6. RegionName = Oromia
| ZoneName = Bishoftu Town: No (29.0)

If region = Oromiaand ZoneName = Adama Special Zone Then Epidempah{dy do not
occur with 100% success ratio.

7. RegionName = Oromia
| ZoneName = Finfine Zuria: Yes (27.0/12.0)

If region =Oromiaand ZoneName = Adama Special Zone Then Epidenptds occur with
69.23% success ratio.

8. RegionName = Oromia

| ZoneName = Jimma Spe Town: No (30.0/2.0)
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If region =Oromiaand ZoneName = Adama Special Zone Then Epidemptdy do occur
with 93.75% success ratio.

9. RegionName = Oromia
| ZoneName = East Wellega: Yes (31.0/15.0)

If region =Oromiaand ZoneName = Adama Special Zone Then Epidenphds occur with
67.39% success ratio.
10.RegionName = Tigray: No (1180.0/26.0)

If region =Tigray Then Epidemic Typhus will occur with 97.84% SucCeio.
11.RegionName = Gambella: No (26.0/2.0)

If region =GambellaThen Epidemic Typhus will occur with 92.86% succesio.
12.RegionName = SNNPR

| | ZoneName = Alaba: No (32.0/10.0)

If region = SNNPR andZoneName = Alaba Then Epidemic Typhus do not oaweitin
96.97% success ratio.
13.RegionName = SNNPR

| | ZoneName = Bench Maji: Yes (31.0/7.0)

If region =SNNPR andZoneName = Bench Maji Then Epidemic Typhus occitin 81.58%
success ratio.
14.RegionName = SNNPR

| | ZoneName = Dawuro: No (32.0/12.0)

If region = SNNPR andZoneName = Dawuro Then Epidemic Typhus do not oedth
72.73% success ratio.
15.RegionName = SNNPR

| | ZoneName = Gamo Gofa: Yes (32.0/2.0)

If region = SNNPR andZoneName = Dawuro Then Epidemic Typhus do not oedth
94.12% success ratio.
16.RegionName = SNNPR

| | ZoneName = Gedeo: Yes (32.0/11.0)

If region = SNNPR andZoneName = Dawuro Then Epidemic Typhus do not oedth

74.42% success ratio.
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17.RegionName = SNNPR
| | ZoneName = Wolayita: No (32.0/2.0)

If region = SNNPR andZoneName = Wolayita Then Epidemic Typhus do nauoavith
94.12% success ratio.

18.RegionName = SNNPR
| WoredaName = Burgi: No (22.0)

If region =SNNPR andZoneName = Burgi Then Epidemic Typhus do not oeutin 100%
success ratio.

19.RegionName = SNNPR
| WoredaName = Derashe: No (22.0/2.0)

If region = SNNPR andZoneName = Derashe Then Epidemic Typhus do nafroetith
91.67% success ratio.

20.RegionName = Dire Dawa: No (63.0/2.0)
If region =Dire DawaThen Epidemic Typhus do not occur with 96.92% essaatio.
21.RegionName = Harari: No (161.0/1.0)
If region =HarariThen Epidemic Typhus do not occur with 99.38% ssEcatio.
22.RegionName = Amhara
| ZoneName = North Gonder: No (24.0/12.0)

If region = Amhara andZoneName = North Gonder Then Epidemic Typhus doogour
with 66.67% success ratio.

23.RegionName = Amhara
| ZoneName = North Wollo: No (26.0/13.0)

If region =Amhara andZoneName = North Wollo Then Epidemic Typhus do extur with
66.67% success ratio.

24.RegionName = Amhara
| ZoneName = South Gonder: No (26.0/5.0)

If region = Amhara andZoneName = South Gonder Then Epidemic Typhus maitl occur
with 83.87% success ratio.

25.RegionName = Amhara
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| ZoneName = South Wollo: Yes (28.0/3.0)

If region = Amhara andZoneName = South Wollo Then Epidemic Typhus oosith
90.32% success ratio.

26.RegionName = Amhara
| ZoneName = West Gojjam: Yes (25.0/5.0)

If region = Amhara andZoneName = West Gojjam Then Epidemic Typhus oaeitin
83.33% success ratio.

27.RegionName = Amhara
| ZoneName = Wag Himra: No (22.0/1.0)

If region =Amhara and&ZzoneName = Wag Himra Then Epidemic Typhus occtin @6.65%
success ratio.

28.RegionName = Amhara
| ZoneName = Bahir Dar Liyu: No (23.0/6.0)

If region = Amhara andZoneName = Bahir Dar Liyu Then Epidemic Typhusuwcwith
79.31% success ratio.

29.RegionName = Amhara
| ZoneName = Oromiya: Yes (25.0/10.0)

If region = Amhara andZoneName = Oromiya Then Epidemic Typhus occur witt43%
success ratio.

30.RegionName = Afar: No (436.0/20.0)
If region =Afar Then Epidemic Typhus will not occur with 95.61% sess ratio.
31.RegionName = B-Gumuz
| ZoneName = Assossa: No (25.0/3.0)

If region =B-Gumuz andZoneName = Assossa Then Epidemic Typhus do nairosith
89.29% success ratio.
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Summary of Epidemic Typhus disease Classification odel:

However the above results were interesting and paabke with the domain experts,
prediction with less numbers of variables were prowviding better prediction model. It was
because of the importance of data mining which @erapplicable and powerful for the
multidimensional and huge amount of data in theskts. With the use of quality data for
better model development, it was known that, tietreuld be a dependent and one or more
independent variables to have the probability dfigg a better model. In the case of this
research, the dependent was disease cases amdi¢ipendent was time and place variation.
However, all important factors or determinantsdi@eases occurrences had to be included in
the data collection format for better prediction dab development and to enhance the

probability of getting a better predictor.

Therefore the sector has to have a very sophisticatred and wireless communication

technology to enhance the ability of the survedkarsystem to function appropriately and

correctly for timely and complete data collectioaesult dissemination techniques. Due to
the limited use of appropriate infrastructure, éxettse of technology and skilled personnel,
early identification of the determinants of diseaseurrences, and the lack of quality data
accumulated in the sector influenced the functibnalf the system. The researcher has set
recommendation about the future activities to e for better data quality to enhance the

prediction performance with data mining applicason
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5.2. General Summary of experimentation results:

The aim of this research work was to show the appllity of data mining techniques for the
development of descriptive and predictive modalisease outbreak surveillance datasets in
Ethiopia. To do that the three data mining applices such as classification, clustering and
association rules mining were undertaken to exgleeeamportant applications to the datasets
of the PHEM sector from different perspectives.ofat of 18600 records were collected and
assessed from the data store of the surveillansterayfrom the year 2004-2012G.C. After
the preprocessing phase of knowledge discoveryatabdises of data mining application a
total of 8796 records were prepared for data miratgprithms. From the total records
filtered and prepared for model preparation 47@®mds were taken from the IDSR system
data store and the remaining 4093 records werentitken the PHEM data store from the
year 2004-2008G.C. and 2009-2012G.C. respectively.

The researcher analyzed two classification algarsttior the prediction of Epidemic typhus

disease cases with decision tree J48 classifiedsN&ive Bayes classifiers. Using the two
selected classification algorithm was due to tlseaecher’s familiarity with those algorithms

and ease of implementation. Finally the more pering algorithm has been taken for model
development. From the results of the experimdate decision tree algorithm had a better
performance to classify the disease cases in @adetime setting. The accuracy rate of
correctly classifying the Epidemic Typhus diseasses by the use of decision tree J48
algorithm was 87.44% whereas with Naive Bayes ifiassvas 83.70%. The sensitivity and

specificity test was also done for the two clases#fi Decision tree showed a better
performance than Naive Bayes algorithm for Epidemiphus prediction. Since the

researcher tried to classify disease cases with hesnbers of attributes on the defined
algorithms, the probability of getting a bettergioctive model might be constrained with the
given numbers of attributes and the importance wéeen variables. Though the two
algorithms has shown hopeful results, the decisiea data mining technique was found to
be more applicable with this experimentation fog firediction of Epidemic Typhus cases

from the point of view of the attributes taken ofrigm place and time setting.

The researcher also attempted to analyze the agiplicof association rule mining to find
some sort of correlation or patters among diseasescof the surveillance data. The attributes
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were selected only from the disease cases fordber@ence and nonoccurrence, which were
collected in time and place bases. Here, Apricgbamtion rule mining algorithm was run to
find interesting patterns among the co-occurrencé disease cases which
were correlated together.

The attributes selected for association rules rgimereMalariaOutbreak, TyphoidFeverOut
break, MeningitisOutbreak, EpidemicTyphusOutbraa#tRelapsingFevereOutbreak

Pattern discovery in association rule mining faginent itemsets were done from only the
point of view of disease cases. A brief Analysiswiane on the results of Apriori algorithm
for all the two datasets and the integrated or ¢netbdatasets. Here the three datasets which
were IDSR system, the PHEM and the combinationtheftwo datasets were involved in
Apriori algorithm of association rule mining apg@lteons after the data preparation phase of
KDD. The researcher used 20% for the minimum supgad 90% for minimum confidence
threshold before the application of the mining alipon. In addition to this the researcher has
defined the minimum support level to be small, lseause of small minimum support is

important to discover interesting rules for rarehyinfrequently occurring disease cases.

From the experimentation result analysis, the mebea had found a lot of interesting and
important rules. Even though the research wasdaca&tional purpose, the rules which were
generated from Apriori algorithm had a value to dognain experts for comparison purpose
with the existing knowledge and decision makingvététs. Due to time constraint and timely

data collection problem from the sector, the redear didn't do more experimentation and

analyzing more association rule mining algorithimslfetter results.

The researcher also made another attempt witheciogtalgorithm for disease segmentation
on the bases of place and time setting. The silpleeans algorithm was run to cluster the
disease outbreak cases with respect to prevaldndisease in time and place of occurrence
and nonoccurrence. The researcher took the combfmegrated) datasets for cluster
analysis with the total numbers of 8796 records @nattributes. This technique has also
shown the occurrences or nonoccurrence’s of disesses with a certain time and location in
some extent. Clustering algorithm was done fordbmbined datasets since; the algorithm

showed the grouping of disease cases with respéieéttotal years of time and place.
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Here the challenge was to limit the number of disto be produced from this algorithm.
But the researcher with the discussion to the doraaperts decided to cluster disease cases
with respect to the total numbers of years (ninstelrs for the nine years dataset) from which
the data was taken for the research work. Anotpé&bm was raised to segment the disease
cases to group the disease cases by taking the vl to be 11. It was because of the
numbers of regions in the country. Here, what #searcher has found was that clustering
data mining application has a significant role ba tivision of places and times with the

occurrence of disease cases to a better hypothesielopment activity. From the

experimentation results, the prevalence of diseases was shown with time and place
setting. The more affected and the less affected af the country was also identified with

the clustering techniques. In general data mingetpiques were important and applicable in
the classification, clustering and association suheodel development for emerging and
reemerging disease outbreak cases. The resultseofelsearch, apart from its education
purpose, were also used for the planning, prepassjmecision making, and disease control
and prevention activities of the domain experts. iRstance the classification algorithm has
shown the most affected areas of the country ieesand Woredasby Epidemic Typhus

disease to domain experts for making measurahbignact

The association rule also has shown the correlatidwo or more disease to occur together.
Therefore the domain experts will prepare all tlezassary things, when there was an
occurrence of a given disease, then the expertédvalso expected to prepare for the other
disease case. For example if there existed anmecme of Epidemic Typhus disease then the
occurrence of typhoid fever disease cases were38ith confidence level and 31.6% support
level. The cluster analysis was also used for Hyg®is development purpose, for the future

model preparation activities.

With the better performing classification algorithmiecision tree J48 classifier with the
performance accuracy rate of 87.66% for the prazksktaset showed that, some regions
were less susceptible than others like Afar regidgth 95.61%, Dire Dawa with 96.92%,
Harari with 99.38%, Tigray with 97.84%, Somali witB0% and Gambella with 92.86% with
less or no occurrence of incidence of the Epidelyphus disease. However the other
regions of the country lik®©romia, Addis Ababa, Amhara, SNNP&hd B-Gumuz were

having important differences with the variationZziones and Woreddsvels of those regions
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for the occurrence and nonoccurrence of Epidemighliy disease. It was also stated in the
problem statements of this researcher work thatynagimibutes were needed. That was why
the researcher had faced a challenging problemet@ldp a better model with limited

numbers of attributes in the datasets.

Finally, as per the purpose of the research, ¥ tied to show how data mining techniques
were easily implemented for description and prealiciof disease outbreak cases with a
better accuracy for planning, preparedness, detectsegmentation, prediction and
association for outbreak disease surveillance asponse system. The sector has also
importantly engaged to prepare the stronger databastem or data warehouses by including
all the determinants of disease outbreak occurseifoe better outbreak prediction model

development by the use of data mining applications.
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CHAPTER Six

6, CONCLUSIONS AND RECOMMENDATIONS

6.1.

Conclusions

R/
°n

®
%

®
%

®
%

®
%

The PHEM surveillance and response system wereriexiged with a serious
shortage of quality data and data reporting medchasito perform data mining
applications for model development. As well the bens of attributes (lack of

unseen variables) in the datasets of the PHEM isexie not enough.

The absence of quality data in the PHEM sectorduw@rsely affected the quality
of predictive and descriptive model development darerging and reemerging

disease outbreak cases in the country.

It was proved that data collection; collation, gsa&, interpretation and
presentation in the PHEM outbreak surveillance msgonse system were having
a greater effect in strengthening its performanite new model development.
Disease prediction or classification has shown #wahe places of the country
were more vulnerable than others for the incidepic&pidemic typhus disease

cases.

Decision tree J48 algorithm was better than NaizgeB classifier for the data at

hand to prepare a prediction model with respetitrie and place setting.

There was an association among the disease caeesuotogether in the PHEM
sector dataset surveillance and response systéme cbuntry.
Association rule mining with Apriori algorithm wamportant to show the real

association of disease cases with time and plaseddsansaction.

The occurrence of a certain disease outbreak caasssassociated with the
occurrences of some other disease cases. But herdidease case association

didn’t show the causality effects.

Apriori algorithm couldn’t detect the infrequentbccurring disease cases. For
instance some rear disease occurrences like mésimgire not detected by the

use of Apriori data mining algorithms for asso@atrule mining.
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Some disease cases were more frequent to occoe icountry throughout all the
regions than others like Malaria and typhoid fewdaoreover, the incidences of

malaria and typhoid fever were endemic in somegdac

The simple K-Means clustering algorithm for Diseadestering showed that
Malaria and Typhoid fever disease cases were menafent in the country than

others.

There were more useful clusters of disease cadbe IRHEM surveillance dataset
than the IDSR dataset. I.e. most of the prevala@icdisease cases like malaria
and typhoid fever indicated that some of the casex® not properly controlled
and managed with the current PHEM surveillance esgstto alleviate its

occurrences than the former IDSR datasets.

The current PHEM surveillance system and the coatlain of the whole datasets
of the country was better than the former IDSR eystn providing interesting

rules production with Apriori algorithm for the aleble dataset on hand.
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6.2.

Recommendation

The researcher recommended that the PHEM sectanldshwave a better data
collection and data reporting mechanism and hasenaistent data collection format
for all concerned reporting sites and organizatiéms emerging and reemerging

disease outbreak cases.

The researcher also added that data collectiondisrmust include variables which
can determine the occurrence of disease outbrea&scauch as environmental
variables (temperature, humidity, latitude, raihfaéxistence of vector), social
variables (hygiene system, sanitation, feeding thabcome status), demographic
data(age, sex), settlement condition (populatiamsite, nearness of health facilities,
urban or rural setting, nomad or settled, outmigratand immigration), disease
condition (specimen collection, result confirmatiamatural history of the disease
description, existence of vector ) and the existen€ other natural as well as

manmade hazards(forest burning, war, flooding heguake, and so on).

The researcher has pointed out that the acgurate of the model developed
tends to increase the desirable level of accuveity more and more trials of
different combinations of the variables by paritng more tests to evaluate and
analyze it. Therefore, more time should be assigvigite developing such a model in
the future.

The researcher has also recommended that the PHfeMrsunder MoH need to
establish a better data reporting mechanism folitgudata management system. For
this, the FMoH should install a fast and effects@mmunication technology with
trained professionals. To do that every reportiitg Bas to have at least a dialup
internet connection or high speed telecommunicatwineless device, mobile

computing application and a laptop computer adrteénésl by skilled professionals.

As stated in64], due to the widespread application of GIS and GR&rtology and
the increasingly mature infrastructure for datalemtion, sharing, and integration,

more and more research domains have gained aeccegghtquality geographic data
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and created new ways to incorporate spatial-tenhpofarmation and analysis in
various studies. Therefore, the researcher hasneemded the PHEM sector should
have a Web-based and wireless technologies, sudBl@&sand mobile computing
applications which can enhance the performancehefautbreak surveillance and
response system and the process of decision makitgties by accessing quality
data from anywhere in the country to implementiihve better machine learning or
data mining algorithms.

Since data quality is affected by different facteueh as skilled health professionals
and technical database managers as well as landopieration between these parties
to accommodate the transition from the existingvasiliance system to the newly
emerging communication technology based surveidasgstem, the PHEM sector
should work on these issues.

The researcher recommended that the PHEM outbrealeidance and response
reporting system of the country should have ancéffe and efficient timely follow

up mechanism.

The researcher has also recommended a study torigevdth other data mining tools
like rapid miner and Tanagra with a variety of aitions to develop a model on both
studied and unstudied disease outbreak cases tter gerformance evaluation

measures.

Another research can also be done by changingythe of algorithm like neural
network or CART for prediction and Expected Maxiatian for clustering and even

by changing the used parameters for the appliemtitign with different values.

The researcher has also left a place to othernes®a for a better disease outbreak
cases association probability by including othetbmak disease cases which are
found in the PHEM surveillance datasets and also tee association of unseen

influential variables left under study becauseheirtabsence from the datasets.

Further research should be conducted so as toettss bssociation among the whole
disease outbreak cases in the country which areraeg in the PHEM sector
whereby algorithms such as predictiveApriori, Testiand Filtered Associator and
Apriori itself are involved.
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* Another recommendation set on the Apriori algoritiwas other algorithms which
can perform more efficiently and effectively on remn values should be applied.

Since Apriori algorism can’t support continuous rauio data type.
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Appendix 1:

Surveillance Datasets between the years 2004-2@8Qr. attribute description, variable
type, missing data elements.

N Attribute Attribute description Variable | Missi | % of
0. type Ng | missi
value ng
S |value
S
1.| Region Regions of the country Text 0 0.00
2.| Zone Zone of the country Text 4 0.08
3.| Woreda Woredas of the country Text 4714 99.98
4.| Health F Health Facilities in the country | Text 4714 99.98
5.| Number of month The numbers of the Month numeric 5 0.11
6.| Year The year of the outbreak Numeric 0 0.00
occurrences
7.| NumReportingSites The number of sites which are | Numeric 655 13.89
reporting to the sector
8.| NumSitesReportedTimely The number of sites which are | Numeric 652
reporting to the sector on timely 13.83
bases
9.| NumSitesReportedLate The number of sites which are | Numeric 649 13.76
reporting to the sector lately
10 MalL5yOutPtCases Malaria outpatient cases to less | Numeric 13 0.28
than 5 years of age
11 MalL5yInptCases Malaria inpatient cases to less th{ Numeric 34 0.72
5 years of age
12| MalL5yInptDeaths Malaria inpatient deaths to less | Numeric 37 0.78
than 5 years of a
13 MalGE5yOutPtCases Malaria outpatient cases to great{ Numeric 18 0.38
thar 5 years of ac
14/ MalGE5yInPtCases Malaria inpatient cases to greatef Numeric 34 0.72
than 5 years of a
15| MalGE5yInPtDeaths Malaria inpatient deaths to greatq Numeric 39 0.83
than 5 years of a
16| MalL5ySevAnemialnPtCases Malaria inpatient cases to less th{ Numeric 43 0.91
5 years of age with severe anemi
17| MalL5ySevAnemialnptDeaths | Malaria inpatient deaths to less | Numeric 43
than 5 years of age with severe 0.91
anemia
18 MalG5yWithSevAnemialnptDeat Malaria inpatient deat_hs to greatg Numeric a7
hs than 5 years of age with severe 1.00
anemia
19 Malaria inpatient cases to greatef Numeric 45 0.95

MalG5SevAnemialnptCases

than 5 years of age with sevt
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anemis

20 MalarialnPregnancyOutPtCases Malaria outpatient cases to Numeric 21 0.45
pregnancywomen
21 MalarialnPregnancylnptCases Malaria inpatient cases to Numeric 44 0.93
pregnancy womer
22 MalarialnPregnancylnptDeaths Malaria inpatient deaths to Numeric a7 1.00
pregnancy womer
23 MalL5yLabOutPtCases Mala}rla outpatient cases which a| Numeric 16 0.34
confirmed by laboratory
24 UncomplicatedMalPVivax Plasmodlum vivax uncomplicateq Numeric 19 0.40
malaria cases
25 uncomplicated malaria outpatienf Numeric 4714
UncomplicatedLabMalOutptcasg cases which are uncomplicated g 99.98
laborator confirmed
26 Malaria outpatient cases for Numeric 15
MalGE5yLabOutPtCases greater than 5 years of age with 0.32
laboratory confirmation
27| uncomplicated malaria laboratory Numeric 23
UncomplicatedMalG5LabConfP\ confirmed cases for greater thar
ivax years of age with plasmodium 0.49
vivax
28 TyphoidFeverOutptCases Typhoid fever outpatient cases | Numeric 14 0.30
29 TyphoidFeverinptCases Typhoid fever inpatient cases Numeric 43 0.91
30 TyphoidFeverinptdeaths Typhoid fever inpatient deaths | Numeric 51 1.08
31 RelapsingFeverOutptcases Relapsing fever outpatient cases| Numeric 14 0.30
32 RelapsingFeverinptcases Relapsing fever inpatient cases | Numeric 42 0.89
33 RelapsingFeverinptdeaths Relapsing fever inpatient deaths | Numeric 48 1.02
34 EpidemicTyphusOutptcases Epidemic Typhus Outpatient case Numeric 1 0.36
35 EpidemicTyphusinptcases Epidemic Typhus inpatient cases Numeric a7 1.00
36 EpidemicTyphusinptdeaths Epidemic Typhus inpatient death Numeric 49 1.04
37 MeningitisOutpt Meningitis Outpatient cases Numeric 16 0.34
38 Meningitisinpt Meningitis inpatient cases Numeric 4709 99.87
39 Meningitisdeaths Meningitis inpatient deaths Numeric 4709 99.87
40 DateSentReport Date of the Report the sector Numeric 4653 98.69
41 DateRecReport The date of the report received | Numeric 4682 99.30
42 Month Months of the report on the Text 0 0.00

outbreak occurrences
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Appendix 2:

Surveillance Datasets between the years 2009-2@1ZGr. attribute description, variable

type, missing data elements.

N | Attribute Types Attributes description Variable | Missin | % of
[0} . .
Name g missing
values | yalues
1.| RegionName Name of the reporting region | Text 0 0.00
2.| ZoneName Name of the reporting zone Text 180 1.24
3.| WoredaName Name of the reporting Woredag Text 3 0.02
4.| Health Facilities Name of the reporting health | Text 12649 87.18
facilities
5.| Epidemic week Number of the reporting weel Numeri | 441 3.04
6.| month Name of the months epidemic| numeric 3 0.02
yeal
7.| Year The epidemic year Numeric 0 0.00
8.| Total Malaria Confirmed and Total numbers of malaria cases Numeric 60
Clinical which are confirmed and clinica 0.41
9. | Malaria Out_P Confirmed The number of malaria Numeric 60 0.41
Cases outpatient confirmed cases
10 Total Mala_InP_Cases Igser;umber of malaria inpatien Numeric 60 0.41
11 Total Mal Deaths Total number of malaria deaths Numeric 60 0.41
12 TMSuspected Eever Total number of malaria cases | Numeric 829
SP which are suspected and with 5.71
Examined .
fever examined
13 P_Falciparum Totgl number of plasmodium | Numeric 60 0.41
falcifaroum case
14 P Vivax Tptal number of plasmodium | Numeric 60 0.41
— Vivax cases
15 Meningits total Cases Total number of meningitis cas{ Numeric 90 0.62
16 Meningitis_OutP_Cases Tota_l nL_Jr_nber of outpatient Numeric 1604 11.06
meningitis cases
17 Meningitis_InP_Cases Tota_l ngmber of inpatient Numeric 1133 7.81
meningitis cases
18 Meningitis_InP_Deaths Tota_l ngmber of inpatient Numeric 1136 7.83
meningitis deaths
19 Typhoid fever Total cases ;I';J;eélsnumber of typhoid fever | Numeric 87 0.60
20 Typhoid fever OutP_Cases Total _number of outpatient Numeric 177 1.22
typhoid fever cases
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21 Typhoid fever_InP_Cases Total _number of inpatient Numeric 623 4.29
typhoid fever cases
22 . Total number of inpatient Numeric 653 4.50
Typhoid fever_InP_Deaths typhoid fever deaths
23 Relapsing fever_total Cases '(r:c;tseg :umber of Relapsing feve Numeric 87 0.60
24 Relapsing fever_OutP_Case Total n_umber of Relapsing feve Numeric 651 4.49
outpatient Cast
25 Relapsing fever_InP_Cases _Total_number of Relapsing feve Numeric 651 4.49
inpatient Case
26 Relapsing fever_InP_Deaths _Total_number of Relapsing feve Numeric 654 451
inpatient deatt
27 Epidemic Typhus Total Case ;r;);aelcnumber of epidemic typhy Numeric 87 0.60
28 Epidemic Total number of epidemic typhUy Numeric 634 4.37
Typhus_OutP_Cases outpatient cases
29 Epidemic Typhus_InP_Case _Total_number of epidemic typhy Numeric 652 4.49
inpatient cases
30| Epidemic Total number of epidaic typhus| Numeric 653 4.50
Typhus_InP_Deaths inpatient deaths
31 No-of-Gov HPs-expected- | Number of governmental heath) Numeric 3225
- P posts which are expected to 22.23
by-RHB ;
report to regional health bureay
32 Number of governmental healtlf Numeric 2952
No-o-Gov_HCs-expected- | .o iors which are expected to 20.35
by-RHB :
report to regional health bure
33 No-0f-Gov Hosps-expected Number of governmental Numeric 3513
—Hosp P hospitals which are expected t 24.21
by-RHB .
report to regional health bureay
34 Number of nongovernmental | Numeric 3695
No-of-NGOHF-expected-by-| health facilities which are
RHB expected to report to regional 25.47
health bureau
35 Number of other health facilitiey Numeric 5403
No-of-OtherHFs-expected- | i are expected to report to 37.24
by-RHB :
regional health bureau
36 No-of-Gov_HPs-Reported Number of_ governmental healthh Numeric 3061 21.10
posts which actually reported
37 No-of-Gov_HCs-Reported Number of g'overnmental health Numeric 2694 18.57
centers which actually reporte
38 Number of governmental Numeric 3497
No-of-Gov_Hosps-Reported| hospitals which actually 24.10
reported
39 Number of nongovernmental | Numeric 3624
No-of-NGOHFs-Reported | health facilities which actually 24.98
reported
40 No-of-OthersHF-Reported Nu_mber of other health facilities Numeric 3596 24.78
which actually reported
41 . Number of all sites which Numeric 2003 13.81
All-Total-sites-Reported actually reported
42 All-Total-sites-Expected-by- | Number of all total sites Numeric 2385 16.44

RHB

expected to report to the region
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health bureau

43 Number of government health | Numeric 6300
No-of-Gov_HPs-expected- | posts expected to report to
by-PHEM PHEM 43.42
44 Number of government health | Numeric 5276
No-of-Gov_HCs-expected- | centers expected to report to
by-PHEM PHEM 36.36
45 Number of government Numeric 7946
No-of-Gov_Hosps-expected; hospitals expected to report to
by-PHEM PHEM 54.77
46 Number of none government | Numeric 9667
No-of-NGOHF-expected-by-| health facilities expected to
PHEM report to PHEM 66.63
47 No-of-OtherHFs-expected- Number of other facilities Numeric 9618
by-PHEM expected to report to PHEM 66.29
48 Total number of government sif Numeric 2385
Total-Gov-sites-Reported | which actually reported 16.44
49 Total-Gov-Expected- Total number of government sif Numeric 2385
byPHEM expected to report to PHEM 16.44
50 The time in which the date of th Date/time 14424 99.41
Date Sent expected sites sent the report
51 The time in which the date of th Date/time 7099
Date Received expected organization receives 48.93
the report
52 Timeliness The manner in which the_report Text 7099 48.93
are arrived to expected sites
53 . Epidemic months in Ethiopian | Text 2385 16.44
EthiopianMonth calendar
54 The number of the month in Numeric 2385 16.44
EthMonNum Ethiopian calendar
55 EthYear The name of the year in Numeric 2378 16.39

Ethiopian calendar
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Appendix 3:

=== Run information ===
Scheme: weka.classifiers.trees.J48 -C 0.23 -M

Relation: Model development for classification alfjons on PHEM datasets-
weka.filters.unsupervised.attribute.Remove-R6-9-
weka.filters.unsupervised.attribute.NumericToNormiRérst-last

Instances: 4093
Attributes: 5
RegionName
ZoneName
WoredaName
Month
EpidemicTyphusOutbreak
Test mode: 10-fold cross-validation
=== Classifier model (full training set) ===
J48 pruned tree
RegionName = Addis Ababa
| WoredaName = Kolfe Keraniyo: Yes (33.0)
| WoredaName = Chirkos: Yes (34.0)
| WoredaName = Gulele: Yes (34.0/1.0)
| WoredaName = Addis Ketema: Yes (33.0)
| WoredaName = Akaki Kaliti: Yes (31.0/1.0)
| WoredaName = Bole: Yes (32.0/1.0)
| WoredaName = Menilik Hospital: No (19.0/2.0)
| WoredaName = Nefas Silk Lafto: Yes (32.0)

| WoredaName = Ras Desta Damitew Hospital:Na(2®)
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| WoredaName = Tikur Anbessa Hospital: No (180)/1
| WoredaName = Yeka: Yes (32.0)

| WoredaName = Yekatit 12 Hospital: No (20.0/4.0)
| WoredaName = Zewditu Hospital: No (20.0)

| WoredaName = Lideta: Yes (32.0/2.0)

| WoredaName = Alert Hospital: No (3.0)

| WoredaName = Arada: Yes (31.0/1.0)

| WoredaName = Alert Hospital: No (15.0/2.0)
RegionName = Oromia

| ZoneName = East Shewa: Yes (33.0/2.0)

| ZoneName = Adama Special Zone: No (29.0/6.0)
| ZoneName = Bishoftu Town: No (29.0)

| ZoneName = Finfine Zuria: Yes (27.0/12.0)

| ZoneName = Jimma Spe Town: No (30.0/2.0)

| ZoneName = East Wellega: Yes (31.0/15.0)

| ZoneName = Arsi: Yes (35.0)

| ZoneName = Bale: Yes (32.0/8.0)

| ZoneName = Borena: Yes (33.0/13.0)

| ZoneName = Burayu: No (4.0)

| ZoneName = Dukem Town: Yes (4.0/1.0)

| ZoneName = East Hararge: No (33.0/6.0)

| ZoneName = North Shewa: Yes (22.0/1.0)

| ZoneName = Guji: Yes (31.0/15.0)

| ZoneName = Horo Gudru Wellega: No (33.0/13.0)
| ZoneName = llu Aba Bora:Yes (28.0/12.0)

| ZoneName = Jimma: No (30.0/8.0)

| ZoneName = Nekemte Town: No (32.0/11.0)
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ZoneName = Qeleme Wellega: No (31.0/8.0)

ZoneName = Sebeta Town: No (2.0)

ZoneName = Shashamane Town: Yes (32.0/8.0)

ZoneName = South West Shewa: No (30.0/15.0)

ZoneName = West Arsi: Yes (34.0/7.0)

ZoneName = West Hararge: No (31.0/10.0)

ZoneName = West Shewa: Yes (28.0/11.0)

ZoneName = West Wellega: No (31.0/10.0)

RegionName = Tigray: No (1180.0/26.0)

RegionName = Gambella: No (26.0/2.0)

RegionName = SNNPR

ZoneName = Alaba: No (32.0/10.0)
ZoneName = Awassa Town: Yes (0.0)
ZoneName = Basketo: Yes (0.0)
ZoneName = Bench Maji: Yes (31.0/7.0)
ZoneName = Dawuro: No (32.0/12.0)
ZoneName = Gamo Gofa: Yes (32.0/2.0)
ZoneName = Gedeo: Yes (32.0/11.0)
ZoneName = Gurage: Yes (33.0/2.0)
ZoneName = Hadiya: No (32.0/8.0)
ZoneName = Keffa: Yes (31.0/4.0)
ZoneName = Kembata Timbaro: Yes (31.0/11.0)
ZoneName = Konta: Yes (0.0)
ZoneName = South Omo: Yes (32.0/3.0)
ZoneName = Sheka: No (32.0/13.0)
ZoneName = Sidama: Yes (33.0/6.0)

ZoneName = Siliti: Yes (32.0)
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| ZoneName = Wolayita: No (32.0/2.0)

| ZoneName = Yem: Yes (0.0)

WoredaName = Konso: Yes (21.0/5.0)
WoredaName = Amaro: No (22.0)
WoredaName = Awassa Town: Yes (33.0/3.0)
WoredaName = Basketo: No (26.0/6.0)
WoredaName = Burgi: No (22.0)
WoredaName = Derashe: No (22.0/2.0)
WoredaName = Konta Special: Yes (31.0/15.0)

WoredaName = Yeme Special: No (22.0/7.0)

RegionName = Afar: No (436.0/20.0)

RegionName = B-Gumuz

ZoneName = Assossa: No (25.0/3.0)
ZoneName = Kemashi: No (22.0/2.0)
ZoneName = Tongo: No (3.0)

ZoneName = Maokomo Special: No (16.0/1.0)

RegionName = Dire Dawa: No (63.0/2.0)

RegionName = Harari: No (161.0/1.0)

RegionName = Amhara

ZoneName = North Gonder: No (24.0/12.0)
ZoneName = North Wollo: No (26.0/13.0)
ZoneName = South Gonder: No (26.0/5.0)
ZoneName = South Wollo: Yes (28.0/3.0)
ZoneName = West Gojjam: Yes (25.0/5.0)
ZoneName = Wag Himra: No (22.0/1.0)
ZoneName = Bahir Dar Liyu: No (23.0/6.0)

ZoneName = Oromiya: Yes (25.0/10.0)

141



| ZoneName = East Gojjam: Yes (25.0)
| ZoneName = North Shewa: Yes (13.0)
| ZoneName = Gonder Town: No (7.0)

| ZoneName = Dessie Town: Yes (5.0)
RegionName = Somali: No (20.0)
Number of Leaves: 91

Size of the tree: 97

Time taken to build model: 0.08 seconds

=== Stratified cross-validation ===

=== Summary Results of J48 classifier ===

Correctly Classified Instances 3588 87.6619 %
Incorrectly Classified Instances 505 12.3381 %

Kappa statistic 0.7143

Mean absolute error 0.166

Root mean squared error 0.294
Relative absolute error 38.1998 %
Root relative squared error 63.0666 %
Total Number of Instances 4093

=== Detailed Accuracy by Class ===
TP Rate FP Rate Precision Re€aMeasure ROC Area
0.795 0.085 0.8140.795 0.804 0.935
0.915 0.205 0.9050.915 0.91 0.935
Weighted Avg. 0.877 0.167 0.8760.877 0.876 0.935
=== Confusion Matrix ===

a b <-- classified as
1038 268 | a=Yes
237 2550 | b =No
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