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Identifying and tracking individuals affected by this virus in densely 

populated areas is a unique and an urgent challenge in the public health sector. 

Currently, mapping the spread of the Ebola virus is done manually, however with 

the help of social contact networks we can model dynamic graphs and predictive 

diffusion models of Ebola virus based on the impact on either a specific person or 

a specific community.  

With the help of this model, we can make more precise forward 

predictions of the disease propagations and to identify possibly infected 

individuals which will help perform trace – back analysis to locate the possible 

source of infection for a social group. This model will visualize and identify the 

families and tightly connected social groups who have had contact with an Ebola 

patient and is a proactive approach to reduce the risk of exposure of Ebola 

spread within a community or geographic location.
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CHAPTER 1 

INTRODUCTION

1.1 Context and Motivation 

Epidemics have disturbed human lives for centuries causing massive 

numbers of deaths and illness among people and animals. Due to increase in 

urbanization, the possibility of worldwide epidemic is growing too. Infectious 

diseases like Ebola remain among the world’s leading causes of mortality and 

years of life lost. Addressing the significant disease burdens, which mostly 

impact the world’s poorest regions, is a huge challenge which requires new 

solutions and new technologies. 

Ebola and Marburg viruses are the members of the filovirus family and are 

classified as biosafety level 4 agents as they are responsible for high lethal 

hemorrhagic fever [3,4].  

As of April 13, 2016, a total of 48,343 probable and laboratory confirmed 

cases as well as 11,310 total deaths from Ebola virus in three countries – 

Guinea, Sierra Leone and Liberia [1]. Ebola virus first appeared in the year 1976 

in South Sudan and Democratic Republic of Congo. In current outbreak in West 

Africa is far more complex than the one occurred in 1976 with more number of 

cases and deaths. 

Five different Ebolavirus strains have been identified, namely Zaire 

ebolavirus(EBOV), Sudan ebolavirus(SUDV), Tai Forest ebolavirus(TAFV), 
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Bundibugyo ebolavirus(BDBV) and Reston ebolavirus(RESTV), with fruits bats 

considered as the most likely reservoir host. The great majority of past Ebola 

outbreaks in humans have been linked to three Ebola strains: EBOV, SUDV and 

BDBV [5]. EBOV is identified as the deadliest of the five Ebolavirus strains [5] 

and its name was derived from the Ebola River located near the source of the 

first outbreak.  Ebola is characterized by a high case fatality ratio which was 

nearly 90% in a past outbreak. 

Ebola virus is transmitted in humans by blood, secretions, organs or bodily 

fluids of infected animals like gorillas, monkeys fruit bats found ill or dead. It also 

spreads through human – to – human transmission by direct contact with the 

blood, organs or bodily fluids of infected people [2]. 

There are some specific challenges in treating the Ebola infected patients. 

Some of the key challenges are delays in outbreak detection, lack of public 

health infrastructure, health workers’ infections and propagation of 

misinformation through social media.  

Developing a system based on social behavior of an individual presents a 

very attractive but a difficult research problem. Such a system can be used by a 

patient to predict the probability of him / her having Ebola virus. This presents a 

very good example of how social networking can be used to predict an outbreak. 

1.2 Problem Description 

Ebola being an infectious virus is transmitted from an individual to another 

consequently affecting communities. Currently prediction of Ebola Virus is done 

in a group of people forming a community using different models like SIR, SIS 



 

3 

and so on. These models predict the spread and behavior of the virus on the 

community level but as per my knowledge there are no models available for 

Ebola virus prediction intended for an individual. With the help of various 

machine learning algorithms prediction of the virus can be accomplished for 

individuals rather than communities. Such a model will help in generating the 

pattern of spread of the outbreak and prevent further loss of lives.  

One of the major challenges preventing this research is lack of availability of 

personal health information. Some of the challenges which must be addressed to 

get a better model for detecting the probability of Ebola in an individual are: 

1. Lack of individual person health information. Most of the datasets which 

have been used for machine learning corresponds to a group of people 

forming a community. Individuals travel, move, encounter other 

individuals. Ebola spreads through human – to – human transmission by 

direct contact with the blood, organs or bodily fluids of infected people. 

Hence, individual datasets containing their medical records, location 

should be made available to get a better and deeper understanding on the 

distribution pattern of an epidemic. 

2. Health information Privacy Acts. Disclosure of personal Health care 

information is governed by many rules and regulations preventing the 

access to individual data. Such regulations vary from country to country 

and even if data is made available, it must be modified to ensure 

anonymity.  
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3. Lack technical expertise, funding and infrastructure. Major outbreaks of 

the virus have been recorded in third world countries. This means a lot of 

medical information that can immensely improve prediction accuracy is not 

even digitized. Number of cases are not reported since many infected 

individuals do not get access to primary health care facilities. Even if they 

are admitted, health care facility may not have access to medical 

information systems. Hence these records do not become available as 

part of datasets for research. 

1.3 Thesis Contribution 

This is an area of research to help understand the spread of an epidemic 

and create an awareness among people about probability of getting infected with 

the use Machine learning. The contribution of this thesis can be summarized as: 

1. Goal of this research is to create a machine learning model with the help 

of Weka[30]. 

2. An effort is made to develop a model based on individual records to get a 

deeper analysis on Ebola transmission. 

3. Depending on the data available on various sources different machine 

learning methodology can be applied. It can be supervised or semi – 

supervised.  

1.4 Thesis Outline 

 This chapter gives a brief overview of the importance of Ebola Prediction 

Model and the challenges faced while developing this model.  

The rest of the chapter is organized as follows: 
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Chapter 2 discusses the various researches done so far in the field of Ebola 

prediction and social networking. It also describes the various disadvantages in 

the previous applied methods. 

Chapter 3 describes the architecture of the proposed system. The overall 

architecture is divided in three sections: 1. Data mining, 2. Machine learning 

algorithm and 3. Results. The machine learning algorithm can be supervised or 

semi – supervised based on the type of data available. 

Chapter 4 contains the results obtained from various classifiers along with their 

accuracy. Screenshots of results and area under ROC for all the classifiers are 

also mentioned in this chapter. 

Chapter 5 includes the conclusion of this research and the ways in which this 

research can be used in future for other purposes.
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CHAPTER 2 

BACKGROUD AND RELATED WORK

2.1 Related Work 

In the following section, we provide a detailed analysis of various 

contributions done towards the Ebola transmission, prediction, and prevention. 

Basic Reproduction Number (R0): 

The basic reproduction number also known as basic reproductive ratio is 

the number of cases one case generates on average over the course of its 

infectious period. This metric is very useful in determining whether an infectious 

disease can spread through the population [31]. If R0 is less than 1, the 

transmission chain is not self – sustaining and is unable to generate any major 

epidemic. But if R0 is greater than 1, an epidemic is likely to occur. When 

measured over time t, the effective reproduction number Rt, can be helpful to 

quantify the time-dependent transmission potential and evaluate the effect of 

control interventions in almost ‘real time’ [19].  

There are some limitations with R0, especially when calculated from 

mathematical models, particularly ordinary differential equations do not provide a 

true value of R0 as they cannot compare different diseases [5]. Therefore, these 

values should be used with caution, especially if the values are calculated from 

mathematical models. 
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Case Fatality Rate (CFR): 

Case Fatality rate or case fatality risk is calculated by dividing the total 

number of deaths that have occurred due to a certain condition by total number 

of cases. For infectious disease, this is very important measure to estimate 

because it tells us the probability of dying after infection [6]. The so-called Zaire 

strain is considered to be slightly more fatal than the Sudan strain. While the 

CFR for the Sudan strain ranges from 41% to 65%, the CFR for the Zaire strain 

ranges from 61% to 89%. The CFR of the ongoing epidemic among cases with 

definitive recorded clinical outcomes for Guinea, Liberia and Sierra Leone has 

been consistently estimated at 70.8%, which is in good agreement with estimates 

from prior outbreaks. It is important to follow up the reasons why the estimated 

53% in real-time has been much lower than the published estimate of 70.8% 

among a portion of cases [19].  

The case fatality rate is not a reliable calculation for an ongoing epidemic 

as firstly, it doesn’t take into account the infections that have yet to run their 

course and if many few cases are being reported then it is under estimate of the 

CFR. Secondly, there can be bias in reporting and diagnosing towards severe 

cases of the disease which will give the overestimate of CFR. With Ebola virus, 

bias can occur if patients are being looked at home or are hospitalized only if 

severe or if patient dies [7]. 

SIR Model: 

Individuals in these model are labelled in three compartments: Susceptible 

(S), Infected (I) and Recovered (R). The model is based on the following 
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assumptions: 1) the networks are homogenous which means that all nodes have 

same linkage and the probability that there is a link between any two nodes are 

equal, 2) susceptible individuals can get infected from infected individuals via 

contacts, and 3) an infected individual becomes immune after recovering from 

the disease [21]. 

When there is a significant number of infected individuals in a community, 

the effected contacts become susceptible and infected individuals do not grow 

quickly. This phenomenon is called “crowding” or “protection effect”. The 

particular SIR model ignores the crowding effect and hence have some 

unrealistic assumptions. Figure 1 shows the schematic description of the model 

[21]. 

 

 

 

Figure 1 Schematic representation of the model [21] 

PSI and PRI are the probabilities with which an individual can transmit from 

Susceptible to Infected and from Infected to Recovered respectively.  

Improved SIR (ISIR) Model: 

In the standard SIR model, it is assumed that community is fully fixed with 

each individual having equal probability to come in contact with others. However, 

many recent studies have shown that social contact network is heterogeneous in 

nature and not homogenous [21]. In social contact networks, the contact number 

per unit time can be reduced by the “crowding effect” and hence the force of 
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infection should include the adaptation of individuals to the infection risk. In this 

improved SIR model (ISIR) infection rate is not fixed but is a function of the 

number of infected individuals λ = PSI(I).  

SIS Model: 

This model divides individuals in only two compartments: susceptible and 

infected. The infected individuals can return to susceptible class on recovery as 

the disease confers no immunity against reinfection [22]. In order to adapt this 

model to the social networking, these terms are given new meaning: an individual 

is identified as infected (I) if he/she post about the topic of interest, and 

susceptible (S) if he/she has not posted regarding the topic. Figure 2 shows the 

schematic representation of the model. 

 

 

 

Figure 2 SIS Model framework [22]. 

There is a consequence in this interpretation, that if an individual post 

about a topic he / she is remained in the infected compartment i.e. he / she 

cannot propagate back to susceptible class which is possible in epidemiological 

application. 

SEIZ Model: 

One drawback with SIS model once a susceptible user gets exposed to 

the disease, he/she is directly transitioned to the infected state. Once a user is 

exposed to a news / rumor he / she may take time to adopt an idea or may be 
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skeptical to some facts. It is even possible that the user is exposed to the news 

or rumor but never posted about it. Based on this reasoning a more robust and 

applicable model is introduced known as SEIZ model which compartmentalizes 

the users into the following classes: Susceptible (S), where user have not heard 

about the news yet; Infected (I), are the users who have posted about the news; 

Skeptic (Z), represent the users who have heard about the news but have not 

posted about it and Exposed (E), are the users who have heard about the news 

and have taken some time (exposure delay) prior to posting it [JI DO]. Figure 3 

shows the SEIZ model framework [22]. 

 

Figure 3 SEIZ model Framework [22]. 

The different parameter definitions used in representing the SEIZ model 

mathematically as ODE are shown in Table below. 

Parameter Definition 

N Total population 

β S – I contact rate 
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b S – Z contact rate 

ρ E – I contact rate 

ϵ Incubation rate 

1 / ϵ Average incubation rate 

bl Effective rate of S - Z 

βρ Effective rate S – I 

b(1-l) Effective rate of S – E via contact with Z 

β(1-p) Effective rate S – E via contact with I  

l S – Z probability given contact with skeptics 

1-l S – E probability given contact with skeptics 

p S – I probability given contact with adopters 

1-p S – E probability given contact with adopters 

Table 1 Parameter definitions in the SEIZ model. 

There were many constraints during the adoption of SIS and SEIZ model 

like: transition rate between different compartments and also the initial value of 

these compartments was unknown. Another limitation was the inability to quantify 

the total population size. The total population size appears to be simply the total 

number of social accounts however, the value truly needed is the number of 

users who could be exposed to the news or rumor. For example, if we take a 

total of 175 million registered Twitter accounts, out of these 90 million have no 

followers and 56 million follow no one. Also, there are many fake accounts which 

are used just to enhance the popularity. Taking all these factors into 

consideration, estimating the users receiving the tweet is quite difficult.  



 

12 

Agent -based Model: 

Mathematical models are very useful in providing future projections of the 

ongoing health crises and also in assessing the impact interventions might have 

towards transmission control. The model was developed with N individuals that 

interact through a small network having variable edge density which can be 

defined as the number of links divided by the total possible links [23].  

Individuals can be in one of the following five discrete states: Susceptible 

(S), Exposed (E), Infected (I); Dead of disease but not yet buried (DI) and Dead 

of the disease and safely buried (Db). The DI infectious state includes agents who 

die but whose burial entails risk for onward virus transmission [23], while virus 

transmission stops with dead individuals that have been buried safely (Db). 

 

Figure 4 Schematic representation of the model [23]. 

Figure 4 depicts the model scheme, where: 

PSE is the probability of an individual being transmitted from Susceptible to 

Exposed compartment. 

PEI is the probability of an individual being transmitted from Exposed to Infected 

compartment. 

Susceptible 
(S) 

Exposed 
(E) 

Infected 
(I) 

Recovered 
(R) 

Dead 
(D) 

Unburied 
(D ) 

Buried 
(D ) 

P
SE

 P
EI

 



 

13 

PID is the probability of an individual being transmitted from Infected to Dead 

compartment. 

PIR is the probability of an individual being transmitted from Infected to 

Recovered compartment. 

The inverse of the probability PEI that determines the rate by which an 

exposed individual becomes infectious that is incubation period which is set to a 

constant value of 1/9 as reported by WHO Ebola Response Team.  

A Contact Tracing model: 

Along with features of the standard model, this model includes some 

additional features like rate of transmission to susceptible from infectious and 

improperly handled deceased cases, rates of reporting and isolating these cases 

and rates of recovery and mortality of these cases [24].  

Figure 5 Schematic diagram of the model [24]. 

Individuals are compartmentalized into six compartments at any given 

time t, like Susceptible S(t), capable of being infected; Exposed E(t), individuals 

who are exposed to infection and can grow the infection; I(t), who are infected 

with the disease; Contaminated deceased C(t), improperly handled corpses of 
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infected; Isolated infectious II(t), exposed and infectious infected who have been 

identified and isolated from susceptible population; and Removed R(t), infectious 

individuals who have been recovered or are dead. Classes II(t) and R(t) can be 

separated from other classes and can be obtained from S(t), C(t), I(t) and E(t) 

[24]. Figure 5 shows the schematic diagram of the model. 

The different parameter definitions used in representing this model are 

shown in Table below. 

Parameter Definition 

N Total population (assumed to be constant) 

S(t) Number of susceptible individuals at a given time t 

E(t) Number of exposed individuals at a given time t 

I(t) Number of infectious individuals at given time t 

C(t) Number of individuals deceased but improperly handled at time t 

Q(t) Number of susceptible individuals under quarantine at time t 

II(t) Number if infectious individuals under isolation at time t 

R(t) Number of individuals recovered or are deceased and properly 

handled at t 

Β Transmission rate excluding the improper handling of the 

deceased 

ϵ Transmission rate due to improper handling of the deceased 

К Average number of contacts traced per identified / isolated 

infectious individuals 
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1/α Average time for symptoms onset to isolation of individuals 

independent of contact tracing 

ΠI Probability of contact traced infectious individuals isolated without 

causing new case 

ωI Ratio of the probability of contact traced infectious individuals to 

probability of random infectious individual 

ΠE Probability of contact traced exposed isolated individual without 

causing a new case 

ωE Ratio of probability of contact traced exposed isolated individual 

to probability of random exposed individual 

1/γ Average time from symptoms onset to recovery 

1/ν Average time from symptoms onset to death 

1/σ Average incubation period 

1/ψ Average time until improperly handled deceased is handled 

properly 

Table 2 Model parameters [24]. 

The entire tracing process is dependent on the public health resources 

and changes with different location and epidemic stages. 

Spatiotemporal spread of 2014 outbreak of Ebola Virus Disease: 

This model is generated to overcome the limitations of the standard 

models like homogenous mixing assumption and lack of spatial structure. In this 

model, individuals are in susceptible state if they acquire infection from an 

infectious individual and become exposed without symptoms; after some amount 
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of time this infectious individual can transmit infection to home. This individual 

then might be admitted to hospital, or die or may even recover. Also the 

individuals admitted to hospitals may die or recover. Deceased individuals may 

transmit the infection during their funeral and are then removed from the model 

[25]. 

For the spatial spread of the infection, movements of individuals which 

included patients not infected with Ebola virus, individuals seeking assistance in 

the health care facilities, health care workers taking care of these individuals and 

also the attendance of funerals was modelled.  

It is assumed that infectious individuals can transmit infection to general 

community on a daily basis which is restrict4ed to individuals living within a 10km 

radius of the infected individual.  Although, local population movement cannot be 

ruled out and can be used as a possible factor in Ebola Virus disease dynamics 

in the future [25]. 

Quarantine model: 

If no cure is found for Ebola, it will become out of control and hence a way 

has to be defined to prevent this spread and this is quarantine. In the standard 

SIER model another compartment is added Quarantine (Q) which indicates the 

number of individuals being hospitalized by government and other medical 

organizations. The Quarantine compartment is added along with Susceptible, 

Infected, Exposed and Removed compartments and a variable α is used to denote 

the rate of infectious individuals being hospitalized.  
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It is assumed in this model, that the individuals hospitalized have the same 

probability of death as the other infectious individuals but they do not infect other 

exposed or susceptible individuals. It is not possible to have as many quarantine 

places as there are infected individuals, but in order to prevent the disease spread 

it is necessary to have satisfactory amount of these spots. This sufficient amount 

is reached when the growth rate of infectious individuals is not greater than that of 

removed population [10]. 

Global Epidemic and Mobility Model: 

Global Epidemic and Mobility Model (GLEAM) produces a realistic 

simulations of global spread of infectious disease and is integrated in three layers 

namely: real world data on global population, real world data on mobility of this 

population and individual based stochastic mathematical model of infection 

dynamics [17]. 

The real-world population and mobility data is used to determine when 

and where people will interact and potentially transmit the infection. This data 

divides the world into a grid of small square cells and assigned an estimated 

population value.  GLEAM uses cells that are approximately 25 x 25 km, dividing 

the globe into over 250,000 populated cells. 

GLEAM uses set of twelve different flight networks which contains more 

than 3800 commercial airports in about 230 countries [17]. There are some 

airports with lots of connections and large volumes and many airports with few 

connections and low volumes. This characteristic is sometimes called the “long 

tail”, and has a significant impact on how infections spread around the globe.      



 

18 

The GLEAM engine simulates the infection dynamics according to the 

characteristics of the disease coupled with any prevention and intervention 

measures. The characteristics of the infection are defined in the compartmental 

model and each individual fit into these compartmental models at any given time. 

These compartments are connected to each other with paths that define how an 

individual can travel from one compartment to another and associated 

parameters tells the probability of such a transition. GLEAM uses stochastic 

algorithms mathematically defined through individual based stochastic chain 

binomial and multinomial processes to calculate the proportion of the population 

within each compartment for each subpopulation, and how these proportions 

change over time as individuals transition from one compartment to the next [17]. 

Suppressing Disease Spreading: 

There are asymmetrical interactions between information and disease 

spreading dynamics. A model is created to build a bridge between dynamics of 

information diffusion and disease spreading. This model suggests that by a 

disease outbreak in a contact network information diffusion can be triggered 

however, disease threshold is not affected by the information spread [8]. In case 

of slow information diffusion, there is very less impact of the heterogenous nature 

of the communication network on the disease spread.   

Spreading Dynamics in Complex Networks: 

A model is designed to describe the Ebola spreading based on Activity 

Driven Networks (ADN). This model overcomes the simple assumption of 

homogenous network and everyone is not bound to have contact with other 
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individuals. This model was used as a predictive tool to match the Ebola virus in 

Liberia and offer a year projection [9]. It requires minimal parameters from field 

data and accounts for several behavioral and epidemiological factors that 

account for EVD spreading.  

Table 3 below depicts the models that are used in predicting and 

preventing the transmission of Ebola Virus disease along with some of the 

characteristics of these models. 

Models Characteristics 

Basic 

Reproduction 

Number 

This is the number of cases one case generates on 

average over the course of its infectious period. This is 

useful in determining whether the infectious disease can 

spread throughout the population. 

Case Fatality Ratio This is the ratio of total number of deaths to the number 

of cases and helps in estimating the [probability of dying 

after the infection. 

SIR Model There are three compartments: Susceptible, Infected and 

Recovered. This model works on some assumptions like, 

all networks are homogenous, susceptible individuals 

can get infected from infectious individuals via contact 

and infected individuals become immune after 

recovering. This model also ignores the crowding effect. 

Improved SIR (ISIR) 

Model 

This is an improved version of SIR model and takes 

crowding effect into consideration. Therefore, force of 
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infection includes the adaptation to individuals to 

infection risk and is a function of number if infectious 

individuals. 

SIS Model In this model there are only two compartments: 

Susceptible and Infected. According to this an infectious 

individual can return to susceptible class on recovery as 

the virus confers no immunity against reinfection. 

SEIZ model This model overcomes the drawback of SIS model that 

once a user is exposed to the disease, he / she is directly 

transitioned to infected state. This model has four 

compartments: Susceptible, Exposed, Infected and 

Skeptic. There are some constraints in this model like 

transition rate between different compartments and also 

the initial rate of these compartments are unknown. 

There is also an inability to quantify the total population 

size. 

Agent based Model This model is developed with N individuals who interact 

through a small network having variable edge density. 

This model has five discrete stages: Susceptible, 

Exposed, Infected, Dead of disease but not yet buried 

and Dead of disease and safely buried. 

Contact Tracing 

Model 

Some of the features of this model are rate of 

transmission to susceptible from infectious and 
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improperly handled deceased cases, rate of reporting 

and isolating these cases and rates of recovery and 

mortality of these cases. There are six compartments in 

this model: Susceptible, Exposed, Infected, 

Contaminated deceased, Isolated infectious and 

Removed. 

Spatiotemporal 

Model 

This model overcomes the limitation of some models like 

homogenous assumption of networks and also the lack 

of spatial structure. Infection can be transmitted to 

general community from an infected individual living 

within 10km radius of that individual and hence this 

model can be used as a possible factor in Ebola Virus 

Disease dynamics. 

Quarantine Model This model along with standard SIER model has another 

compartment namely Quarantine. It is important to have 

maximum number of quarantine spots in order to stop the 

disease spread and this number can be reached when 

the growth rate of infectious individuals is not greater 

than that of removed population.   

GLEAM This model is integrated in three layers: real world data 

on global population, real world data on mobility of this 

population and individual based stochastic mathematical 

model of infection dynamics. The real world population 
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and mobility data determines when and where people will 

interact and potentially transmit the infection and the 

model determines the rate at which an individual 

transition from one compartment to another. 

Suppressing 

Disease Spreading 

This model creates a bridge between information 

diffusion and disease spreading. It also suggests that 

disease spread in a contact network can trigger the 

information diffusion. 

Spreading 

Dynamics in 

Complex Networks 

This model describes Ebola spreading based on ADNs 

and overcomes a simple assumption of homogenous 

networks with each individual bound to have contact with 

other individual. 

Table 3 Different models used to predict and stop the Ebola spread. 

2.2 Other Critical Issues in Ebola Study 

Delays in Outbreak Detection  

There are several factors which hampers the identification of Ebola 

outbreaks in Africa. Firstly, only a small number of Ebola outbreaks have 

occurred in East and Central Africa since the first outbreak in 1976 compared to 

other infectious disease like Malaria. There is also a limitation to community level 

knowledge of the diseases some areas at risk of Ebola have yet to experience 

Ebola outbreak. Secondly, early symptoms of Ebola are not specific which tends 

to be misdiagnosing Ebola with malaria or other locally infectious epidemic 

disease. Thirdly, lack of epidemiological surveillance systems and diagnostic 
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testing in poor countries increases the delay in detecting outbreaks. Longer the 

delay in detecting the outbreak and implementing control interventions, more are 

the chances that the virus spreads from remote and sparsely populated areas 

into higher populated areas [19]. Ebola outbreak is directly dependent on the 

initiation of the control interventions which is depicted in Figure 6. 

 

Figure 6 Effects of size of baseline isolation effectiveness and timing of 

control interventions on likelihood of observing an outbreak [19]. 

As seen from above figure, a five-day delay is highly unlikely to result in a 

major outbreak but if this delay exceeds to two weeks it may lead to a major 

Ebola outbreak [19]. 

The timely detection of an outbreak will minimize transmission in 

healthcare facility and in community by reducing the case fatality due to 

epidemic, strengthening coordination for the response, and building capacity for 

ongoing surveillance and control [20]. 
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Lack of Public Health Infrastructure 

Basic infection control measures in health care settings are essential to 

avoid further spread of disease. However, under-resourced African regions from 

a low ratio of health-care worker’s total population, but also lack in personal 

protective equipment and local capacity to effectively trace contacts and isolate 

infectious individuals. Therefore, Ebola outbreak has been amplified in health 

care settings. In Guinea, it took nearly three months for the health officials to 

identify Ebola [11] and by that time there were already few scattered cases which 

were imported to Liberia and Sierra Leone from Guinea. Most of the aid allocated 

is given to combat human immunodeficiency virus, malaria and tuberculosis and 

the rest going to maternal and child health services [12], which leaves very less 

or almost zero to support development of health systems. This lack of balanced 

investment is a continuous challenge in controlling the current Ebola outbreak. 

Also, individuals need to be screened for Ebola and the ones tested negative still 

needs to be treated. National government along with the external partners need 

to implement strategies to make health systems stronger and meet the essential 

health needs of the population to address the outbreak.  

Health Worker Infections 

The first health worker infected by Ebola was from Gueckedou, Guinea in 

January 2014. It is seen that based on health workers position they were 21 to 32 

times at greater risk of Ebola infection than the general adult population out of 

which the most affected were the nursing workers with 52% of the cases [13]. 

There were some gaps in implementing the Infection Prevention and Control 
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(IPC) standards in the area where transmission took place. It is difficult to pin 

point the area where the health worker got infected. It may be in the health facility 

or the health worker would have been infected while providing care for Ebola – 

infected patient unknowingly. 

From January 2014 to March 31st 2015, 815 confirmed and probable 

health worker cases were recorded in VHF (Viral Haemorrhagic Fever) database 

with 328 in Sierra Leone, 288 in Liberia and 199 in Guinea.  

61% of health workers infected with the disease were males, nearly 50% of the 

infections occurred between the age of 30-44 years and 22% of health workers 

infected were aged between 15-29 years old. 77% of the health workers were 

hospitalized compare to 62% non-health workers which reflects a greater 

awareness and access to care among health workers.  

Table 4 shows the total number of health worker cases updated on 

November 4th 2015 in various countries. This number includes all the confirmed, 

probable and suspected cases. It is evident from the table that out of the cases 

that are reported many of them are from the heath workers hence it is necessary 

first to prevent the heath workers from getting infected from this virus so that 

pubic and patient safety can be improved.  

Country Total Cases 

Guinea 196 

Liberia 378 

Mali 2 

Nigeria 11 
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Sierra Leone 307 

Spain 1 

United Kingdom 1 

USA 3 

Table 4 Total health worker cases from different countries as on November 

4th 2015 [14]. 

WHO and partners have worked actively with managers and health 

workers to put IPC and Occupational Health and Safety (OHS) strategies and 

supplies in place to prevent health worker infection and improve patient safety. 

Misinformation Propagation in Social Media: 

In conjunction with news reports about Ebola, rumors about the disease 

began to propagate wildly on Twitter. Some tweets were gathered from late 

September through late October 2014 which were filtered by the keyword “Ebola” 

or relevant hashtags such as #ebola, #EbolaVirus, #EbolaOutbreak, 

#EbolaWatch, #EbolaEthics, #EbolaChat, #nursesfightebola, #ebolafacts, 

#StopEbola, #FightingEbola and #UHCRevolution. Several widespread rumors 

were circulating on twitter, top 10 of which are described in Table below. 

Rumor 

No. 

Content Label 

1. Ebola vaccine only works on white people White 

2. Ebola patients have risen from dead Zombie 

3. Ebola could be airborne in some cases Airborne 
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4. Health officials might inject Ebola patients with 

lethal substances 

Inject 

5. There will be no 2016 elections and complete 

anarchy 

Vote 

6. The US government owns a patent on the Ebola 

virus 

Patent 

7. Terrorists will purposely contract Ebola and spread 

it around 

Terrorists 

8. The new iPhone 6is infecting people with Ebola iPhone 

9. There is a suspected Ebola case in Kansas City Kansas 

10. Ebola has been detected in hair extensions Hair 

Table 5 Top 10 Ebola related rumors by tweet volume from September 28th 

to October 18th 2014. 

Since social media has become one of the primary means by which 

people learn about worldwide developments, characterization of both news and 

rumors on social media about Ebola has been done in order to understand the 

popularity of misinformation. Since the first diagnosed case of Ebola in US, public 

has been curious to gain more knowledge about Ebola and hence has been 

leaned towards social media. Social media is a platform to reach millions of 

users, hence public health officials and medical experts are using it to educate 

and inform. But, some users share the same platform to share half – truths and 

rumors which increases the number of irrational fears about Ebola. Also because 
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of the poor Internet and lack of roads for communication, the outbreak is believed 

to be three times worse than all the previous outbreaks.  

Hence many models have been developed in order to study the rumor 

propagation and how users respond to the ideas, whether they adopt it readily or 

skeptical initially about it. 
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CHAPTER 3 

FRAMEWORK FOR EBOLA PREDICTION SYSTEM

3.1 Introduction 

The goal of the proposed system is to collect the data, use machine 

learning algorithm and predict the probability of an individual having Ebola virus. 

This system uses machine learning which facilitates individuals to predict the 

probability of having Ebola. The prediction will be based on numerous factors like 

location of the individual and symptoms.  

The system is implemented in different tiers as shown in the figure below. 

Figure 7 System Architecture 

1. The data is collected from different sources available online or through 

various medical researches done in the Ebola affected regions and are 

pre-processed by applying appropriate filters to make them suitable for the 

machine learning algorithm. 
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2. In machine learning algorithm, various machine learning algorithms based 

on the type of data collected is used. It can be either Supervised learning 

method or semi supervised learning method. 

3. In the last section, the predicted results generated from the classifiers are 

stored for better understanding. 

A detailed understanding of the three different layers of the system are described 

in the below sections. 

3.2 Architecture Description 

The proposed system can be divided in three different layers data which 

includes data collection and data processing, Machine learning algorithm where 

different algorithms based on the type of data collected is applied and finally the 

results section where the prediction results are stored for getting a better idea on 

the behavior of disease spread. 

This section gives a brief explanation of the different layers used. 

3.2.1 Data Mining 

This section comprises of two sub section namely data collection and data 

pre-processing.  

Data can be collected from various sources available online like World 

health organization [27], Centers for Disease Control [28], humdata [29] and can 

also be collected from various medical researches done by the doctors in the 

affected regions.  

Data pre-processing is an important step in data mining process. The data 

collected may consists of many out – of – range values, impossible data 
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connections and many missing values. Thus, a data is preprocessed before any 

analysis and output of this step gives a final training set which can be used in 

machine learning algorithms. 

3.2.2 Machine Learning Algorithms 

Machine learning is the process which gives the system an ability to learn 

from the previous existing data. Machine learning is broadly classified into three 

categories: 

1. Supervised Learning: In this the system is provided by training inputs and 

their corresponding output. The aim of the system to create a general rule 

to map the input to the outputs. 

2. Semi – Supervised Learning: This is a class of supervised learning 

algorithms which makes use of the unlabeled data in the training set. In 

many occasions, the dataset available will have small amount of labeled 

data along with large quantity of unlabeled data. Using semi supervised 

learners can improve the efficiency of the classifiers when both labeled 

and unlabeled data are used as training data. 

3. Unsupervised Learning: Data with no output labels in given to the system 

and hence there is no way to determine the accuracy of this algorithm. 

In this research, we have used various supervised and semi supervised 

learning algorithms which are explained in the below sections. 
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3.2.2.1 Supervised Machine Learning 

This is a basic machine learning algorithm where the system is given a set 

of training dataset which includes input along with their corresponding outputs. 

The system based on these outputs creates an algorithm to predict new 

instances. The basic flow chart of supervised machine algorithm is shown in the 

figure below 

Figure 8 Supervised Learning Flow Chart 

There are various supervised learning algorithms like Logistic Regression, 

Multilayer perceptron, Random forest, support vector machine. 

Logistic Regression model:  

 These are the statistical models which can be used to explain one variable 

commonly known as dependent variable based on other variables known as 

independent variables or predictors. This model takes assumptions that the 

dependent variable is a stochastic event that is there can be only two outcomes 

(dead or alive). The logistic regression model is non – linear transformation of the 

linear regression model. The linear regression model has a problem that the 

outcome can be more than one or less than zero. This is solved by setting the 

probabilities that are greater than one to be one and less than zero as zero [15]. 

Training Data 

set 

Test Dataset 

Train 

Classifier 

Prediction 

Results 
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However, in logistic regression model the output probabilities are constrained 

between 0 and 1. Adding independent variables to the logistic regression model, 

increases the accuracy of the model. However, adding more and more 

independent variables makes the model inefficient and leads to over fitting. 

Multilayer Perceptron:  

 This is a feedforward neural network model that maps its input to the 

appropriate set of outputs. It utilizes backpropagation technique for training the 

network which consists of two phases: the forward phase, the predicted outputs 

corresponding to the inputs are evaluated and in the backward phase, is used to 

converge the weights to the minimum. It consists of multiple layers of nodes with 

each layer fully connected to the next layer. A simple multilayer perceptron can 

be visualized graphically as follows 

Figure 9 Graphical Representation of Multilayer Perceptron 

However, anything below the threshold value is interpreted as ‘No’ even if 

it is slightly below the threshold value.  

 

Input 

Layer 

Hidden Layer 1 

Hidden Layer 2 

Hidden Layer n 

Output 

Layer 



 

34 

Random Forest:  

This is an ensemble learning method for classification which creates 

multiple number of decision trees at the time of training and gives the output as 

the mean of the output from individual trees. It can efficiently handle large 

databases, handles thousands of input variables without variable deletion and 

gives an estimate of which variables are important in the classification process. 

The accuracy of the result depends on the number of trees being used in the 

learner but as the number of trees are increased the processing time of the 

learner also increases hence making the model slower. Therefore, often other 

approaches are preferred when dealing with large number of predictors. 

Support Vector Machine:  

They are relatively new type of learning algorithm and is known for its 

robust performance with respect to sparse and noisy data [16]. SVM represents 

the training datasets in forms of points in space where each type of point 

represents one class and each class is separated from other class by a hyper 

plane that is maximally distant from them. New examples are then mapped into 

the same space and predicted based on which side of the hyperplane the points 

lie.  

3.2.2.2 Semi - Supervised Machine Learning 

In the traditional supervised learner, we use the labeled data however, 

labeling of unlabeled data is very difficult, expensive and time consuming [18]. In 

semi supervised learning method we use unlabeled data in the dataset along 

with the small quantity of the labeled data. This learning methodology is widely 
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used because it is faster, cheaper, better [26] and improves the model accuracy 

when used along with the unlabeled dataset. The basic algorithm for this type of 

learner can be described as shown in the figure 

 Figure 10 Semi - Supervised Learning Flow Chart 

The various supervised learning algorithms can also be used as semi 

supervised algorithms to predict the unlabeled data and use them in the model to 

increase the accuracy. 

3.3 Summary 

This chapter discusses the architecture for the Ebola Prediction model 

which is divided in three layers: Data mining (first layer), Machine learning 

algorithm (Second layer) and Results (third layer). This chapter also covers the 
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basics of the different type of machine learning algorithm that can be used to 

predict the outcome based on the type of dataset available.
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CHAPTER 4 

RESULTS

4.1 Data Mining 

Data can be collected from various online sources like World Health 

organization [27], Centers for Disease Control [28], humdata [29] or can also be 

obtained from various medical research done by doctors in the Ebola affected 

regions. However, most of the data available on these sources are for a group of 

people forming a community and not for individuals. The individual data source 

which is used in this research is collected from humdata [29] which had few case 

records for individuals and can be used in this research.  

The data collected was organized according to the model being used with 

the symptoms and location as predictors and outcome was used as a class label.  

4.2 Machine learning algorithm 

Different machine learning algorithms were used on the dataset to get a 

better idea on which classifier can be used most efficiently for the dataset 

provided. The following sections includes the results from the various machine 

learning algorithms used. 

4.2.1 Supervised Machine Learning Algorithm 

Only the labeled data is used in this algorithm and are used with different 

classifiers like Logistic Regression, Multi layer Perceptron, Random Forest and 
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Support Vector machine. The results of these classifiers are shown in the below 

sections.  

4.2.1.1 Logistic Regression Supervised Learning Algorithm 

Logistic regression model was run with 10-fold cross validation on WEKA 

tool with the provided dataset with outcome as the class label. The results of this 

model is shown in the figure 

 

Figure 11 Prediction Result using Supervised Logistic Regression Model 

 

Figure 12 Area under ROC using Supervised Logistic Regression model 

The Type I and Type II error of this model calculated is  

Type I Error: 8/31 = 0.258 = 25.8% 
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Type II Error: 16/64 = 0.25 = 25.0%  

4.2.1.2 Multi-Layer Perceptron Supervised Learning Algorithm 

MLP model was run with 10-fold cross validation on WEKA tool with the 

provided dataset with outcome as the class label. The results of this model is 

shown in the figure 

 

Figure 13 Prediction Result using Multi-Layer Perceptron model 

 

Figure 14 Area under ROC using Supervised Multi – layer Perceptron model 

The Type I and Type II error of this model calculated is  

Type I Error: 14/16 = 0.875 = 87.5% 

Type II Error: 7/64 = 0.109 = 10.9%  
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4.2.1.3 Random Forest Supervised Learning Algorithm 

Random Forest model was run with 10-fold cross validation on WEKA tool 

by varying the number of trees used ranging from 100 trees to 1500 trees with 

the provided dataset with outcome as the class label. The results of this model is 

shown in the following figures 

 

Figure 15 Prediction result using Supervised Random Forest model having 

100 trees 

 

Figure 16 Area under ROC using Supervised Random Forest model having 

100 trees 

The Type I and Type II error of this model calculated is  
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Type I Error: 23/0 =  

Type II Error: 0/64 = 0 = 0% 

Results of Random Forest Supervised learner with 1000 trees 

 

Figure 17 Prediction result using Supervised Random Forest model having 

1000 trees 

 

Figure 18 Area under ROC using Supervised Random Forest model having 

1000 trees 

The Type I and Type II error of this model calculated is  

Type I Error: 23/0  

Type II Error: 0/64 = 0%  
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Results of Random Forest Supervised learner with 1100 trees 

 

Figure 19 Prediction result using Supervised Random Forest model having 

1100 trees 

 

Figure 20 Area under ROC using Supervised Random Forest model having 

1100 trees 

The Type I and Type II error of this model calculated is  

Type I Error: 23/0  

Type II Error: 0/64 = 0%  

Results of Random Forest Supervised learner with 1200 trees 
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Figure 21 Prediction result using Supervised Random Forest model having 

1200 trees 

 

Figure 22 Area under ROC using Supervised Random Forest model having 

1200 trees 

The Type I and Type II error of this model calculated is  

Type I Error: 23/0  

Type II Error: 0/64 = 0%  

Results of Random Forest Supervised learner with 1300 trees 
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Figure 23 Prediction result using Supervised Random Forest model having 

1300 trees 

 

Figure 24 Area under ROC using Supervised Random Forest model having 

1300 trees 

The Type I and Type II error of this model calculated is  

Type I Error: 23/0  

Type II Error: 0/64 = 0% 

Results of Random Forest Supervised learner with 1400 trees 
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Figure 25 Prediction result using Supervised Random Forest model having 

1400 trees 

 

Figure 26 Area under ROC using Supervised Random Forest model having 

1400 trees 

The Type I and Type II error of this model calculated is  

Type I Error: 23/0  

Type II Error: 0/64 = 0%  

Results of Random Forest Supervised learner with 1500 trees 
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Figure 27 Prediction result using Supervised Random Forest model having 

1500 trees 

 

Figure 28 Area under ROC using Supervised Random Forest model having 

1500 trees 

The Type I and Type II error of this model calculated is  

Type I Error: 23/0  

Type II Error: 0/64 = 0%  
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4.2.1.4 Support Vector Machine Supervised Learning Algorithm 

SVM model was run with 10-fold cross validation on WEKA tool with the 

provided dataset with outcome as the class label. The results of this model is 

shown in the figure 

 

Figure 29 Prediction result using Supervised Support Vector Machine 

model 

 

Figure 30 Area under ROC using Supervised Support Vector Machine 

model 

The Type I and Type II error of this model calculated is  

Type I Error: 13/17 = 0.764 = 76.4% 
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Type II Error: 7/64 = 0.109 = 10.9%  

The detailed summary of the results from the supervised machine learning 

algorithm is depicted in the following table below 

Models Type I Error Type II Error Accuracy 

Logistic 

Regression 

25.8% 25% 72.41% 

Multi-layer 

Perceptron 

87.5% 10.9% 75.86% 

Random Forest 

with 100 Trees 

Not defined 0% 73.56% 

Random Forest 

with 1000 Trees 

Not defined 0% 73.56% 

Random Forest 

with 1100 Trees 

Not defined 0% 73.56% 

Random Forest 

with 1200 Trees 

Not defined 0% 73.56% 

Random Forest 

with 1300 Trees 

Not defined 0% 73.56% 

Random Forest 

with 1400 Trees 

Not defined 0% 73.56% 

Random Forest 

with 1500 Trees 

Not defined 0% 73.56% 
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Support Vector 

Machine 

76.4% 10.9% 77.01% 

Table 6 Summary of the Supervised Machine Learning Algorithm results 

4.2.2 Semi - Supervised Learning Algorithm 

The unlabeled data in this algorithm are predicted by training the Naïve 

Bayes classifier and a new dataset is created by combining the labeled and 

predicted labeled data. This new dataset is then used to train different classifiers 

like Logistic Regression, Multi-layer Perceptron, Random Forest and Support 

Vector machines. The results for these classifiers are described in the following 

sections. 

4.2.2.1 Logistic Regression Semi - Supervised Learning Algorithm 

The new dataset created by combining the labeled and predicted labeled 

data is used to train Logistic Regression model with 10 – fold cross validation 

method on WEKA. The result for this model is shown in the figure 

 

Figure 31 Prediction result using Semi -Supervised Logistic Regression 

model 
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Figure 32 Area under ROC using Semi -Supervised Logistic Regression 

model 

The Type I and Type II error of this model calculated is  

Type I Error: 19/47 = 0.404 = 40.4% 

Type II Error: 15/127 = 0.118 = 11.8%  

4.2.2.2 Multi-layer Perceptron Semi - Supervised Learning Algorithm 

The new dataset created by combining the labeled and predicted labeled 

data is used to train Multi – layer Perceptron model with 10 – fold cross validation 

method on WEKA. The result for this model is shown in the figure 
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Figure 33 Prediction result using Semi -Supervised Multi-layer Perceptron 

model 

 

Figure 34 Area under ROC using Semi -Supervised Multi-layer Perceptron 

model 

The Type I and Type II error of this model calculated is  

Type I Error: 19/47 = 0.404 = 40.4% 

Type II Error: 15/127 = 0.118 = 11.8%  
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4.2.2.3 Random Forest Semi - Supervised Learning Algorithm 

The new dataset created by combining the labeled and predicted labeled 

data is used to train Random Forest model with 10 – fold cross validation method 

and 100 trees on WEKA. The result for this model is shown in the figure 

 

Figure 35 Prediction result using Semi -Supervised Random Forest model 

 

Figure 36 Area under ROC using Semi -Supervised Random Forest model 

The Type I and Type II error of this model calculated is  

Type I Error: 21/45 = 0.466 = 46.6% 

Type II Error: 15/129 = 0.116 = 11.6%  
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4.2.2.4 Support Vector Machine Semi - Supervised Learning Algorithm 

The new dataset created by combining the labeled and predicted labeled 

data is used to train Support Vector Machine model with 10 – fold cross 

validation method on WEKA. The result for this model is shown in the figure 

 

Figure 37 Prediction result using Semi -Supervised SVM model 

 

Figure 38 Area under ROC using Semi -Supervised SVM model 

The Type I and Type II error of this model calculated is  

Type I Error: 19/47 = 0.404 = 40.4% 

Type II Error: 15/127 = 0.118 = 11.8%  
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A detailed summary of the results from Semi – supervised learning 

algorithm is shown in the below table. 

Models Type I Error Type II Error Accuracy 

Logistic 

Regression 

40.4% 11.8% 80.45% 

Multi-layer 

Perceptron 

40.4% 11.8% 80.45% 

Random Forest 46.6% 11.6% 79.31% 

Support Vector 

Machine 

40.4% 11.8% 80.45% 

 

Table 7 Summary of the Semi - Supervised Machine Learning Algorithm 

results 

4.3 Summary 

This chapter provides and overview of the various results provided from 

the supervised and semi – supervised machine learning algorithm. Screenshots 

of the results from various classifiers along with their Type I Error and Type II 

Error are provided.
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CHAPTER 5 

CONCLUSION AND FUTURE WORK

5.1 Conclusion 

Most of the current Ebola Prediction models predict the probability of 

Ebola spread on a community and not on an individual. Identifying and tracking 

individuals affected by this virus in densely populated areas is a unique and 

urgent set of challenges in the public health sector. This goal can be achieved 

with the help of machine learning and social networking.  

The proposed Ebola Prediction model predicts the probability of an 

individual having Ebola virus based on his / her location and symptoms. This is 

accomplished with the help of Machine learning algorithms and the past available 

datasets which are used to train the classifiers for the better predictions. 

Following are the few conclusions that we can take from this research: 

1. The proposed model will allow to predict the probability of an individual 

based on the location and symptoms. 

2. In case of missing labels in the dataset it is better to use the semi – 

supervised learning than supervised learning algorithm to get a better 

accuracy. 
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5.2 Future Work 

The current proposed model of Ebola Prediction uses a selected number 

of classifiers which can be further expanded to various other classifiers. The type 

of classifier to be used depends on the type of dataset available.  

The dataset available online or from other sources are mostly for a group 

of communities, but to get better predictions of individuals it is necessary to have 

more datasets of individuals with their respective locations and symptoms. The 

larger number of dataset available the better the model will be to predict the 

probability of Ebola Virus. 

The proposed model can also be used to predict other outbreaks like 

malaria, Zika, Influenza, Dengue and many other viral outbreaks for predicting 

the probability of virus spread in the region.



 

57 

CHAPTER 6 

REFERENCES

[1] - https://www.cdc.gov/vhf/ebola/outbreaks/2014-west-africa/case-counts.html 

[2] - http://www.who.int/mediacentre/factsheets/fs103/en/ 

[3] - Narayanan, Ramaswamy. "Druggableness of the Ebola-associated genes in 

the human genome: Chemoinformatics approaches." MOJ Proteomics Bioinform 

2.2 (2015): 00038-44. 

[4] - Hazar, S., and E. Akan. "Filoviridae: Marburg and Ebola viruses." İnfeksiyon 

Dergisi= Turkish Journal of Infection 14.1 (2000): 145-150. 

[5] - Chowell, Gerardo, and Hiroshi Nishiura. "Transmission dynamics and control 

of Ebola virus disease (EVD): a review." BMC medicine 12.1 (2014): 1. 

[6] - http://www.healthmap.org/site/diseasedaily/article/estimating-fatality-2014-

west-african-ebola-outbreak-91014 

[7] - http://epidemic.bio.ed.ac.uk/ebolavirus_fatality_rate 

[8] - Wang, W. et al. Suppressing disease spreading by using information 

diffusion on multiplex networks. Sci. Rep. 6, 29259; doi: 10.1038/srep29259 

(2016). 

[9] - Rizzo, Alessandro, Biagio Pedalino, and Maurizio Porfiri. "A network model 

for Ebola spreading." Journal of theoretical biology 394 (2016): 212-222. 

[10] - http://www.math.washington.edu/~morrow/mcm/mcm15/38725paper.pdf 

[11] - http://www.who.int/csr/disease/ebola/one-year-report/factors/en/ 



 

58 

[12] - Kouadio, Koffi Isidore, et al. "Epidemiological and surveillance response to 

Ebola virus disease outbreak in Lofa County, Liberia (March-September, 2014); 

lessons learned." PLoS currents 7 (2015). 

[13] - http://who.int/hrh/news/2015/ebola_report_hw_infections/en/ 

[14] - https://data.hdx.rwlabs.org/dataset/number-of-health-care-workers-

infected-with-edv 

[15] - http://www.appstate.edu/~whiteheadjc/service/logit/intro.htm 

[16] - Furey, Terrence S., et al. "Support vector machine classification and 

validation of cancer tissue samples using microarray expression data." 

Bioinformatics 16.10 (2000): 906-914. 

[17] - http://www.gleamviz.org/model/  

[18] - Hady, Mohamed Farouk Abdel, and Friedhelm Schwenker. "Semi-

supervised learning." Handbook on Neural Information Processing. Springer 

Berlin Heidelberg, 2013. 215-239. 

[19] - Chowell, Gerardo, and Hiroshi Nishiura. "Transmission dynamics and 

control of Ebola virus disease (EVD): a review." BMC medicine 12.1 (2014): 196. 

[20] - Lamunu, M., et al. "Containing hemorrhagic fever epidemic, the Ebola 

experience in Uganda (October 2000–January 2001): A paper presented at the 

10th International Congress on Infectious Disease, Singapore, March 

2002." Available: http:⁄⁄ www. who. int/csr/disease/ebola/en/lamunu. pdf. 

Accessed 18 (2004). 



 

59 

[21] - Zhang, Zhaoyang, et al. "Modeling epidemics spreading on social contact 

networks." IEEE transactions on emerging topics in computing 3.3 (2015): 410-

419. 

[22] - Jin, Fang, et al. "Epidemiological modeling of news and rumors on 

twitter." Proceedings of the 7th Workshop on Social Network Mining and 

Analysis. ACM, 2013. 

[23] - Siettos, Constantinos, et al. "Modeling the 2014 ebola virus epidemic–

agent-based simulations, temporal analysis and future predictions for liberia and 

sierra leone." PLoS currents 7 (2011). 

[24] - Webb, Glenn, et al. "A model of the 2014 Ebola epidemic in West Africa 

with contact tracing." PLOS Currents Outbreaks (2015). 

[25] - Merler, Stefano, et al. "Spatiotemporal spread of the 2014 outbreak of 

Ebola virus disease in Liberia and the effectiveness of non-pharmaceutical 

interventions: a computational modelling analysis." The Lancet Infectious 

Diseases 15.2 (2015): 204-211. 

[26] - Zhu, Xiaojin. "Semi-supervised learning." Encyclopedia of Machine 

Learning. Springer US, 2011. 892-897. 

[27] - http://apps.who.int/gho/data/node.ebola-sitrep.quick-downloads?lang=en 

[28] - https://www.cdc.gov/vhf/ebola/outbreaks/2014-west-africa/ 

[29] - https://data.humdata.org/ebola 

[30] - Eibe Frank, Mark A. Hall, and Ian H. Witten (2016). The WEKA Workbench. 

Online Appendix for "Data Mining: Practical Machine Learning Tools and 

Techniques", Morgan Kaufmann, Fourth Edition, 2016. 



 

60 

[31] - Shaw, Jesse, et al. "Modeling Ebola Spread and Using HPCC/KEL 

System." Big Data Technologies and Applications. Springer International 

Publishing, 2016. 347-385. 

 




