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ABSTRACT 

The Cholera epidemic remains a public threat throughout history, affecting vulnerable 

populations living with unreliable water and sub-standard sanitary conditions. Studies have 

observed that the occurrence of cholera has also, strong linkage with seasonal weather 

patterns. Over the past decades, there have been great achievements in developing cholera 

epidemic models which have focused on using mathematical techniques. However, most 

existing prediction systems have some challenges such as lack of flexibility, not user friendly, 

in-effective and also, lack integration of essential weather variables. In addition, the use of 

advanced technology such as machine learning (ML) have not been explicitly deployed in 

modeling cholera epidemics in developing countries including Tanzania; due to the 

challenges that come with its datasets such as missing-information, data-inconsistency, 

imbalance-class and other uncertainties.  

The aim of this work was to overcome and complement the existing challenges of cholera 

epidemic models by taking the advantages of ML techniques. Hence, by developing an ML 

model that is capable of predicting cholera epidemic outbreaks based-on seasonal weather 

changes linkages in Tanzania. Secondary datasets from Tanzania Meteorological Agency 

(TMA), the Ministry of Health and Social Welfare, and Dar es Salaam Water and Sewerage 

Authority (DAWASCO) were used. Then, Adaptive Synthetic Sampling Approach 

(ADASYN) and Principal Component Analysis (PCA) were applied to restore sampling 

balance and dimensions of the dataset. In order to determine which ML algorithms were best 

able to predict (yes/no) whether cholera epidemic would occur given the weather variables, 

ten classification algorithms were evaluated using F1-score, sensitivity and balanced-

accuracy metrics. The Friedman-test was then used to determine whether the performance of 

the models was statistically significant. Results showed that Random Forest, Bagging, and 

ExtraTree classifiers had the best performance, with 74%, 74.1% and 71.9% accuracy 

respectively. The ensemble method of model fine-tuning was then applied in order to obtain 

one model from the three, and an overall accuracy of 78.5% was achieved. Lastly, a model 

evaluation process was performed on the selected final model. The model validation process 

involved four processes: The first evaluation process re-ran the final model using the same 

dataset but without the weather variables; which resulted into confirming that the model with 

weather variables to have higher performance compared to the model without the weather 

variable. The second evaluation process re-ran the model-development procedure using 
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datasets from Tanga and Songwe regions in order to illustrate on how the adaptive reference 

model can be referenced by other researchers. The third and fourth model evaluation involved 

mixed-design approach of quantitative and qualitative methods using focus group discussions 

and interviewer-administered questionnaires with 500 and 20 stakeholders (including; 

medical officers, epidemiological analysts, nurses, environmental experts, ICT experts and 

cholera patients) respectively. The results of the third evaluation process proved that 90% of 

the responses agreed that, the developed model is robust and appropriate to work in least 

developing countries towards effective prediction of cholera epidemics. Whereas, the results 

of the fourth evaluation process proved also that cholera ML model is better in terms of their 

usability, expandability and computational complexity compared to the cholera statistical 

models.   

Overall, the study improved our understanding of the significant roles of ML strategies in 

health-care data. However, the study could not be treated as a time series problem due to data 

collection bias such as data-inconsistency in terms of time. The study recommends a review 

of health-care systems in order to facilitate quality data collection and further deployment of 

ML techniques in the health sector in Tanzania. 
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CHAPTER ONE 
 

INTRODUCTION  

1.1  Background of the Problem 

Cholera is an acute epidemic infectious disease caused by Vibrio cholerae (V. cholerae) 

bacteria (Li, Wang & Di, 2017). The bacteria typically live in salty-warm waters along the 

coast. Human beings contract V. cholerae through ingesting liquids or foods contaminated 

with the bacteria (Xu et al., 1982). The disease remains notorious and threatening to human 

societies throughout history, due to the extraordinary scale of deaths and damage it has 

brought over the years (Mandal, Mandal & Pal, 2011). 

Cholera is transmitted from one person or place to another through the faecal-oral route of 

contaminated food or water caused by poor sanitation (Symington, 2011). Food transmission 

can occur when people harvest seafood such as oysters and shellfish in the waters infected 

with V. cholerae. People infected with cholera often have diarrhea and hence, disease 

transmission may occur if this diarrhea contaminates water used by other people (Miller, 

Feachem & Drasar, 1985). A single diarrheal incident can cause a one million increase in 

numbers of V. cholerae in the environment through waterways, groundwater and drinking 

water supplies. Normally, the transmission of cholera directly from person to person is very 

rare (Fung, 2014). 

Vibrio cholerae can also exist outside the human body in natural water sources, either by 

itself or in association with phytoplankton, zooplankton and biotic and abiotic detritus. 

Hence, drinking such water can also result in cholera disease, even without prior 

contamination through faecal matter (Joachim & Karl, 2002). In addition, there are several 

virulence factors which can easily contribute to the pathogenicity of the V. cholerae to easily 

infect and cause symptoms to the hosts (Novais et al., 1999). These virulence factors include 

toxin co-regulated pilus, cholera toxin and motility (Siettos & Russo, 2013). Furthermore, in 

our rapidly changing environment, it has been reported by several researchers that the 

transmission and infection of cholera epidemics are greatly influenced by seasonal weather 

variation (Lugomela et al., 2015). This is because the dynamics of weather patterns dictate 

the infection and transmission rate of cholera disease. As they affect natural demographic 

behaviour of population involved and also, influences almost all variables involved in the 

growth of V. cholerae. Moreover, the fluctuation of weather variables such as temperature, 
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inadequate sanitation, poor food, water hygiene, in-effective early warning systems and also, 

remains a major global public health problem (Weill et al., 2017), as indicated in Fig. 1. 

It is still estimated globally that every year, there are roughly 1.3 to 4.0 million cases and 21 

000 to 143 000 deaths worldwide due to cholera. In Tanzania, recent outbreaks include the 

August 2015 to April 2016 outbreak in Dar es Salaam region in Tanzania which led to a total 

number of 14 608 cases and 228 death incidences (Narra et al., 2017); this case can be 

statistically shown in Fig. 2. 

Researchers believe that timely detection of cases of cholera is essential in order to prevent 

and limit the severity and duration of the outbreak (Kuhn et al., 2004; World Health 

Organization, 2016). Therefore, there is a dire need to implement measures for early 

prediction mechanisms which could help public health officials to prepare for containment 

before cholera epidemic and pandemic occur (Fung, 2014; Burnett et al., 2016).  

 

Figure 1: Cholera Cases Reported by WHO by Year and by Continent from 1989-2017 
(WHO, 2018) 
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Figure 2: Number of Reported Cholera Cases in Tanzania- August 15, 2015, to 
November 26, 2016 (Narra et al., 2017) 

 

1.1.2  Factors Affecting Transmission and Infection of Cholera in Developed and Least 

Developing Countries 

Cholera-endemic countries are countries with a cholera outbreak within the last three (3) 

years. These countries include: India, Ethiopia, Nigeria, Haiti, the Democratic Republic of 

Congo, Tanzania, Kenya and Bangladesh (Mukhopadhyay et al., 2015). Cholera is endemic 

in these countries because of different modes of transmission and infection which include: 

social issues such as poor hygiene and sanitary conditions as well as technical issues such as 

ineffective cholera management systems for analysis and prediction and environmental issues 

such as; climate change (Legros, 2018).  

It has been noted by researchers that developed and least developing nations have somehow 

different modes of cholera transmission. Most of the cholera cases in developed countries are 

transmitted through contaminated food, whereas in least developing countries, it is more 

often through contaminated water (Mandal, Mandal & Pal, 2011; Huq & Colwell, 1996). This 

is due to the fact that developed countries have good sewage systems in place (Descamps et 

al., 2012) and thus water is rarely contaminated. In addition, most least developing countries 

fall in regions with Tropical and Mediterranean climates whereas developed nations such as 

North America and German are in the colder temperate regions, where environmental 

conditions are less favourable for V. cholerae growth (Leotta et al., 2006) and (Jutla et al., 

2013). Developed countries are also affected through various human migration. This fact is 
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shown clearly on the world map in Fig. 3 where countries with reported cholera cases in the 

red pattern import cholera to countries with the yellow pattern. 

 
Figure 3: Cholera Epidemics Imported from One Continent to Another (WHO, 2011) 

1.1.3  The Role of ICTs in Controlling Cholera Epidemics 

The Global Task Force for Cholera Control (GTFCC) proposed a global strategy for cholera 

control at the country level, to reduce the number of cases by 90% by 2030 (Legros, 2018). 

Two of the proposed strategies is the development of early detection and rapid response 

mechanisms and implementation of Multi-Sectoral Approach to contain cholera outbreaks 

and the report also highlighted the positive impact that information and communication 

technologies (ICTs) can have in early detection and multi-sectoral approach. 

In many countries, disease surveillance systems such as Integrated Disease Surveillance and 

Response (IDSR), District Health Information System 2 (DHIS2) and traditional statistical 

techniques such as mathematical models have been the main tools used for tracking outbreaks 

of water-borne, vector-borne and vaccine-preventable diseases (Das et al., 2019). The 

systems have enabled the management of epidemics such as cholera to some extent; however, 

several challenges remain. First, most of the existing systems and models are not capable of 

handling large amounts of data with complex nature such as missing information, imbalanced 

data, and other uncertainties; Examples of these challenges include essential dataset for 

disease prediction in different format and platform; due to the rapid global climatic change, 

epidemiologists are not able to predict the disease outcome through their experiences and 
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influenced by the risk to patient privacy of data acquisition, risk of injuries to patients from 

ML system errors, lack of quality datasets (Pascoe et al., 2012; Kwesigabo et al., 2012), as 

well as a lack of good knowledge on emerging and advanced ML strategies which can work 

innovatively with any dataset toward fulfilling the intended goal (Raschka, 2018; 

Nejatimoghadam, 2018; Domingos, 2012; Chao, 2011). 

This research study therefore, researches into how well ML models can analyse and predict 

cholera epidemics given data available in IDSR and DHIS2, as well as weather variables 

available in environmental management information systems (EMIS) of least developing 

countries.  

1.2  Statement of the Problem  

It is estimated that every year, around 21 000 to 143 000 people die due to cholera. Timely 

detection of cases of cholera can limit the spread, severity and duration of cholera outbreak 

(Kuhn et al., 2004) and (World Health Organization, 2016). Providing early detection tools to 

public health officials and the community is therefore necessary to prevent cholera epidemics 

and pandemics (Fung, 2014; Burnett et al., 2016).  

Many least developing countries including Tanzania now use IDSR and HMIS to collect and 

store data of infectious diseases such as cholera and they rely on the use of mathematical 

models and other traditional statistical techniques for prediction of disease outbreaks. 

However, these techniques are in infective, complex to understand and extend for non-

mathematicians and also, do not include environmental variables such seasonal weather 

variables which researchers posit are necessary for accurate cholera epidemic prediction. 

They are also ill-equipped at dealing with large amounts of dataset with complexities such as 

missing values and data-imbalance conditions.  

Machine learning techniques are adept at providing accurate predictions in various 

applications such as disease diagnosis, prediction and drug discovery especially with quality 

data. Despite this, they have been underutilised in predicting cholera epidemics in least 

developing countries and it is thus unknown how effective they are in supporting early 

predictions. This work therefore aimed at taking advantage of the prediction strength, 

adaptability nature, and innovative features of ML techniques to develop an ML model for 

prediction of cholera epidemics based on seasonal weather changes linkages in Tanzania, and 

comparing its performance (accuracy, computational resources needed, user-friendliness) to 
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(xi) If the model will predict the occurrence of cholera (YES Cholera), while there will 

be NO cholera, the study will assume that the early awareness and preparedness has 

assisted in the occurrence of NO cholera. 

(xii) It should be noted that the LabResult which is presented by 0 as NO Cholera and 1 

as YES Cholera; Meaning that if YES Cholera, the patient has cholera and it also 

represent the area/ district/ region has cholera disease and vice versa is true. 

(xiii) The word weather variables mean weather changes and weather data in the 

document. 
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Figure 5: On-going Cholera Epidemics in Tanzania, 2015-2016 by Narra et al. (2017) 

2.3  Overview of Applications of Traditional Statistical Techniques in Cholera 

Epidemics 

This sub-section identifies and reviews some of the cholera traditional statistics and complex 

system models. It presents both models which have and have not incorporated or integrated 

environmental factors in their formulation and then, discusses briefly the strengths and 

weaknesses in their prediction of cholera outbreaks.  

Capasso and Serio are among the very first modellers to formulate the development of a well-

known cholera model which has not integrated the aspect of environment as determinants of 

the prediction and transmission of its outbreak. However, the models assisted not only in the 

formulation and extensions of other successful and accurate models but also, in provision of 

knowledge on how the susceptible, infected and recovered population are linked in the 

transmission of cholera disease (Capasso & Serio, 1978). Several other models have also 

taken advantage of these models by incorporating additional variables such as education, 

immunity to the susceptible population, age of the population, and economic factor, to 

mention a few (Lund et al., 2015). In fact, these very first models which have not 

incorporated the environmental factors have assisted in the clear understanding of the cholera 

epidemics in various dimensions. However, they lack the reality touch for not incorporating 

environmental factors such as water bodies, seasonal weather changes and V. cholerae 

behaviour at certain areas of the environment; which are essential factors in determining the 

transmission rate, prediction value and causes of cholera epidemic in the area (Jutla et al., 

2013). 
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One of the first cholera dynamics models which linked environmental aspects in its 

formulation was conducted by Codeço (2001). Herein, the model will be referred to as the 

Codeco model or Threespp model. The Codeco Model is an epidemic mathematical model 

which considers aquatic reservoir as the only environmental determinants assisting the 

transmission of cholera epidemics. Table 2 and Fig. 7 illustrate the variables and parameters 

used in the formula and the compartmental diagram of the Codeco model respectively.  

Table 2: Symbols used in the Codeco Model  
Symbols Description 
Variables  
S Number of Susceptible People. 

I Number of Infected People. 

B The concentration of toxigenic V. Cholerae in water (cells/ml). 

H Total human population. 

N Human birth and death rates (day-1). 

K The concentration of V. Cholerae in water that yields 50% chance of 

catching Cholera (cells/ml). 

Parameters  
A The rate of exposure to contaminated water (day-1). 

R The rate at which people recover from Cholera (day-1). 

Nb The growth rate of V. Cholerae in the aquatic environment (day-1) 

Mb The loss rate of V. Cholerae in the aquatic environment (day-1). 

E The contribution of each infected person to the population of V. Cholerae 

in the aquatic environment (cell/ml day-1person-1). 

(Codeço, 2001) 

 
Figure 6: Compartmental Diagram of Codeco Model (Codeço, 2001) 
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The Codeco model has incorporated very few variables and uses basic Susceptible-Infected-

Recovered (SIR) approach coupled with an aquatic population of V. cholerae. The objective 

of this model was to explore the role of the aquatic reservoir on the persistence of endemic 

cholera as well as to define minimum conditions for the development of epidemic and 

endemic cholera. Due to the incorporation of the aquatic reservoir as one of the 

environmental factor or determinants, the model properly explained cholera transmission rate 

in the community as a product of social and environmental factors. The model has shown the 

importance of understanding the effect of the aquatic reservoir in the transmission and 

dynamics of cholera which depends on the sanitary conditions of the community. This study 

also recommended further extension and development of cholera models in order to 

understand better V. cholerae ecology and epidemiology of cholera. However, given the 

inability of the model to integrate all essential environmental factors like temperature, 

rainfall, and humidity levels of the area, it is very difficult to provide a quantitative prediction 

on cholera dynamics (Codeço, 2001). Nevertheless, the model brings some new insights into 

cholera epidemiology on essentially quantifying prediction of cholera dynamics into a large 

aspect or features. 

Similar scenarios occur in several other developed and implemented cholera models. Such as; 

cholera models with a control strategy developed by Wang et al. (2011) and Andam et al. 

(2015).  These models have simply extended the Codeco model by introducing the variable C 

as the control factor with the aim of gaining useful guidelines to the effective prevention and 

intervention strategies against cholera epidemics. The variable C has been used as a control 

measure to represent the effect of vaccination, therapeutic treatment, and water treatment. 

The models have also not included vital factors in cholera transmission such as level of 

temperature, rainfall, humidity, wind, social-economic factors of the patient, geographical 

location of the area and their surroundings. 

Another Cholera epidemic model was formulated by Stephenson (2009) in Zimbabwe. He 

developed a system dynamics simulation model of cholera outbreaks. The model is, in fact, 

an SIR model extended with loss of immunity (a return flow from recovered to susceptible 

after an average of 6 to 10 years), with different degrees of illness, mortality and with a 

reservoir to harbor the V. Cholerae. The formulation of this model contains consequently a 

number of implicit assumptions such as constant weather seasons throughout the years.  
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It can therefore be observed that most cholera epidemic models have used traditional 

statistics and complex system model techniques. These traditional statistics and complex 

system models are essentially formalization of relationships between variables in the form of 

mathematical equations (Ledder, 2013). They were invented after mankind realized the 

limitations of human-brains to store and process large amounts of data (Kelly, 2015). 

Therefore, these techniques can formulate models that can approximate reality using data 

reduction techniques. Furthermore, they can describe the different aspects of the real world, 

their interaction and dynamics through mathematics (Quarteroni, 2009). 

Given their capacity, traditional statistics and complex system models have been used in 

various activities especially in understanding the dynamics of different epidemics. They are 

however, not without limitations and complexities. To start with, their techniques are based 

on getting the formulation of a frontier in a classification problem, thus involving a lot of 

equations and assumptions which sometimes lead to the problem being unrealistic 

(Richardson, 1979). Secondly, some models are very complex in terms of usability since they 

need users to have knowledge of mathematical models in order to interpret and understand 

their result formulation (Cain, 2017). Thirdly, most existing cholera traditional statistics and 

complex system models have limited the number of variables or parameter in order to be 

comprehensible and solvable (avoid complexities), thereby decreasing their prediction value. 

Fourthly, they lack flexibility which is one of the special aspects of any model (Schroeder, 

Meyer & Taylor, 2013). In addition, the higher the number of datasets or variables, the higher 

the complexity of the equation in terms of solving, iteration, interpretability, cost as well as 

computational performance in terms of speed, to mention a few (Foundation, 2007). Lastly, 

given the current world trend and direction, there is a lot of unmanageable volume and 

complexity of big data especially in the health sector. Consequently, it is complex to work 

with cholera traditional statistics and complex system models in some areas due to their 

limitations (Leskovec, Rajaraman & Ullman, 2014). Therefore, it is high time to explore 

other techniques in order to support and complement the useful task done so far by the 

traditional statistics and complex system models. 

2.4  Overview of How ML is Being Used in Healthcare Sectors  

It has been argued that the adoption of such advanced technologies as ML is rather necessary 

for the success of the health sector especially in the least developing countries (Kuhn et al., 

2004). This fact has been proven in several functionalities that ML can perform on data. For 









25 
 

stress on the fact that there is a need for an appropriate level of validation in order for these 

models to be considered in everyday clinical practice. 

Aljanabi et al. (2018) in Canada reviewed ML classification techniques that have been 

proposed to help healthcare professionals in diagnosing heart disease. In their review, they 

found out that most researchers have used data from the same source (UCI repository). In 

addition, they were able to list down what is required to be done in order to get effective 

model for accurate prediction of heart disease which include; a dataset with sufficient 

samples and correct date must be used; the dataset must be pre-processed accordingly 

because it is the most critical part for getting good results; also, suitable algorithm must be 

used when developing a prediction model; and lastly it was noticed that ANN performed well 

in most models for predicting heart disease as well as DT. 

Other ML disease prediction studies as summarized in Table 3 which include; the study done 

on identifying disease- treatment relations using ML approach by (Sairam & Rama, 2016), 

ML techniques to predict outbreaks and public opinion on health topics from social media by 

Signorini (2014), intelligent heart disease prediction system using ML by Dessai, (2013) and 

disease prediction using ML over big data by Krishnan and Kumar (2018), sentimental 

analysis using ML techniques to predict outbreaks and epidemics by Adhikari et al. (2018), 

malaria outbreak prediction using ML (Sharma et al., 2015; Sharma et al., 1988; Wang et al., 

2019; Kalipe, Gautham & Behera, 2018), deep learning for epidemiological predictions 

(Chae, Kwon & Lee, 2018) and analysis of prediction accuracy of heart diseases using 

supervised ML techniques for developing clinical decision support systems (Kiruthikaa & 

Yuvaraj, 2018) to mention a few. 
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2.4.2  Imbalance Healthcare Data with ML  

In most cases, when working with healthcare datasets, spam filtering, fraud detection and 

especially data from least developing countries, there is a high possibility of high data 

imbalance, poor quality, missing information and other uncertainties. Imbalanced classes are 

a very common problem in ML classification where there are disproportionate rations of 

observations in each class (Aida, Shamsuddin & Ralescu, 2015). However, the imbalanced 

data problem can be handled using a confusion matrix which is a table showing correct 

predictions and type of incorrect predictions, precision, recall, F1-score, sampling and 

generating synthetic samples techniques (Amin et al., 2016). The following a few studies that 

handled imbalance class; The study done by Aida et al. (2015), to formulate a hybrid-

techniques by joining generic and Support Vector Machine (SVM) algorithms using wrapper 

approach in order to analyse five different datasets (Iris, diabetes, breast cancer, heart and 

hepatitis diseases). The process of joining two algorithms increase the analysis accuracy to 

80% of iris disease, 78.26% of diabetes, 76.20% of breast cancer, 84.07% of heart disease 

and 86.12% of hepatitis disease. The other study was done by (Siettos, 2018) on the on-going 

Yemen cholera outbreak using a system of four extreme-gradient boosting (XGBoost) ML 

models which can forecast the number of new cholera cases 2 weeks to 2 months in advance 

within a margin of just 5 cholera cases per 10 000 people in real-world simulation. To 

address the need for a complex, reliable model, the author used Feature Engineering and 

Cholera Artificial Learning Model (CALM); a system of four XGB ML models. However, 

the model fails to predict sudden spikes due to either lack of information many weeks prior or 

the events preceding a sharp outbreak not having occurred yet. 

Other reviewed studies are summarized in Table 4 which include the study done on ML from 

imbalanced datasets 101 (Provost, 2000; Hoens & Chawla, 2013) in the USA, presented an 

overview of sampling strategies as well as classification algorithms developed for countering 

class imbalance. In this study imbalanced datasets: from sampling to classifiers learning from 

imbalanced dataset: a comparison of various strategies (Scotia, 2000), experimental 

perspectives on learning from imbalanced data (Hulse & Khoshgoftaar, 2002), classification 

with class imbalanced problem (Aida et al., 2015), class imbalance problem in data mining 

(Journal & Science, 2013). 
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3.2  Development of Climatology-Aware Health Management Information System 

During the review of the requirements for the prediction of cholera epidemics, it was 

observed that most of the health information systems do not collect quality, complete and all 

essential data. Due to this fact most of the collected dataset for cholera had a lot of missing 

information and of very poor quality; therefore, it was very necessary for this study to 

propose as well develop and evaluate a system for linking collection of healthcare and 

weather variables which will enable future researchers to collect quality data. The system will 

be termed as Climatology-aware HMIS due to the fact that it collects weather variables which 

after a long duration of years; the collected weather variables will form climate dataset. The 

development of Climatology-aware HMIS followed design science research methodology 

(DSRM) which consists of three stages: (a) problem identification (b) solution design and (c) 

evaluation and validation. The study chose DSRM because it is outcome-based methodology, 

which offers guidelines for evaluation and iteration within the project. In addition, DSRM 

focuses on improving the functional performance of the interfaces (Geerts, 2011). 

3.2.1  Problem Identification Stage  

In the problem identification stage, we first conducted again a literature review to determine 

which weather variables are known to be important for Cholera epidemic analysis and 

prediction, and which of these have been integrated into HMIS in the literature. The study 

then aimed to determine the status of use of these enhanced HMIS in Tanzanian hospitals. 

Then, conducted interviews followed by observation session with a total of 30 participants 

from Dar es Salaam and Kilimanjaro regions. The study selected 30 participants only due to 

the fact that an intensive literature review on HMIS was done prior this interview session. 

The participants consisted of 19 males and 11 females, with an average age of 32 years old 

and an occupation ratio of 60% from the health sector, 30% from the ICT sector and 10% 

from other sectors. During the interview session, we asked questions such as:  

(i) How many environmental factors are included in your HMIS? 

(ii) How did you decide on the environmental factors to include into HMIS? 

(iii) How do you collect and use environmental data combined with patient diagnosis 

data? 
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(iv) What should be done in order to enhance Cholera epidemics analysis linked with 

environmental factors, particularly the climatology variables?  

(v) Is climatology factor essential for Cholera analysis and how? 

(vi) What challenges do you face in the currents HMIS towards compiling reports for 

Cholera epidemics in Tanzania?  

Notes were taken during the interview and an inductive coding approach was used during the 

analysis. Then, the frequencies of responses were tabulated in order to determine the most 

included features and the reason for their inclusion. We also tabulated responses on reason 

for exclusion of the other. 

3.2.2  Solution Design and Development 

Rapid Application Development (RAD) approach was used for solution design because of the 

short and iterative development cycles with high-quality results of information systems (Lank 

et al., 2006) that it offers. A total of eight iterations were conducted. Then, the evaluation 

process of user interface design, features and functionality followed as well as the 

performance (speed) and security factor using high-fidelity prototypes developed with Java 

Server Page (JSP), JavaScript and Java codes, MySQL and JSON. 

3.2.3  Evaluation of the developed system  

For system evaluation, a field study of two months was conducted. At the start of the field 

study, the following particulars were assessed which include; the aim of system evaluation, 

the selected study area, suitable months to conduct the study, required number of participants 

and their role in the hospital through questionnaires. The study consisted of 22 students from 

Muhimbili University of Health and Allied Sciences (MUHAS) and University of Dar es 

Salaam (UDSM) who are in the field of ICT and cholera management. The medical students 

consisted of 10 males and 12 females, with an average age of 30 years old and a specialty 

ratio of 60% from waterborne epidemics, 30% from the e-Health systems and 10% from 

medical administration. Questionnaires focusing on whether the developed system will truly 

enhance the epidemic analysis of cholera with linkages to environmental factors particularly 

the seasonal weather variables were deployed. Then, data from questionnaires were analyzed 

statistically using the Statistical Package for Social Science (SPSS) (Arkkelin, 2014).  
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6800 observations with 18 variables. The 18 variables of the patients included; region, 

district, ward, age, sex, occupation, data on set, diarrhoea symptoms, vomiting symptoms, 

severe diarrhoea symptoms, laboratory result, outcome, water sources, eating place, rainfall, 

temperature, humidity, wind and political economy. Based on the literature and nature of the 

data the following pre-processing techniques were performed; 

The first stage of data pre-processing was data cleaning which recognizes typographical 

errors, incorrect, imprecise, partial, inappropriate parts of the data from the datasets. The 

cleaning process also involved ignoring tuples which contained missing values and alter 

values compared to a known list of variables in the dataset. Given the cleaning process, there 

was no misspelling error, but there were 32 missing weather data. This was addressed by 

visiting TMA offices in order to cross-check the received data so as to fill the missing values. 

Duplicates were identified and cleared and data inconsistencies were corrected in order to 

obtain similar values or observation of a variable. Precisely, data cleaning consisted of the 

following steps as shown in Table 6. All steps were run repetitively on the data till all 

problems related to data quality were solved. 

Table 6: Data Cleaning Stages 
Steps Description 

Data Analysis Dirty data detection by reviewing the dataset and quality of data. 

Define Workflow Define the cleaning rules which included; use of expectation maximization in 

handling missing values. 

Execute defined rules Rendering the defined rules on the source dataset process and display result 

in clean data. 

Verification Verify the accuracy and efficiency of cleaning rules with the responsible 

offices, literature and user requirements.   

The second stage of data pre-processing was data integration which assisted in merging data 

derived from different sources of data into a consistent dataset. In the process the integration 

process followed uniformity of standard measure as described in Table 5. Then, all files were 

integrated using advanced Microsoft Excel techniques. 

The third stage of data pre-processing was data transformation which assisted in transforming 

all data into a format suitable for analysis. For example, values of LabResult variables which 

were positive and negative were transformed into 1 and 0 respectively.  
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Figure 12: Patients Distribution across Districts 
 

 

Figure 13: Clean and Waste Water Distribution per Districts 
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Figure 14: Rainfall Distribution per Months 
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Figure 15: Patient Distribution per Months 




















































































































































































