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ABSTRACT 

Water-borne diseases such as cholera often leads to other devastating 

illnesses. Most existing works developed a number of predictive 

models for environmental health related diseases with less emphasis on 

water-borne diseases. Hence, this research developed predictive model  

for cholera disease using Fuzzy Logic (FL).  

 

Index Terms: Fuzzy Logic, Model, Predicting and Water Borne Diseases.  

 

INTRODUCTION 

ATER is an indispensable element to survival of both plants and animals, hardly can any 

plant or animal survive without water for certain limited period of time. The type of water in 

a particular environment has either positive or negative impact on the people living in the 

environment. Its uses in all living things cover a huge variety of everyday functions which are 

immeasurably important to the continuity of the organism. Water is a regional resource, but 

water shortage is becoming a global issue due to increasing population, economic growth and 

climate change. Water-borne diseases are any illness caused by drinking water contaminated 

by many factors such as human or animal faeces, which contain pathogenic microorganisms 

(Lenntech, 2014) Water borne diseases spread by contamination of drinking water systems 

with the urine and faeces of infected animal or people. In Nigeria, contaminations of drinking 

water with pathogens have also been reported in several towns (Bai et al., 2007). Water-borne 
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outbreaks of enteric diseases have occurred either when public drinking water supplies were 

not adequately treated after contamination with surface water or when surface waters 

contaminated with enteric pathogens have been used for recreational purpose (Johnson et al., 

2003) Today, only 58% of Nigerians have access to safe water (UNICEF and WHO, 2012).  

Thus, many households have to resort to drinking water from wells and streams especially in 

the rural and sub-urban communities.  These water sources are largely untreated and might 

harbor water-borne and vector-borne diseases such as cholera, typhoid fever, diarrhoea, 

hepatitis and guinea worm (Rahman et al. 2001; Adekunle, 2004; Fenwick, 2006). In 

developing countries, particularly in Nigeria,  the two main water problems man contends 

with are the quantity  and  quality  of  water (Adeniyi, 2004; Olajuyigbe, 2010).  In  view  of  

its  occurrence  and distribution  pattern,  water  is  not  easily  available  to  man  in  the 

desirable  Amount and quality. These  factors  have  led  to  the  growing  rate  of  water 

borne   diseases   like   typhoid   fever   and   cholera experienced  in  this  part  of  the  world  

(Edwards, 1993). 

 

The link between the problem of attaining safe clean water and high incidence of water borne 

diseases has not been clearly understood (Mudundulu, 2011). This is a serious problem that 

affects people all over the world, national as well as in local communities, but those living in 

the third world is especially the most affected. From literature, a number of predictive models 

have been developed by Chun Xiang et al. (2013), Fakai et al. (2013), Idowu et al. (2012), 

Koepke et al. (2014) and Ibrahimmal et al. (2013) to deal with different water related 

problems. However, these models did not take into consideration some factors that causes 

cholera disease after fetching water from a good source. Hence, this research developed a 

model for predicting the likeklihood of cholera using fuzzy logic. The most prominent 

reasons that justify the use of fuzzy logic systems today are (Aramideh et al, 2014): 

a. The sophistication of the natural world which leads to an approximate description or a 

fuzzy system for modeling; and 

b. The necessity of providing a pattern to formulate mankind knowledge and applying it to 

actual systems.  

 

The process of development of the fuzzy inference system needed for the prediction of water 

related disease may be summarized as follows: 

 Fuzzification of inputs and outputs; 

 Construction of the inference engine; 
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 Rule aggregation; and 

 Defuzzification of output variables. 

 

The aim of this work is to develop a fuzzy logic model for predicting the likelihood of 

cholera disease. The specific objectives are to: examine the variables causing cholera in 

southwestern of Nigeria; formulate a fuzzy logic model for predicting the likelihood of 

cholera disease; simulate the formulated model in a matlab environment; and validate the 

formulated model based on the simulation results and the cholera disease historical data. 

Owing to the menace of cholera disease in Nigeria, this paper develop a predictive model to 

forecast the likelihood of cholera disease in Nigeria, to address the problems associated with 

water-borne disease. This will help the environmental health workers to educate people and 

aids in effective decision-making. This research work was limited to the development of a 

model that could predict the likelihood of water-borne disease (cholera) in south-western 

Nigeria. The south western Nigeria was used as a case study for Nigeria. Four local 

government areas were randomly selected from each state and South western Nigeria 

comprises of six states. 

 

I. Related Works 

Idowu (2012) Worked on development of a web based geo-spatial environmental health 

tracking system for Southwestern Nigeria studied and assessed the problem of environmental 

health, developed a spatial environmental health data and predictive models to forecast the 

likelihood of environmental health related diseases. This was with a view to prototyping the 

models for environmental health tracking. Data were collected from purposively twenty four 

local government areas within Southwestern Nigeria comprising of four local government 

areas from each of the six states. Observation and personal interview (both structured and 

unstructured) were also used to identify and assess environmental health problems within 

Southwestern Nigeria. The design of a spatial environmental health data model was done 

using the unified modelling language (U`ML). The model to predict the likelihood of 

environmental related diseases based on environmental health problems was formulated using 

the MATLAB Fuzzy Logic Toolbox. The prototype was developed using MySQL and PhP 

codes. Data collected from the local government areas was used to validate the performance 

of the model. The result showed that, when general sanitation, water, toilet facility and refuse 

disposal facility had probability of 0.000, the probability that environmental related diseases 

could occur was 0.870. If general sanitation, water, toilet facility and refuse disposal facility 
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had probability of 0.500, then the probability that environmental related diseases could occur 

was 0.581. Also, if general sanitation, water, toilet facility and refuse disposal facility had 

probability of 1.00, then the probability that environmental related diseases could occur was 

0.130. In addition, the performance assessment of the environmental health tracking system 

was done on three occasions and the average value for the three occasions was recorded. The 

system was accessed for 4 different xv mobile broadband networks at the radius of 100m 

away from their base stations. It was observed that on the average for the 4 mobile broadband 

networks, the response time were 2.60, 2.60, 3.00 and 3.00 seconds respectively. On the 

average, the response time to access the system in any mobile broadband network in Nigeria 

is 2.80 seconds. In conclusion, the environmental health tracking system allows real time 

tracking of environmental health problem with the ability to forecast the possibility of 

environmental health related diseases within the study area.  

 

III MATERIALS AND METHODS 

A. Research design 

In this paper, a fuzzy logic-based prediction model is proposed with the aim of predicting the 

likelihood of water-borne disease in South western Nigeria.  In order to achieve this, the 

research design presented in Figure 1 was used.  The study started with the identification of 

the problem of predicting water related disease likelihood given a number of 

symptoms/factors considered as input variables (3 in all).  A review of related literature was 

performed to identify understand water related disease and its symptoms in addition to related 

works done in the past.  Following this, knowledge was elicited from an expert (medical 

practitioner) located at the primary health Centre Osogbo, osun state  Federal Medical Center 

Owo, Ondo State in understanding and verifying the information concerning water related 

disease symptoms. The elicited knowledge was used to build the inference engine of the 

proposed system. This is part of the model formulation technique which also includes the 

fuzzification of the input and output variables.  the model formulation is made complete by 

the identification of the aggregation method chosen for the inference engine alongside the 

defuzzification method required for producing the output variable which is the likelihood of 

water related disease –cholera-(No and Yes). 
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Figure 1: Schematic diagram of the model. 

 

B. Data identification and collection 

A number of symptoms/factors are known to be connected to cholera disease, among all these 

factors only three were identified as being the most important and relevant symptoms: the 

level of fetal water borne disease.  This information was collected via structured interview 

with the medical practitioner who identified the factors and emphasized 3 main factors which 

are most easily used in identifying the likelihood of cholera disease based on his experience 

in medical practice.  The water borne disease likelihood is defined as either: 0%, between 

50% and 100%, and greater than 50%; the cholera was classified as either No, probable  and 

high while the degree of likelihood of cholera is classified as either less than 50% and greater 

than or equal to 50%. 

 

In addition to the identification of the data variables, an understanding of the pattern of 

distribution was important in identifying the best membership function that could be used in 

plotting the labels of each variables. The number of rules required by the fuzzy logic 

inference system was calculated by multiplying the labels of each variable with each other; 

therefore were 3*3*3 = 27 different rules Indicated in Table 1.  This information was 

necessary in the development of the fuzzy logic inference system. 

 

C. Fuzzy logic model formulation 

In order to develop the fuzzy logic system required for the prediction of the likelihood of 

cholera disease, a number of activities are needed to be accomplished. The Fuzzy Logic 
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System available in the Fuzzy Logic Toolbox of the Matrix Laboratory 8.1(R20013a) 

software has three parts: 

A. A set of Inputs represented by their respective membership functions; 

B. An Inference Engine which contains the IF-THEN rules (domain knowledge); and 

C. An Output represented by its membership functions. 

 

The membership functions was used to map the values of each input and output variables into 

a [0,1] interval with the use of triangular membership functions (was appropriate); this 

process is referred to as a Fuzzification process. After Fuzzification; the fuzzified inputs must 

be mapped to the fuzzified output via the use of operators (AND, OR and NOT) to develop 

IF-THEN rules that describe the relationship between every input (water borne likelihood 

factors) and output (likelihood of the disease) variable indicated in Figure 1. The different 

rules are used to generate different results which are then aggregated to just one fuzzified 

output. This fuzzified output will then be defuzzified using the centroid method which selects 

the centre of the polygon to determine the label of the output variable as high, probable or 

No. 

 

D. Defining membership functions 

Before the process of Fuzzification, it is very important to properly describe the crisp values 

that were used in mapping the values of the membership function which was needed by the 

fuzzy logic system.  For the discrete variables with nominal values or Boolean (yes/no) – the 

values: 0, 1, 2…... n-1 was assigned to each value for n labels; this is the case for cholera as 

NO=0, propable=0.2-0.4 and Yes=1.  For the continuous variables which are measured; a 

value of the percentage expressed as a proportion of 0, 0.5and 1 was used, i.e. 0%, 50% and 

100% respectively into the appropriate membership functions. 

 

E. Fuzzification of the variables 

For this paper, the triangular and trapezoidal membership functions were used to map the 

degree of membership of the labels of each variable used both input and output variable.  

Following is a description of each variable and the type of membership function used for the 

labels alongside the ordered pair that was used in mapping the degree of membership for each 

variable’s label. 

a. The cholera outbreak prediction model 

Source of Water = (No 

Consumption of unsafe water  
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Waste Disposal Method 

For the development of the Likelihood of Cholera diseases Outbreak model; the input 

variables are: 

a. Source of Water; 

b. Consumption of unsafe water; and 

c. Waste disposal method. 

 

Likelihood of Cholera Disease: No (0), Probably (0.5) and High (1.0) indicated 

Likelihood of cholera Disease = (No [-0.25 0 0.25], Probably [0.25 0.5 0.75], Yes [0.75 1 

1.25]). 

 

Following are the classification of the degree of membership of each output variable: 

Likelihood of Cholera Disease: No (0), Probably (0.5) and High (1.0) indicated in Table 1. a 

For the likelihood of cholera disease, they are: 

 

i. If (Source of Water = Good) and (Consumption of Unsafe water = No) and (waste disposal 

method = Good) then (Likelihood of cholera disease = No); and 

ii   If (source of water = Poor) and (consumption of unsafe water = Yes) and (waste disposal 

= Poor) then (Likelihood of cholera disease = Yes). 

 

Table 1: Rule Base for cholera disease prediction model. 

Rule# 
Source 

of Water 

Consumption of unsafe 

water 

Waste disposal 

method 

Likelihood of 

Cholera Disease 

1 Good Never Good No 

2 Good Never Fair No 

3 Good Never Poor No 

4 Good Sometimes Good No 

5 Good Sometimes Fair No 

6 Good Sometimes Poor Probably 

7 Good Yes Good Probably 

8 Good Yes Fair Probably 

9 Good Yes Poor Probably 

10 Fair Never Good Probably 

11 Fair Never Fair Probably 

12 Fair Never Poor High 

13 Fair Sometimes Good No 

14 Fair Sometimes Fair No 

15 Fair Sometimes Poor Probably 

16 Fair Yes Good Probably 

17 Fair Yes Fair Probably 

18 Fair Yes Poor High 
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19 Poor Never Good No 

20 Poor Never Fair Probably 

21 Poor Never Poor High 

22 Poor Sometimes Good Probably 

23 Poor Sometimes Fair High 

24 Poor Sometimes Poor Probably 

25 Poor Yes Good Probably 

26 Poor Yes Fair High 

27 Poor Yes Poor High 

 

F. Simulation of the Formulated Fuzzy Logic Model 

The simulation and analysis of FIS model was done in the MATLAB environment using 

historical water-borne disease data. After the development of the Fuzzy Inference System for 

the prediction of the likelihood of water-borne disease in south-western part of Nigeria, the 

developed model was simulated for their functionality and effectiveness. In the simulation of 

the model, information from 27 patients who were diagnosed by doctors in a hospital in 

south-western Nigeria was taken; twenty seven (27) was taken for cholera disease. The 

variable that was used by the doctors in diagnosing the disease was used as inputs for the 

model developed using the fuzzy logic inference engine. 

 

G. Validation of the developed Fuzzy Logic Model  

The simulation result for the model and historical data were used to validate the performance 

of the model to judge the performance of the result of the model developed.  This was done 

with the use of a confusion matrix.  The confusion matrix gave the results of the actual result 

along the horizontal/row while the predicted results are on the vertical/columns.  Correct 

classifications were plotted along the diagonal from the North-west position for the no cases 

predicted as no, followed by probably predicted as probably and high predicted as high on the 

south-east corner (also called true positives and negatives). The incorrect classifications were 

plotted in the remaining cells of the confusion matrix (also called false positives).   

 

The developed model was validated for the functionality and effectiveness. In the validation 

of developed model; information from 27 patients who were diagnosed by doctors in a 

hospital in south-western Nigeria was taken; twenty seven (27) was taken for cholera disease.  

The variable that was used by the doctors in diagnosing the disease was used as inputs for the 

model developed. The data collected for the cholera disease likelihood contained 6, 16 and 5 

cases for No, Probably and high respectively. The validation of the developed model was 

carried out using t-test. Two hypotheses were identified for the test. The data analysis is 
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carried out using Table 2. 

 

Let the null hypothesis be and the alternative hpothesis be   

H0: There is no significant difference between the simulated and real data 

H1: There is significant difference between simulated and real data. 

1

1
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X
X n
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2
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                    (3.7) 
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8 4 8 3.1111 2

16 9
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                     (3.8)       

0
calt    

tablet -at the level of significan t 0.05 is given by 1.75. 

Since 
calt is less than  

calt 
tablet , then, the null hypothesis 0H is accepted while the 

alternative hypothesis 1H is rejected. Therefore, it can be concluded that there is no significant 

difference between the simulated and real data. 
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Table 2: Data Analysis Table. 

Actual 

likelihood 

(
1X ) 

Predicted 

likelihood 

(
2X ) 

1

2X  2

2X  

4 5 16 25 

9 7 81 49 

2 3 4 9 

5 4 25 16 

7 8 49 64 

3 3 9 9 

4 3 16 9 

6 6 36 36 

5 6 25 36 

2
45X     

2

2
253X   

 

I. Fuzzy logic model formulation results 

The formulation results for membership functions that were developed for the model are as 

follows: 

Cholera disease likelihood prediction model 

 

Each membership function for cholera disease model is described as follows: Source of 

Water = (Good [-0.25 0 0.25], Fair [0.25 0.5 0.75], Poor [0.75 1 1.25]) 
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Consumption of unsafe water = (Never [-0.25 0 0.25], Sometimes [0.25 0.5 0.75], Yes[0.75 1 

1.25]) 

 

 

 

 

Waste Disposal Method = (Good [-0.25 0 0.25], Fair [0.25 0.5 0.75], Poor [0.75 1 1.25]) 

 

 

 

 

 

Likelihood of Cholera Disease = (No [-0.25 0 0.25], Probably [0.25 0.5 0.75], Yes[0.75 1 

1.25]). 
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Table 3: Results of testing Cholera Prediction model on patients. 

S. N. 
Source 

of Water 

Consum-ption of 

unsafe water 

Waste disposal 

method 

Likelihood of Cholera Disease 

Actual Predicted 

1 Good Poor Good No No 

2 Good Poor Fair No No 

3 Good Poor Poor No No 

4 Good Fair Good No Probably 

5 Good Fair Fair Probably Probably 

6 Good Fair Poor Probably Probably 

7 Good Good Good No No 

8 Good Good Fair Probably Probably 

9 Good Good Poor Probably Probably 

10 Fair Poor Good No No 

11 Fair Poor Fair Probably Probably 

12 Fair Poor Poor No No 

13 Fair Fair Good Probably Yes 

14 Fair Fair Fair Probably Yes 

15 Fair Fair Poor Probably Probably 

16 Fair Good Good Yes Yes 

17 Fair Good Fair Probably Probably 

18 Fair Good Poor Probably Probably 

19 Poor Poor Good Yes Yes 

20 Poor Poor Fair Probably Probably 

21 Poor Poor Poor Probably Probably 

22 Poor Fair Good Probably Probably 

23 Poor Fair Fair Probably Probably 

24 Poor Fair Poor Probably Probably 

25 Poor Good Good Yes Yes 

26 Poor Good Fair Probably Probably 

27 Poor Good Poor Yes Probably 
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Figure 2: Schematic diagram of model for Cholera Disease Likelihood Prediction. 

 

A. Simulation Result of the formulated Fuzzy Logic Model 

The simulation result of the model recorded using the data collected from twenty seven (27) 

patients as shown in Tables3 is depicted in Figures 2 and discussed as follows; The model 

provided a view also called the surface view which shows the relationship between each 

variable with respect to the likelihood of water-related diseases which in the case of this 

research is Cholera. 

 

The result of cholera FIS model reflected in Figure3  showing the relationship between two 

variables with respect to the likelihood of cholera that is, the relationship between 

consumption of unsafe water and the source of water which indicates the following 

observations: the 

 

likelihood of cholera disease is No and Probably (0 – 0.5) if the consumption of unsafe water 

is Never and Sometimes (0.0 – 0.6) and the source of water is also good (0 – 0.2) also, the 

likelihood of cholera disease is Probably and High (0.5 – 1.0) if the consumption of unsafe 

water is Yes (0.6 – 1.0) and the source of water is fair and high (0.2 – 1.0).  Figure 4 surface 

diagram shows the relationship between waste disposal method and consumption of unsafe 

water which indicates the following observations: the likelihood of cholera disease is No and 

Probably (0 – 0.5) if the waste disposal method is Good and fair (0 – 0.7) and the 
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consumption of unsafe water is Never and Sometimes (0 – 0.7) also, the likelihood of cholera 

disease is Probably and High (0.5 – 1.0) if the waste disposal method is Poor (0.7 – 1.0) and 

the consumption of unsafe water is Yes (0.7 – 1.0) 

 

 

Figure 3: Surface diagram of relationship between consumption of unsafe water and 

source of water. 

 

 

Figure 4: Surface diagram showing the relationship between waste disposal method and 

consumption of unsafe water. 
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B. Validation Result of Water-borne Disease Prediction Models 

The validation results of developed model for the cholera disease likelihood prediction model 

is shown in Figure 5 and depicted in Table 4 and, out of the total 27 cases there were 23 

correct classifications and 4 incorrect classifications which showed the following 

distributions. Out of the 7 No cases, 6 was correct while 1 was probably. Out of the 16 

probably cases, there was 14 correct classifications and 2 misclassification as yes.  Out of the 

4 High cases there was 1 misclassification and 3 correct classification. 

 

The validation results of developed model for the cholera disease likelihood prediction model 

is shown in Figure 5 and depicted in Table 3 and, out of the total 27 cases there were 23 

correct classifications and 4 incorrect classifications which showed the following 

distributions. Out of the 7 No cases, 6 was correct while 1 was probably.  Out of the 16 

probably cases, there was 14 correct classifications and 2 misclassification as yes.  Out of the 

4 High cases there was 1 misclassification and 3 correct classification. The number of correct 

classifications shows that the cholera disease prediction model has an accuracy of 85.19% as 

shown Table 5. 

 

Figure 5: Confusion matrix for the result of the cholera disease prediction 

 
 

Table 4:  Results of the test of prediction models showing the actual and predicted 

results. 
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CONCLUSION 

The Study developed predictive model for cholera disease. The model identified the risk 

factors of cholera from public health officers in south-western Nigeria. Data was collected 

from 27 patients for cholera based on the identified risk factors. The study used triangular 

membership functions with three (3) values to fuzzify the input variables of the identified 

water-borne diseases.Rules were formulated by the environmental health officers for the 

construction of the inference engine of the fuzzy inference system of the prediction model for 

cholera disease.  

 

Simulation of the developed fuzzy logic model was carried out using the MATLAB software 

for the choleral disease in this study.  Three fuzzy logic models were formulated for cholera. 

The study identified  

 

Table 5: Performance evaluation results of the validation of the cholera, Diarrhoea and 

Dysentery diseases likelihood prediction models. 

 

 

Source of water, consumption of unsafe water and waste disposal methods as factors of 

cholera. The study validated the fuzzy logic model for the cholera disease based on the data 

collected.  The study concluded that based on the validation of the model, it was observed 

that the fuzzy logic model had performance of at least 70% with the model for cholera having 

85% accuracy The study concluded that the fuzzy logic model would provide an effective 

means for the detection and management of cholera disease thereby improving decision-

making process. 
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