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Abstract

Objective: The aim of this study is to optimize the performance of an Adaptive Neuro-Fuzzy Inference System
(ANFIS) in terms of its connection weights which is usually computed based on trial and error when used to diagnose
Typhoid fever patients.

Methods: This research proposed the use of Genetic Algorithm (GA) technique to automatically evolve optimum
connection weights needed to efficiently train a built ANFIS model used for Typhoid fever diagnosis. The GA module
computes the best set of connection weights, stores them, and later supplies them to the corresponding hidden layer
nodes for training the ANFIS. The medical record of 104 Typhoid fever patients aged 15 to 75 were used to evaluate
the performance of the multi-technique decision support system. 70% of the dataset was used training data, 15%
was used for validation while the remaining 15% was used to observe the performance of the proposed system.

Results: From the evaluation results, the proposed Genetic Adaptive Neuro Fuzzy Inference System (GANFIS)
achieved an average diagnosis accuracy of 92.7% compared to 85.4% recorded by the ANFIS method. It was
equally observed that the diagnosis time was much lower for the proposed method when compared to that of ANFIS.

Conclusion: Therefore, the proposed system (GANFIS) has the capability to attenuate the key problems
associated with Neuro-Fuzzy Based diagnostic methods if fully embraced and as well it could be adopted to solve

challenging problems in several other domains.

Keywords: Decision support system; Fuzzy logic; Neural network;
Genetic algorithm; Typhoid fever; Diagnosis

Introduction

The administration of efficient healthcare services has been a major
challenge in developing countries due to inadequate healthcare delivery
personnel and the inappropriate diagnostic techniques often adopted.
In most parts of the tropics, the diagnosis of TF is based on smear
microscopy and Widal test, while in rare cases it includes bacterial
culture [1]. However, in rural settings of Africa, clinical diagnosis
(based on symptoms) remains the only option for TF diagnosis and
this makes accurate diagnosis unlikely. Research has equally reported
poor diagnosis as a major hindrance to efficient management of TF in
developing countries. Several factors includinglack of good water supply,
high prevalence of asymptomatic infections in rural communities,
improper waste management system, insufficient access to trained
healthcare providers, inadequate healthcare facilities, and widespread
practice of self-treatment for clinical suspected TF, contributes to poor
diagnosis of TF in the tropics [1,2]. Acute TF may be severe depending
on the clinical setting and the quality of available medical care, up
to 10% of typhoid patients may develop serious complications [3].
Accurate and timely diagnosis often aids the administration of therapy
which at the long run improves patients” health status [4].

Quite a number of methods have been proposed for the Diagnosis
of TF [5-9]. Among these methods, Neuro-Fuzzy based approach seems
promising because of its high level of diagnosis accuracy. In short, the
problem with neural networks (NN) is that a number of parameter
such as optimal number of hidden nodes, selection of the relevant input
variables and selection of optimal set of connection weights has to be
set before training can begin [10]. However, there are no clear rules
on how to set these parameters. Yet these parameters determine the
success of the training of the neural network [11]. Despite the promising

results produced by neuro-fuzzy based system when used for medical
diagnoses, a lot of time is required to determine the connection weights
needed to effectively train the neural network module. This often leads
to high computational cost and constitutes a major setback to the real
life implementation of neuro-fuzzy based systems.

This research proposes an enhanced diagnostic decision support
system which adopts genetic algorithm technique to optimize the
performance of a neuro-fuzzy diagnostic method. The proposed system
consists of a Fuzzy logic (FL) component which uses Mamdani inference
technique, and takes as input the key attributes of TF diagnosis, the
NN component was designed to compute the membership function
parameters needed by the FL module for prediction, while the Genetic
Algorithm component was designed to automatically generate a set of
optimal connection weights needed to efficiently train the NN. The
proposed system is built with the aim of providing a decision support
platform with the capability to aid medical practitioners in administering
efficient diagnosis outcome for TF patients. The remaining part of this
paper is structured as follows: Section 2 presents review of related work;
Section 3 presents the architecture of the proposed system, method and
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materials adopted by the research; Section 4 presents experiment and
results; Section 5 presents the evaluation results of the proposed system;
while Section 6 presents the conclusion of the research.

Research Background
Soft computing

The understanding, processing or solving of complex problems
require intelligent systems that combine knowledge, techniques and
methodologies from various sources [12]. Therefore, intelligent systems
should aggregate human knowledge in a specific domain, adapt and
learn the best way possible in environments that are constantly changing.
For this reasons, it is of great advantage to use several computational
techniques instead of just one, which is the essence of our genetic-
neuro-fuzzy technique: genetic algorithm which generate optimal set
of solutions from a given population, neural networks that recognize
patterns and are able to adapt to changes and the fuzzy inference system
that incorporates human knowledge for making decisions. Typically a
fuzzy system incorporates a rule base, membership functions and an
inference procedure and has been recording success in systems that
handles ambiguous elements [13,14].

Fuzzy logic

Fuzzy Logic (FL) is a form of many-valued logic which deals with
reasoning that is approximate rather than fixed and exact. Compared
to traditional binary sets (where variables may take on true or false
values), fuzzy logic variables may have a truth value that ranges in
degree between 0 and 1 [15]. Due to the flexibility of FL concept,
Fuzzy Logic Systems (FLSs) have attracted growing interest in modern
information technology, production technique, decision making,
pattern recognition, data mining, and medical diagnosis among others
[16-19]. FL has found a variety of applications in industrial process
control and securities trading [20-23]. It has equally been employed in
the modeling of medical diagnosis systems [24-27]. Figure 1 presents
the architecture of a typical FLS.

A typical FLS is strongly based on the concepts of fuzzy sets,
linguistic variables and approximate reasoning. The fuzzifier transforms
crisp inputs into fuzzy values while the Fuzzy Rule Base makes up the
Knowledge Base which stores relevant data and knowledge of human
experts in a specific domain; the Decision-making unit combines
all the fired rules for a given case and makes inference; while the
defuzzifier converts fuzzy results into a crisp value for easy analysis and
interpretations.

Generally, when a problem has dynamic behavior and involves
several variables, FL technique can be applied to solve such problem
[28]. However, a major problem of the FLSs is the determination of
its fuzzy sets and fuzzy rules which require deep knowledge of human
experts in a particular domain [5]. The Membership Functions (MFs)
of FLSs are arbitrarily chosen, therefore fixed in nature. Generally, the
shape of the MFs depends on certain parameters that can be adjusted.
Rather than choosing the MF parameters arbitrarily, the neural network
learning and tuning techniques provides a method for the FLS to learn
information about a given dataset in order to automatically compute its
MEF parameters.

Neural networks

Neural Networks (NNs) are a family of statistical learning
algorithms inspired by biological neural networks (the central nervous
systems of animals, in particular the brain) and are used to estimate or
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Figure 1: Basic architecture of a fuzzy logic system.

approximate functions that can depend on a large number of inputs.
They are equally seen as large number of highly inter-connected
processing elements (nodes) that demonstrate the ability to learn and
generalize from training patterns or data. Research has proved NN as an
excellent tool for developing systems that can perform the same type of
information processing tasks that our brain performs [29,30]. NN was
traditionally referred to as a network or circuit of biological neurons
[31]. Figure 2 shows the model of a perceptron (A single layer NN).

The perceptron is a single layer NN whose weights and biases could
be trained to produce a correct target vector when presented with the
corresponding input vector. The training technique used is called the
Perceptron Learning Rule. A Perceptron is especially suited for simple
problems in pattern classification. The inputs received by a single
processing element (depicted in Figure 2) can be represented as an
input vector X, = (X, X,), where X, is the signal from i" input. A weight
is associated with each connected pair of neurons. Hence, weights
connected to the j* neuron can be represented as a weight vector of
the form Wj = (le’ sz), where Wij represents the weight associated to
the connection between the processing elements X, and X respectively.
Y which is the output represents the activation function (f) of the
weighted sum of all incoming signals.

A combination of NN and FL techniques provides a solution that
is capable of integrating the strength of both and eliminating their
weaknesses [32]. Therefore, this hybrid technique provide a method
that allows the NN model to learn the required information from
a given dataset and compute the MF parameters that best drives the
associated FIS [33]. Neuro-Fuzzy systems still suffer a major setback
in terms of optimal connection weights for the NN model. However,
optimization technique such as Genetic Algorithm could be employed
to solve this problem.

Genetic algorithm

The Genetic Algorithm (GA) is a method for solving both
constrained and unconstrained optimization problems that is based
on the principle of natural selection, a process that drives biological
evolution. GA employs a search technique based on the concept of
evolution [34], and in particular with the concept of the survival of
the fittest [35]. The technique is conceptually based on evolution
mechanism which works on population of solutions in contrast to other
search techniques that work on a single solution [36]. The workability of
GA is based on Darwinian’s theory of survival of the fittest. GA usually
contains a chromosome, a gene, a set of population, fitness function,
breeding, mutation and selection. GA technique begins with a set of
solutions represented by chromosomes, called population. Solutions
from one population are taken and used to form a new population,
which is motivated by the possibility that the new population will be
better than the old one. Further, solutions are selected according to
their fitness score to form new solution known as offspring. The above
procedure is repeated until certain conditions are satisfied [37]. Its basic
implementation involves the following processes: Initial population
generation; Fitness evaluation; and the Application of genetic operations
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Figure 2: Architecture of a perceptron neural network.

of Selection, Crossover, and Mutation and it usually provide acceptable
solution within a reasonable time frame when solving optimization
problems [38,39]. In summary, GA has the capability of evolving the
best set of connection weights for optimal training of NN. Therefore,
there is need to apply GA technique in order to automatically generate
a set of connection weight that would be used totrain the NN module.

Materials and Methods

Proposed system’s architecture

Figure 3 present the overall architecture of the proposed Multi
technique driven decision support system. It consists of a Knowledge
Base (KB), Genetic-Neuro-Fuzzy Inference Engine (GNFIE), Decision
Support Engine (DSE) and a User Interface which serves as a medium
for entering diagnosis variables and displaying diagnosis results. The
details of the components of Figure 3 are presented in subsequent
subsections.

The attributes considered for the diagnosis of TF after consultations
with medical experts and standard literature in the field of tropical
medicine is presented in Table 1.

Fuzzy logic component

The FL component of Figure 3 is made up of a fuzzifier, fuzzy
inference engine, and a defuzzifier. The fuzzifier converts crisp input
values to their corresponding fuzzy values. Assuming v is a fuzzy set of
diagnosis variables in V (Universe of Discourse) and X; represents an
element in v, then v is:

V= {(wav(xi))|x,~ eV,muv(xl.)e[O,l]} (1)

where p_ (x;) is the Membership Function (MF) of (X, ) in v and
it represents the degree of contribution of (x;) towards the diagnosis
outcome of TFE. The fuzzy set employed by this research to describe the
attributes of TF diagnosis consist of; very mild, mild, moderate, severe,
and very severe. Each diagnosis attribute in Table 1 is represented by a
linguistic term that belongs to the defined fuzzy set, while each linguistic
term has its associated numeric value. For example, the linguistic term
of the i diagnosis variable is defined by equation (2) as follows:

"Very Mild" if x =1
i
"Mild" if x =2
i
LT, = 4 "Moderate" if x =3
i
"Severe" if x =4
‘ 2)
"Very Severe" if x =5
i

ues of signs, symptoms, and

, i Patient Diagnasis Results
baratary investigation outcome

| User Interface |

—

DECISION SUPPORT ENGINE

Emational Filter
Cognitive Filter

of Typhoid Fever Patient i

KNOWLEDGE BASE

Genetic Algorithm

Neural Network

Inference Engine
Figure 3: Architecture of the proposed genetic adaptive neuro fuzzy inference
system (GANFIS).

SIN Category TF diagnosis attributes Code
1 Elevated Liver Function Test Q,
2 ) Blood Test Q,

Patient Laboratory

3 Investigation (PLI) Stool Test Q,
4 Urine Test Q,
5 Fever Q,
6 Headache Q,
7 Abdominal Pain Q,
8 | Patient Medical History Stomach Pain Q,
9 (PMH) Myalgia Q,
10 Lassitude Q,,
1 Loss of Appetite Q,
12 Vomiting Q,
13 Patient Physical Body Temperature Q,
14 Examination (PPE) Pulse Rate Q

=

Table 1: Categories of typhoid fever diagnosis attribute.

where LT represents thelinguistic term for the i" diagnosis variable,
i=1,2, 3,..,14; and X, (Qi) denotes the value of the i diagnosis
variable. Figure 4 shows the MF graph of input variables which
represents the degree of contribution for each input variable towards
the diagnosis outcome.

The knowledge of medical experts employed in the diagnosis of TF
is represented in the Rule Base using “If Then” construct. The number
of rules (NR) in each category of diagnosis attribute was computed
using equation (3)

NR=K" (3)

where K is the number of linguistic variables considered in the
fuzzy set, and » is the number of variables in each category of diagnosis
attribute. The rule base therefore contains rules that assume the
following format:

IF FEV is Mild AND HDA is Very Mild AND.... THEN TF is Mild.

where FEV and HDA are the input variables and “TF is Mild” is the
output of the diagnosis. Both the inputs and output have their associated
linguistic term drawn from the given fuzzy set above. Detail description
of the Fuzzy Inference System operation is presented in ref. [4].

Neural network component

The NN component of Figure 3 is made up of attributes of patient
medical history, patient physical examination, and patient laboratory
investigation. This component learns certain information from the
above modeled FIS in order to automatically generate the required
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Figure 4: Membership function graph of input variables.

ME. The resulting output at each stage of the NN model is given by
equations 4 and 5. The values of TF diagnosis variables (Q1-Q14) are
supplied to the network via the input layer and the outcome of each
category of diagnosis variables is determined at the hidden layer of the
network as shown in equation (4).

HL, = 3Q,* W, @

HL, is the Hidden Layer diagnosis result for the l'tf category
(node), n is the number of variables in HLi and Qi is the i" diagnosis
variable with corresponding weight W, .

OUTPUT, = D HL* W, (5)

The result of the NN output is computed by equation (5), where
W, s the connection weight of HL; result. Note that the neurons
in each layer are connected to the ones in the succeeding layer by a link
known as connection weight which is generated by the GA module in
order to produce the desired outcome.

Genetic algorithm component

The Genetic Algorithm (GA) component of Figure 3 evolves the
optimal connection weights for the NN component by providing the
best set of parameters for training the NN. The GA implementation
procedure adopted by this research work involves four basic steps
(Initial population generation, Selection, Crossover, and Mutation)
[40,41]. GA is classed into two based on the level at which learning
is modeled. A first possibility is a model of population learning where
rules specifying some actions are set up. A number of variations have
been developed to improve performance of GAs on problems with a
high degree of fitness epistasis. In this possibility, learning is modeled
before exploiting the beneficial phenotypic interactions of the genes
and as such, they are aligned with the building block hypothesis in
adaptively reducing disruptive recombination. Hence, fitness of a rule
is determined by members of the population executing their specified
action, and thus observing a feedback generated from the environment.
The other possibility is modeling individual learning by means of
genetic operators like crossover, mutation or intermediate and discrete
recombination. Basically this is a classifier designed to solve problems
in real-value domain by adjusting control parameters of the search that
is, self-adaptation. In this study, the former GA method was adopted in
order to obtain the optimal sets of NN weights required for training the
NN model within the shortest time.

The procedure for the adopted GA technique is described as
follows: from the NN in Figure 5, suppose p is the number of input
nodes, q, the numbers of nodes in the hidden layers, and r, the nodes at
the output layer, then the link (connection weight) between the i node
of the input layer and the j*" node of the hidden layer is W,. The set of
connection weights from the input layer to the hidden layer is therefore
{W,, Wy, ..., W_} while the set of weights between the hidden layer
nodes and the output layer nodes is {W , W_, ..., qu}. Since the NN
structure in Figure 5 has one output node, then r = 1 and the set of
weights becomes {W , W, , W, ..., qu}. A gene was represented by
the connection weight W,. The total number of connection weights is
equivalent to the total number of genes while the chromosome which
is an embodiment of genes is encoded as a string of genes as follows:

Chromosome = {genel, gene,, gene,, .. ., genen} (6)

Equation (6) also corresponds to the set of connection weights
which is show in equation (7)

Connection Weights = {W , W W

W ()
N = (p*q) + (q*r) (8)

where N represents the total number of nodes in the NN. This
research adopted a hybrid encoding scheme (Binary and Real Value
encoding) for the encoding of genes (connection weights) and the Cost
function respectively [42]. The Binary encoding technique is explained
as follows: Given a set of genes, such that each gene is encoded with a
five binary bits. For example if a gene has a value of 4, then the binary
encoded equivalent is 00111. Meanwhile, the first bit of the encoded
string denotes the sign bit which could be 0 (Negative) or 1 (Positive).
In this research work, -10 and +10 (01010 and 11010) forms the lower
and upper bounds of the set from which all genes (connection weights)
were drawn. The following Binary encoded genes denote inputs to the
NN.

01101111001011001010 ... b,b,b,b,b,
| —— |

gene, gene, gene;, geney

Wi oo W W W,

1’ 12’ 11’ 21’

gene,

where z denotes the total number of genes employed in the NN.
For instance, gene, denote the connection weight of the first diagnosis
variable (Q,), gene, denote the connection weight of the second
diagnosis variable (Q,) and so on. The Real value encoding converts
binary encoded genes to their real value equivalent as follows: Given

ovmur

Hidden Layer Output Layer

Figure 5: Integrated NN model for TF diagnosis.
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that
gene, = {brbyby A bM} 9)

such that b, is the sign bit and M is the length of gene, the function
that computes the sign bit of the i gene is:

TFb, = 1

SBE = { (10)

IFb, = 0

where SBF, denotes the Sign Bit Function for the i gene. Finally,
the Real value encodinﬁl of the i gene is computed by equation (11).

_ SBF, o
RVE, == ;(b,*z ) an

Where, RVE, represents the Real Value Encoding for the it gene
in the chromosome.

The NN model in Figure 5 has fourteen input nodes which denote
the input diagnosis variables, three hidden layer nodes which represent
the intermediate diagnosis results and one output layer node which
represent the overall diagnosis result. In summary, there are a total of
seventeen connection links each with its weight (gene). Figure 6 is an
equivalent of Figure 5 but this time around with a set of connection
weights ready for training.

The initial population of chromosomes which was generated
randomly and encoded in a fixed order from left to right, top to bottom
and placed in list as shown by equation (12).

Chromosomes = {0.4 0.9 -0.4 0.2 0.5 0.6 0.1 -0.5 0.3 0.1 -0.1 0.8 0.7
0.6 0.4 0.2 0.3} (12)

In this research work a population of size P was set to 2N (where
N is the total number of nodes in the NN). The suitability of each
individual to the environment is tested by subjecting them to the fitness
function (F,) which is given by equations (13) and (14):

E=T-Y (13)

i

F=(1)/(1-E) (14)

where E. is the i error term (low error means high fitness), T,
is the i" desired output, Y, is the i actual output and F, is the fitness
value of the i chromosome. Reproduction is achieved by a selection
operation and in this process, structures with higher fitness values are
duplicated while those with low fitness values are ignored. The fitness
proportionate selection technique was adopted in this research work for
selecting optimal individuals for the next generation of combination. A
description of the evaluation procedure is given as follows:

The fitness function is first evaluated for each individual, providing
fitness values which are then normalized. The normalized fitness value
for each individual in the population is computed by equation (15).

F
T=71— (15)

3
N j=1

where j = 1, 2, 3. .. L and F, denote the probability of the i"
chromosome to be selected for crossover and mutation. Hence, the
population is sorted in descending order of fitness values while the
accumulated normalized fitness (XLF,) values are computed. Finally, a

e a8 —_—

Hidden Layer Cutput Layer

Input Layer

Figure 6: Three layered feed forward NN Model for TF Diagnosis with initial
set of weights ready for training.

random number R between 0 and 1 is chosen while the first individual
with LF, > R is selected. This process is repeated until a complete set of
optimal connection weights is achieved.

Genetic adaptive neuro fuzzy inference system (GANFIS)

The multi technique based diagnostic system (GANFIS) provides
the ANFIS subsystem with the best set of connection weight. The
ANFIS is made up of six layers of neurons in which the first, second,
and fifth layers consists of adaptive nodes, while the third and fourth
layers consists of fixed nodes. The layers are:

Layer 1: This layer consists of active nodes which denote inputs to
the system. These inputs are numeric values which represents diagnosis
variables drown from the following categories; PLI, PMH, and PPE. The
output of this layer is the linguistic labels corresponding to each input
value.

Layer 2: This layer is made up of adaptive nodes and the nodes
receive as input the output of the preceding layer and produce their
corresponding membership grade as shown in equation (16).

fr(x) =p4(x) (16)
There are various types of MFs, this research work adopted the

triangular MF due to its ease of use and its formula is presented in
equation (17).
x b

A"(x) a b

where a and b are the attributes of the triangular MF that bounds its
shape such that b <x < a.

17)

Layer 3: The nodes in this layer are fixed in nature and they are all
labeled M indicating that they simply act as multipliers. The nodes in
this layer compute the firing strengths of their associated rules. This
layer’s output is represented by equation (18).

£ () = 1 (0) % i () * s (x) (18)

Layer 4: This layer is made up of fixed nodes labeled N and they
normalize the firing strength of each rule. For example, the normalized
firing strength of Rule 1 is shown in equation (19).
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w
filx)=——"—— (19)
W W, + Wy

while the normalized firing strength of the k™ Rule is given by
equation (20).

Wi

3
Z j:le

Layer 5: This layer is made up of adaptive nodes and the output of
each node is the product of the normalized firing strength of a rule and
its corresponding output value. This is shown in equation (21).

f5(x) = fi(x)*R () @1

(20

f4(x,.)=

Layer 6: This layer consists of a single fixed node labeled Y which
represents the final output. It is computed by summing all the incoming
signals as shown in equation (22).

Y:: r}5(xi): Z(ﬁ (xi)*Rout ('xi)) (22)
i=1 1

i=

The final output of GANFIS is in crisp form and its represents the
diagnosis result of a given patient. This crisp output is classified as Very
Mild or Mild or Moderate or Severe or Very Severe, depending on its
value by using equation (23).

"Very Mild" if Y<02
"Mild" if 02<Y<04
Output = < "Moderate" if 04<Y<0.6
(23)
"Severe" if 06<Y<0.38
"Very Severe" if 0.8<Y <1.0

Results and Discussion

The medical records of 104 TF patients aged 15 to 75 were collected
from the Federal medical center, Owo, Nigeria. This acquired data was
analyzed and preprocessed to the required format. Matrix Laboratory
(MATLAB) Version 8.0.0783 (R2012b) was used to implement the
proposed system. Microsoft Access 2010 Version served as the Database
for patient medical records while Microsoft Excel 2010 Version was
used to preprocess the require dataset into a format that could be
exported to MATLAB workspace. The signs, symptoms, and laboratory
investigation for TF patients were rated as Very Mild (1), Mild (2),
Moderate (3), Severe (4), and Very Severe (5). Table 2 shows the
weight assigned to the diagnosis variables of patients after an extensive
interaction with a medical doctor in the field of tropical medicine.
The dataset was partitioned into three parts, the first (70%) was used
for training the network, the second (15%) was used to validate the
trained network, while the remaining part (15%) was used to test the
performance of the proposed system.

Figure 7 shows the Genetic Algorithm module built to automatically
compute the connection weights of the Neural Network component of
the proposed system. This module computes the best set of weights
needed by the hidden layers of the NN for training. It stores the weights
and supplies the corresponding nodes with their respective weights for

training. The graph in Figure 8 shows the Initial Fitness values for each
individual in the first iteration (potential NN connection weight) with a
Best fitness value of 0.00180071 and a Mean of 0.064424.

The graph in Figure 9 presents the Best, Worst, and Mean Scores
of individual generations of the GA. In this figure, the 100" generation
happens to be the worst while the 4™ and 5" generations appears to be
the Best and most probably contains the optimum connection weights
for the NN training. Figure 10 represents a graph of the fitness level of
each individual in the best generation, that is the 4™ and 5" generations
in Figure 10. From the information in Figure 10, it is evident that
12* individual has the highest score and there for represents the best
individual of the generation followed by the 11" individual. The value
of the best individual then represents the connection weight of the first
node in of the NN and the same process is repeated until the all weights
for the NN nodes are generated.

System Evaluation

Performance evaluation often shows how valid a given system is in
providing efficient solution. In an attempt to validate the efficiency of
the proposed system, a comparative analysis of the diagnosis results of
TF patients obtained from the conventional approach and that of the
proposed system (GANFIS) was carried out in the first phase of the
evaluation process as follows. Table 3 contains the diagnosis outcome
of eight randomly selected patients using the conventional approach
and the proposed method. Suppose P = {Pl, P,P,P, P5y P,P, Ps} and
§=1{5,8,,5,S,S, Sy S,» S} are sets of diagnosis results obtained from
the conventional system and the proposed system respectively, then the
empirical analysis of both set of results is presented in Table 3.

Given that P = {P,P,, PP, P_P_P_ P} ={0.56,0.47, 0.61, 0.51,
0.49, 0.717, 0.670, 0.730} and S = {S,, S, S, S, S. S, S, S,} = {0.545,
0.45,0.558, 0.484, 0.481, 0.683, 0.503, 0.451}, the replica of Table 3 with

the required values is presented in Table 4.

The mean accuracy of the proposed system and its efficiency are
computed as shown in equations (24) and (25) respectively.

8
1—ei 24
z"-‘(g el):7'118:0.9273 24

Mean Accuracy (MA)=

Efficiency (Eff.)=MA * 100=0.9273*100 =92.73%  (25)

Error in Diagnosis =(100 — Eff.)%=(100 —=92.73) %=7.27% (26)

Therefore, from the outcome of the preceding statistical
computations, it was deduced that the efficiency of proposed system in
providing accurate diagnosis is 92.73%. Also, the time it takes the GA
module to generate the optimal NN weights was significantly reduced
compared to its manual equivalent.

In the second phase of the evaluation exercise, a comparative
analysis of the proposed method (GANFIS) and that of an Adaptive
Neuro-Fuzzy Inference System (ANFIS) was also carried out in terms
diagnosis accuracy of TE. The eight randomly selected records were
used to predict the diagnosis accuracy of the patients with respect to
TF with GANFIS and ANFIS techniques. The errors in diagnosis for
both techniques were computed by subtracting the diagnoses results of
each method from that of the conventional method and then taking the
absolute value. Finally, the diagnosis accuracy of each method (GANFIS
and ANFIS) for the 8 randomly selected patients was determined using
equation 27 and the results are presented in Figure 10.

Diagnosis accuracy = (1-e) *100 27)

J Med Diagn Meth
ISSN: 2168-9784 JMDM, an open access journal

Volume 5 « Issue 1+ 1000205



Citation: Asogbon MG, Samuel OW, Omisore MO, Awonusi O (2016) Enhanced Neuro-Fuzzy System Based on Genetic Algorithm for Medical
Diagnosis . J Med Diagn Meth 5: 205. doi: 10.4172/2168-9784.1000205

Page 7 of 10
Patient ID Q1 Q2 Q3 Q4 Q5 Q6 Q7 Qs Q9 Q10 Q11 Q12 Q13 Q14
FMCO-001 3 3 1 1 5 4 3 5 3 4 3 4 2
FMCO-002 4 4 3 1 4 3 3 4 3 1 3 3 3
FMCO-003 4 2 4 3 2 1 4 3 4 3 4 5 1
FMCO-004 1 3 2 2 3 2 4 5 3 4 3 3 4
FMCO-005 5 2 2 4 3 4 2 2 2 3 3 3 2
FMCO-006 3 1 1 2 4 2 3 3 3 3 5 4 4
FMCO-007 2 3 4 3 3 5 2 2 1 1 2 4 5
FMCO-008 2 2 4 2 5 3 2 4 3 4 3 4 3
FMCO-009 2 3 2 2 5 4 2 3 3 3 1 2 1
FMCO-010 1 2 3 1 3 2 3 1 1 2 4 1 1
FMCO-011 3 3 1 1 4 3 2 3 2 5 1 5 2
FMCO-012 4 2 2 1 4 2 3 1 1 3 2 1 2
FMCO-013 3 3 2 1 3 4 3 1 2 3 2 3 1
FMCO-014 1 1 2 2 3 3 1 4 2 3 2 5 5
FMCO-015 1 1 2 4 3 2 2 1 1 1 2 2 4
FMCO-016 2 2 1 2 3 1 3 3 4 2 2 1 1
FMCO-017 3 3 3 5 3 3 2 3 1 4 5 3 3
FMCO-018 3 2 1 2 1 2 3 1 1 2 1 1 3
FMCO-019 1 2 4 1 2 4 3 2 4 3 3 4 1
FMCO-020 3 4 4 2 4 5 4 4 3 2 5 4 3
FMCO-101 2 1 1 2 2 1 1 1 1 1 2 1 1
FMCO-102 2 2 2 1 2 1 5 1 1 2 1 2 3
FMCO-103 1 1 3 4 5 4 4 3 2 1 1 2 2
FMCO-104 2 1 2 2 3 1 2 2 1 1 5 4 2

Table 2: Intensity of TF diagnosis variables.

where e, represents the error in diagnosis.

It can be seen from Figure 11 that out of a total of eight patients,
our proposed method outperformed the ANFIS technique in terms
of diagnosis accuracy for seven of the patients (Patl, Pat2, Pat4, Pat5,
Pat6, Pat7, and Pat8) except for the third patient (Pat3). The proposed
technique (GANFIS) had an overall average diagnosis accuracy of
92.7% as against that of the ANFIS method which was 85.4% and this
seem promising and could help increase the survivors of TF in the
tropics and other parts of the world.

Also, it terms of diagnosis time, it could be seen from Figure 12
that the proposed system (GANFIS) has lower diagnosis time for all
the patients compared to that of the conventional ANFIS which equally
suggest that our proposed system would be more efficient.

Conclusion

A Multi-technic decision support system powered by genetic
algorithm, neural network, and fuzzy logic concepts for the
diagnosis of typhoid fever has been investigated in this study. An
improved genetic algorithm concept was used to automatically
supply the optimal set of weights needed to effectively train
the neural network module. Usually, the membership function
parameters of FIS are manually set thereby making it difficult for the
FIS to provide accurate diagnosis results when confronted with new
cases. To address this problem, the trained, validated, and tested
neural network module was configured to automate the provision
of membership function parameters for the fuzzy inference system,
that is, building some form of learning and tuning capability into the
fuzzy inference system. With this development, the fuzzy inference
system was able to provide timely and reliable diagnosis outcome for
new cases. The outcome of the evaluation process conducted in this
research shows that the proposed system (GANFIS) had 7.27% error
with respect to the conventional diagnosis approach and it attained
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Figure 8: Initial GA outcome after the first iteration.

a diagnosis accuracy of 92.73% as compared to 85.40% of the ANFIS
method. Also, in terms of time taken to diagnose a patient, the proposed
system also performed better than the conventional ANFIS. Therefore,
the proposed technique (GANFIS) has the capability to alleviate the
key problems associated with Neuro-Fuzzy Based diagnostic methods
if fully embraced and as well it could be adopted to solve challenging
problems in several other domains.
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Figure 10: Individual with best fitness score per generation.

Patient FMCO- FMCO- FMCO- FMCO- FMCO- FMCO- FMCO- FMCO-
ID 01 02 03 04 05 06 07 08
DRCA P, P, P3 P, P5 Pe P, Ps
DRPS S, S, S, S, S S S, S,
€ I P1'S1 | | Pz'szl I Ps'sal | PA-SAI I Ps'ssl | Ps-sel I P7'S7| I Ps'ssl
(1-e) [1-(P-  [1-(P  [1-(Py-  [1-(P,-  [1-(Py-  [1-(Pg-  [1-(P- | [1-(Pg-
! S ) S, S, Sl Sl S, )

Table 3: Analysis of diagnosis results obtained from the conventional and the
proposed systems.

Acknowledgements

We appreciate Dr. Oluwasanmi Olajide Samuel of the Federal Medical Center,
Owo, Ondo State, Nigeria for providing us with the dataset and as well for his input to
the research. Also, we thank the management of the Department of Computer Science,
Federal University of Technology, Akure, Ondo State, Nigeria for their cooperation
during this research project. Lastly, special thanks to the Chinese Academy of
Sciences and the Institute of Biomedical and Health Engineering, Shenzhen Institutes
of Advanced Technology, China for the opportunity to embark on this research project.

References

J Med Diagn Meth
ISSN: 2168-9784 JMDM, an open access journal

Volume 5 « Issue 1+ 1000205



Citation: Asogbon MG, Samuel OW, Omisore MO, Awonusi O (2016) Enhanced Neuro-Fuzzy System Based on Genetic Algorithm for Medical
Diagnosis . J Med Diagn Meth 5: 205. doi: 10.4172/2168-9784.1000205

Page 9 of 10

Pat1 Pat2 Pat3 Patd Pats  Pat8

Randomly selected TF P atients.

Pat?f Patd

Figure 11: Diagnosis accuracy of GANFIS versus ANFIS.

—— GANFIS
--Cr-- ANFIS

Diagnosis time (s)

0.2 T T T T T T T T

Pat1 Pat2 Fatl Fatd Fatf Fatd Faff a8

Randomely selected TF patients

Figure 12: Diagnosis time is seconds for GANFIS and ANFIS.

1. Allen M, Honest N (2010) Prevalence and constraint of typhoid fever and it's
control in an endemic area of singida region Tanzania. Journal of Public Health
and Epidemiology 2: 93-99.

2. Uneke CJ (2008) Concurrent malaria and typhoid fever in the tropics: the
diagnostic challenges and public health implications. J Vector Borne Dis 45:
133-142.

3. Gotuzzo E, Frisancho O, Sanchez J, Liendo G, Carillo C, et al. (1991)
Association between the acquired immunodeficiency syndrome and infection
with Salmonella typhi or Salmonella paratyphi in an endemic typhoid area.
Archives of Internal Medicine 151: 381-382.

4. Samuel OW, Omisore MO, Ojokoh BA (2013) A web based decision support
system driven by fuzzy logic for the diagnosis of typhoid fever. Expert Systems
with Applications 40: 4164-4171.

5. Samuel OW, Omisore MO (2013) Hybrid intelligent system for the diagnosis of
typhoid fever. Journal of Computer Engineering & Information Technology 2: 2.

6. Siddiquia FJ, Rabbania F, Hasanb R, Nizamic SO, Bhuttac ZA (2006) Typhoid
fever in children: Some epidemiolocal considerations from Karachi, Pakistan,
International Society for Infectious Diseases 10: 215-222.

7. Neil KP, Sodha SV, Lukwago L, O-Tipo S, Mikoleit M, et al. (2012) A large
outbreak of typhoid fever associated with a high rate of intestinal perforation in
Kasese District, Uganda, 2008-2009. Clin Infect Dis 54: 1091-1099.

8. Samuel OW, Omisore MO, Atajeromavwo EJ (2013) Enhanced cloud
based model for healthcare delivery organizations in developing countries.
International Journal of Computer Applications 74: 34-39.

9. Karegowda AG, Manjunath AS, Jayaram MA (2011) Application of genetic
algorithm optimized neural network connection weights for medical diagnosis
of pima Indians diabetes. International Journal on Soft Computing 2.

16.
17.

2

o

2

=

22.
2

w

24,

25.

26.
27.

2

oo

29.

30.

3

=

32.

33.

34.

35.

36.

.Koehn P (1994) Combining Genetic Algorithms and Neural Networks: The

Encoding Problem, A thesis presented for the Master of Science Degree, the
University of Tennessee, Knoxville.

. Zadeh LA (1992) The calculus of fuzzy if/then rules. Al Expert 7: 27-27.
.Begg RK, Lai D, Palaniswami M (2008) Computational Intelligence in

Biomedical Engineering. Taylor & Francis Books Inc (CRC Press), Boca Raton,
Florida, USA 392

. Zadeh L, Nikravesh M, Loia V (2004) Fuzzy logic and the Internet. Studies in

fuzziness and soft computing vol. 137. Berlin, Springer.

. Arabacioglu BC (2010) Using fuzzy inference system for architectural space

analysis. Applied Soft Computing 10: 926-937.

. Dubois D, Prade H (1998) An introduction to fuzzy systems. Clin Chim Acta

270: 1-29.
Kuncheva LI, Steimann F (1999) Fuzzy diagnosis. Artif Intell Med 16: 121-128.

Ojokoh BA, Omisore MO, Samuel OW, Ogunniyi TO (2012) A Fuzzy logic
based personalized recommender system. International journal of computer
science, information technology & security (ijcsits) 2: 1008-1015.

. Nauck D, Kruse R (1999) Obtaining interpretable fuzzy classification rules from

medical data. Artif Intell Med 16: 149-169.

. Dubois D, Prade H (1982) A class of fuzzy measures based on triangular

norms. Int. J Gen Syst 8: 43-61.

. Sugeno Ed (1985) Industrial applications of control. Amsterdam, North Holland.

.Lee CC (1990) Fuzzy logic in control system-Fuzzy logic controller-Part | & II.

IEEE Transaction on Systems-Man, Cybernetics 20: 404-435.
Self KL (1990) Fuzzy logic design. IEEE spectrum 27: 42-44.

. Zadeh LA (1965) Fuzzy sets. Information and control 8: 338-353.

Bharti PK, Silawat N, Singh PP, Singh MP, Shukla M, et al. (2008) The
usefulness of a new rapid diagnostic test, the First Response Malaria Combo
(pPLDH/HRP2) card test, for malaria diagnosis in the forested belt of central
India. Malar J 7: 126.

Obot OU, Uzoka FME (2008) Fuzzy-rule base framework for the management
of tropical diseases. International Journal of Medical Engineering and
Informatics 1: 7-17.

Zadeh LA (1988) Fuzzy logic. IEEE Computer Magazine 21: 83-93.

Ali A, Mehli N (2010) A fuzzy expert system for heart disease diagnosis.
Proceedings of the International Multi Conference of Engineers and Computer
Scientists 1: 134-139.

. Chin-Teng L, George CSL (1991) Neural-network-based fuzzy logic control and

decision system. |IEEE Transactions on Computers 40: 1320-1336.

Wan HWI, Fadzilah S (2000) Artificial intelligence in medical application-an
exploration. School of Information Technology, University of Utara, 06010
Sintok Kedah, Malasia.

Hopfield JJ (1982) Neural networks and physical systems with emergent collective
computational abilities. Proc Natl Acad Sci U S A79: 2554-2558.

. Ubeyli ED, Gller | (2005) Automatic detection of erthemato-squamous diseases

using adaptive neuro-fuzzy inference systems. Comput Biol Med 35: 421-433.

Mehdi N, Mehdi Y (2009) Designing a fuzzy expert system for diagnosing the
hepatitis b intensity rate and comparing it with adaptive neural network fuzzy
expert system. Proceedings of the World Congress on Engineering and Computer
Science (WCECS), San Francisco, USA 2: 20-22.

Darwin C (1859) The origin of species by means of natural selection, Advancement
of Learning, London: Murray.

Whitley D (1994) A Genetic algorithm tutorial, Computer Science Department,
Colorado State University, Fort Collins, Colorado, USA.

Saramourtsis A, Damousis J, Bakirtzis A, Dokopoulos P (1999) Genetic algorithm
solution to the economic dispatch problem-application to the electrical power grid
of crete island, Aristotle University of Thessaloniki, Department of Electrical and
Computer Engineers Power System Laboratory, 540 06 Thessaloniki Greece.

Rahul MNS, Yaduvir S, Singh N (2011) Genetic algorithms: concepts, design for
optimization of process controllers. Published by Canadian Center of Science and
Education, Computer and Information Science 4.

J Med Diagn Meth
ISSN: 2168-9784 JMDM, an open access journal

Volume 5 « Issue 1+ 1000205


http://www.academicjournals.org/article/article1379407560_Malisa and Nyaki.pdf
http://www.academicjournals.org/article/article1379407560_Malisa and Nyaki.pdf
http://www.academicjournals.org/article/article1379407560_Malisa and Nyaki.pdf
http://www.ncbi.nlm.nih.gov/pubmed/18592842
http://www.ncbi.nlm.nih.gov/pubmed/18592842
http://www.ncbi.nlm.nih.gov/pubmed/18592842
http://www.ncbi.nlm.nih.gov/pubmed/1899554
http://www.ncbi.nlm.nih.gov/pubmed/1899554
http://www.ncbi.nlm.nih.gov/pubmed/1899554
http://www.ncbi.nlm.nih.gov/pubmed/1899554
http://www.sciencedirect.com/science/article/pii/S0957417413000432
http://www.sciencedirect.com/science/article/pii/S0957417413000432
http://www.sciencedirect.com/science/article/pii/S0957417413000432
http://www.scitechnol.com/hybrid-intelligent-system-for-the-diagnosis-of-typhoid-fever-Lb43.php?article_id=1365
http://www.scitechnol.com/hybrid-intelligent-system-for-the-diagnosis-of-typhoid-fever-Lb43.php?article_id=1365
http://www.sciencedirect.com/science/article/pii/S1201971205001657
http://www.sciencedirect.com/science/article/pii/S1201971205001657
http://www.sciencedirect.com/science/article/pii/S1201971205001657
http://www.ncbi.nlm.nih.gov/pubmed/22357703
http://www.ncbi.nlm.nih.gov/pubmed/22357703
http://www.ncbi.nlm.nih.gov/pubmed/22357703
http://www.ijcaonline.org/archives/volume74/number2/12861-9834
http://www.ijcaonline.org/archives/volume74/number2/12861-9834
http://www.ijcaonline.org/archives/volume74/number2/12861-9834
http://airccse.org/journal/ijsc/papers/2211ijsc02.pdf
http://airccse.org/journal/ijsc/papers/2211ijsc02.pdf
http://airccse.org/journal/ijsc/papers/2211ijsc02.pdf
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.41.7330
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.41.7330
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.41.7330
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=186834&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D186834
https://www.crcpress.com/Computational-Intelligence-in-Biomedical-Engineering/Begg-Lai-Palaniswami/9780849340802
https://www.crcpress.com/Computational-Intelligence-in-Biomedical-Engineering/Begg-Lai-Palaniswami/9780849340802
https://www.crcpress.com/Computational-Intelligence-in-Biomedical-Engineering/Begg-Lai-Palaniswami/9780849340802
http://www.sciencedirect.com/science/article/pii/S1568494609002014
http://www.sciencedirect.com/science/article/pii/S1568494609002014
http://www.ncbi.nlm.nih.gov/pubmed/9541750
http://www.ncbi.nlm.nih.gov/pubmed/9541750
http://www.ncbi.nlm.nih.gov/pubmed/10378440
http://www.ijcsits.org/papers/vol2no52012/22vol2no5.pdf
http://www.ijcsits.org/papers/vol2no52012/22vol2no5.pdf
http://www.ijcsits.org/papers/vol2no52012/22vol2no5.pdf
http://www.ncbi.nlm.nih.gov/pubmed/10378442
http://www.ncbi.nlm.nih.gov/pubmed/10378442
http://www.dca.fee.unicamp.br/~gomide/courses/EA072/artigos/Fuzzy_Logic_Control_Systems_I_Lee_1990.pdf
http://www.dca.fee.unicamp.br/~gomide/courses/EA072/artigos/Fuzzy_Logic_Control_Systems_I_Lee_1990.pdf
http://www.ncbi.nlm.nih.gov/pubmed/18620560
http://www.ncbi.nlm.nih.gov/pubmed/18620560
http://www.ncbi.nlm.nih.gov/pubmed/18620560
http://www.ncbi.nlm.nih.gov/pubmed/18620560
http://www.inderscience.com/info/inarticle.php?artid=19466
http://www.inderscience.com/info/inarticle.php?artid=19466
http://www.inderscience.com/info/inarticle.php?artid=19466
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber=53&url=http%3A%2F%2Fieeexplore.ieee.org%2Fxpls%2Fabs_all.jsp%3Farnumber%3D53
http://www.iaeng.org/publication/IMECS2010/IMECS2010_pp134-139.pdf
http://www.iaeng.org/publication/IMECS2010/IMECS2010_pp134-139.pdf
http://www.iaeng.org/publication/IMECS2010/IMECS2010_pp134-139.pdf
http://dl.acm.org/citation.cfm?id=126187
http://dl.acm.org/citation.cfm?id=126187
https://www.researchgate.net/publication/240943548_ARTIFICIAL_INTELLIGENCE_IN_MEDICAL_APPLICATION_AN_EXPLORATION
https://www.researchgate.net/publication/240943548_ARTIFICIAL_INTELLIGENCE_IN_MEDICAL_APPLICATION_AN_EXPLORATION
https://www.researchgate.net/publication/240943548_ARTIFICIAL_INTELLIGENCE_IN_MEDICAL_APPLICATION_AN_EXPLORATION
http://www.ncbi.nlm.nih.gov/pubmed/6953413
http://www.ncbi.nlm.nih.gov/pubmed/6953413
http://www.ncbi.nlm.nih.gov/pubmed/16136651
http://www.ncbi.nlm.nih.gov/pubmed/16136651
http://www.iaeng.org/publication/WCECS2009/WCECS2009_pp797-802.pdf
http://www.iaeng.org/publication/WCECS2009/WCECS2009_pp797-802.pdf
http://www.iaeng.org/publication/WCECS2009/WCECS2009_pp797-802.pdf
http://www.iaeng.org/publication/WCECS2009/WCECS2009_pp797-802.pdf
http://www.cs.colostate.edu/~genitor/MiscPubs/tutorial.pdf
http://www.cs.colostate.edu/~genitor/MiscPubs/tutorial.pdf
http://www.ccsenet.org/journal/index.php/cis/article/view/9804
http://www.ccsenet.org/journal/index.php/cis/article/view/9804
http://www.ccsenet.org/journal/index.php/cis/article/view/9804

Citation: Asogbon MG, Samuel OW, Omisore MO, Awonusi O (2016) Enhanced Neuro-Fuzzy System Based on Genetic Algorithm for Medical
Diagnosis . J Med Diagn Meth 5: 205. doi: 10.4172/2168-9784.1000205

Page 10 of 10
37. Bakare GA (2001) Removal of overloads and voltage problems in electric power 40. Shanthi D, Sahoo G, Saravanan N (2009) Evolving connection weights of artificial
systems using genetic algorithm/expert system approaches. Shaker Verlag, neural networks using genetic algorithm with application to the prediction of stroke
Aachen Germany. disease. International Journal of Soft Computing 4: 95-102.
38. Bakare GA, Aliyu UO, Venayagamoorthy GK, Shu’ aibu YK (2005) Genetic 41. Philipp K (1994) The encoding problem, a thesis presented for the master of
algorithms based economic dispatch with application to coordinate of Nigerian science degree, University of Tennessee, Knoxville.
thermal power plants. IEEE Transactions on Power Systems 0-7803-9156- . . i .
X/05/$20.00© 2005|EEE. 42. Nicolaas JV (2002) On two types of GA-learning, Queen Mary, University of
London, UK.

39. Shahriar A, Kianfar J (2009) A Hybrid neuro-genetic approach to short term traffic
volume prediction. International Journal of Civil Engineering 7: 41-48.

J Med Diagn Meth

ISSN: 2168-9784 JMDM, an open access journal Volume 5 - Issue 1+ 1000205


https://www.researchgate.net/publication/29799852_Removal_of_overloads_and_voltage_problems_in_electric_power_systems_using_genetic_algorithm_expert_system_approaches
https://www.researchgate.net/publication/29799852_Removal_of_overloads_and_voltage_problems_in_electric_power_systems_using_genetic_algorithm_expert_system_approaches
https://www.researchgate.net/publication/29799852_Removal_of_overloads_and_voltage_problems_in_electric_power_systems_using_genetic_algorithm_expert_system_approaches
http://rtpis.org/documents/mypaper/RTPIS_publication_1282537047.pdf
http://rtpis.org/documents/mypaper/RTPIS_publication_1282537047.pdf
http://rtpis.org/documents/mypaper/RTPIS_publication_1282537047.pdf
http://rtpis.org/documents/mypaper/RTPIS_publication_1282537047.pdf
http://ecc.isc.gov.ir/showJournal/850/8518/92808
http://ecc.isc.gov.ir/showJournal/850/8518/92808
http://www.medwelljournals.com/fulltext/?doi=ijscomp.2009.95.102
http://www.medwelljournals.com/fulltext/?doi=ijscomp.2009.95.102
http://www.medwelljournals.com/fulltext/?doi=ijscomp.2009.95.102

	Corresponding author
	Keywords
	Introduction
	Research Background 
	Soft computing
	Fuzzy logic
	Neural networks
	Genetic algorithm

	Materials and Methods
	Proposed system’s architecture
	Fuzzy logic component
	Neural network component
	Genetic algorithm component
	Genetic adaptive neuro fuzzy inference system (GANFIS)

	Results and Discussion
	System Evaluation
	Conclusion
	Table 2
	Table 3
	Figure 1
	Figure 2
	Figure 3
	Figure 4
	Figure 5
	Figure 6
	Figure 7
	Figure 8
	Figure 9
	Figure 10
	Acknowledgements
	References

