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ABSTRACT

Coactive Neuro-F uzzy Expert System:
A Framework for Diagnosis of Malaria

T. O. Oladele, J. S. Sadiku & R. O, Oladele
Department of Computer Science
University of Ilorin
P.M. B. 1515, llorinNigeria.
oladele.to@uni]orin,edu.ng, Jssadiku@yahoo.com, roladele@yahoo.com
+234 8164916082 +234 7030305309+234 7064203812

Diagnosis is a crucial aspect in medical care. It entails both the process of examination and decision related to prognosis and
interventions. In the traditional or conventional diagnosis of malaria, information is gathered from physical examinations, history,
system reviews and selected tests. The goal of this paper is to demonstrate the practical applicability of Information and
Communication Technology (ICT) for the diagnosis of malaria based on a set of symptoms. In this paper, a Coactive Neuro-
Fuzzy Expert System mode] was developed for the diagnosis of malaria based on a set of symptoms. The architectural framework

Keywords: Information and Communication Technology, Diagnosis, Expert System, Neuro-F uzzy Modeling, Symptoms.
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1. INTRODUCTION

Expert medical consultation is a scarce, expensive and critical
component of any health system [40]. The World Health
Organization (W.H.O.) in a 2006 annual report reported that,
the global population is growing but the number of health
workers is stagnating or even dwindling in many of the places
where they are needed most [71, 75]. They further added that
an additional four million health workers are needed
* throughout the world. Due to the deficit in health workers, at
least 1.3 billion people around the world have no access to
basic health care. Increase in demand for high-quality and
timely medical services has led to the application of
Information and Communication Technology (ICT) in
assisting physicians and other health care providers in
discharging their clinical roles in areas such as diagnosis,
therapy and treatment. Malaria is a devastating disease and a
major cause of morbidity and mortality throughout the world.
It is a life threatening disease transmitted from person to
person by the female anophgles mosquito.
Early diagnosis of the disease is very paramount in order to
stop the spread of the disease and to prevent death. Hence,
7 expert medical care is needed in order to put a stop to this
menace. Information and Communication Technology has
been used in the diagnosis of various diseases including
malaria. Malaria is a serious communicable disease caused by
a blood parasite called plasmodium. It is currently one of the
major tropical communicable diseases adversely affecting the
health of people and the economic development of many
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developing countries, particularly in the Sub-Saharan Africa
(SSA). According to W.H.O. findings, reported in [38], it
causes more than 1 million deaths arising from approximately
300-500 million infections every year. Although, there are
newer techniques such as manual microscopy for the
examination of blood smears which was invented in the late
19t century and is currently “the gold standard” for malaria
diagnosis [22, 74]. Arriving at accurate medical diagnosis may
sometimes become a very complex and cumbersome task.

A very important aspect in achieving hospital efficiency is to
optimize the diagnostic process in terms of the duration and
number of patients being examined with corresponding
accuracy, sensitivity and specificity, as this is known to reduce
morbidity and mortality rates and to reduce cost. The
emergence of ICT has opened several opportunities in the
health care delivery system as the demand for intelligent and
knowledge-based systems has increased as modern medical
practices has become more knowledge intensive [17]. In this
paper, a Coactive Neuro-fuzzy Expert System (CANFES)
model for diagnosis of malaria, where both neural networks
(NN), also known as Artificial Neural Networks (ANN) and
Fuzzy Expert Systems (FES) play active roles is being
developed. The architectural framework for the CANFES
model was also developed. The CANFES model for diagnosis
of malaria was simulated using MATLAB,
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2. LITERATURE REVIEW

ICT based diagnosis of malaria and some other diseases have
been reported in the literature. In the paper, a fuzzy expert
system for the management of malaria [17], fuzzy logic was
used. Online system for diagnosis and treatment of malaria
was reported in [18] where a rule based expert system was
designed with the possibility of interacting with the system in
real time and through mobile devices based on global system
for mobile communication (GSM) technology. In the paper,
diamaltycin for the diagnosis of malaria and typhoid fever; a
decision support system for medical application was reported
in [42], a decision support system which is based on case
based reasoning was used to make diagnostic decision for
malaria and typhoid. Neural network and fuzzy logic were not
applied to this study. There was no precise method of
distinguishing between malaria and typhoid. The paper,
decision support system model for diagnosing tropical
diseases using fuzzy logic was reported in [53] where fuzzy
logic was used for diagnosing tropical diseases such as
malaria, typhoid, tuberculosis, sexually transmitted diseases,
yellow fever, hepatitis-B, leprosy and chicken pox.

They did not compute the confidence interval to give the
assurance that the diagnosis given was actually for the
specified disease. A medical expert system for managing
tropical diseases was proposed in [1]. In the proposed Medical
Expert System (MES), the inference engine uses a forward
chaining mechanism to search the knowledge-base for
symptoms of a disease and its associate therapy which
matches the query supplied by the patient. Obot and Uzoka
[55] designed a fuzzy rule based framework for the

management of tropical diseases. Fuzzy logic was applied to
determine the degree of severity of tropical diseases. In fuzzy
expert system for the management of hypertension [17], a
fuzzy expert system was used to diagnose hypertension. In
another study on a decision support system for tuberculosis
diagnosis also reported in [2] a decision support system based
on fuzzy logic was used in the diagnosis of tuberculosis.
Application of neuro-fuzzy expert system for the probe and
prognosis of thyroid disorder was reported in [2], where a
hybrid neuro-fuzzy expert system was used in the diagnosis of
thyroid disorder. This hybrid system is not adaptive in nature.
Hence, it can only serve for cases that have been predefined in
the knowledge base.

3. NEURO-FUZZY MODELING

The synergy of two intelligent techniques such as neural
network and fuzzy logic form the basis of Neuro-fuzzy
modeling.

3.1. Fuzzy Inference Systems (FIS)

The fuzzy inference system is a popular computing framework
based on the concepts of fuzzy set theory, fuzzy if-then rules
and fuzzy reasoning. It has been applied in variety of fields
such as automatic control, data classification, decision
analysis, expert systems, time series prediction, robotics and
pattern recognition. Because of its multidisciplinary nature,
the fuzzy inference system is known by numerous other
names, such as fuzzy rule-based system, fuzzy expert system
[34]. fuzzy model [68, 69], fuzzy associative memory [39],
fuzzy logic controller [43, 44, 46] and fuzzy system. Figure 1
shows the block diagram for a Fuzzy Inference System with
Rule Aggregator.

g o s . TS, R T A ST e i et ;
' Rule 1 fuzzy i
1 i
R — X is Ay Wy Yis B, — ;
' i
i 1
1 i
: Rule 2 fuzzy fupzy Crisp
;;:Sm,i ,,,,,,, -y X is Az Wa Yis By _: Aggregator : o Befwzifiec |
E— 2
' i
i ) i
I - i
: Rule’r ot .
- i B 1
| xsa [wp | vie :
i i
: .

Figure 1: Block diagram for a Fuzzy Inference System with Rule Aggregator.
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Layer 5: The single node in this layer is a fixed node labeled
2> which computes the overall output as the summation of al]
incoming signals:

Os.i= overall outpur = Twil = Ywf (5)
b
2w

i
The output is linear in consequent parameter.

3.3 Coactive Neuro-Fuzzy Inference System (CANFIS)

ANFIS has made its mark as an adaptive system with much
emphasis on its capability of being a linguistically
interpretable fuzzy Inference System (FIS) that allows prior

CANFIS

CANFIS)

AND
{ﬂ:uh‘ipﬁz:aﬁon}

knowledge to be embedded into its construction and allows the
possibility of understanding the results of learning. A
generalized ANFIS which emphasize characteristics of a more
fused neuro-fuzzy system that enjoys many of the advantages
claimed for Neural Networks (NNs) and the linguistic
interpretability of a FIS, is known as CANFIS. CANFIS
stands for Coactive Neuro-fuzzy Inference System. The
application of back propagation algorithms to fuzzy systems in
a network layered presentation spurred the development of
neuro-fuzzy modeling [26,27,28]. A single output CANFIS
can be illustrated in the same schematic diagram of ANFIS as
shown in figure 3.

Mormalizrstion

Furrm: Association
Lavar

Consaguant Laver

=
f:;&;u H

Fuzzy Membearshin

Waluss Camsrztion

o
1 -
Zﬂ»‘-”{; -

Ras 1.0

Figure 3: CANFIS Model

where,
Ci=fH(pix+qy+r)

Co=f(pax+qy+ry)

When all the three neurons (1,2,and 3) have identity functions,
the presented CANFIS is equivalent to the Sugeno Fuzzy
Inference System (Takagi et al, 1985), which accomplishes
fuzzy if then rules (linear rules) such as.the following:

Rule 1: ifx is A, and yis B, then C,
Rule 2: if xis A, and y is B, then C,

TPixXtqy tr
ThiXtqytn

In this study, the CANFES model was adopted from CANFIS.
While CANFIS is specific to controllers, CANFES is best
suited for domains where human experts have to make
decisions in real time,

176

4. METHODOLOGY

The process of the clinical diagnosis of malaria begins when
an individual consults a doctor and presents a set of
complaints which are referred to as symptoms. The doctor
then requests for further information from the patient or from
close associates who knows about the patient’s symptoms, in
severe cases. The data collected include the patient’s previous
state of health, living condition and other medical conditions,
A physical examination of the patient’s condition is also
carried out. From the Symptoms presented by the patient, the
doctor narrows down the possibility of having malaria or not.
These symptoms are usually ranked in the order (mild,
moderate, severe and very severe). The doctor then studies the
medical records, conducts a physical examination and also
asks further questions.
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5.2 Afchitectural Framework for the CANFES Model

In the course of this study, an architectural framework was developed for the CANFES model. The architectural framework is
shown in figure 5. This framework captures all the features and components that are involved in the entire coactive neuro-fuzzy
expert system model.
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Figure 5: Architectural Framework for the CANFES Model

Most of the architectural frameworks for neuro-fuzzy expert
systems which have been proposed and reported in the
literature only portray the neural network and fuzzy logic
features therefore leaving out the expert system component.
The developed framework has been able to capture all the
basic features and components of neural networks, fuzzy logic
(fuzzy inference system) and expert system in totality. This
framework is being developed for the embodiment of
knowledge and to enhance and encourage research in the field
of coactive neuro-fuzzy modeling. As shown in figure 5, the
knowledge engineer and human expert (domain expert) have
long sessions of dialogue in order to elicit knowledge for the
expert system. The result of the communication and dialogue
between the knowledge engineer and domain expert
establishes the knowledge acquisition module. The acquired
knowledge is then deposited into the knowledge base. Neural
inputs which are numerical in nature are entered into the
neural network for processing, the neural outputs is then
fuzzified into fuzzy values which are linguistic in nature
before entering the inference engine where decisions (such as
diagnosis) are made.

179

If the output from the inference engine does not conform to
the target output or does 632 diagnosis, then hybrid learning
rule is being applied to train the neural network and the input
data is reprocessed by adjusting weights (training) before it is
being sent back to the inference engine. The inference engine
communicates with the knowledge base in order to apply
appropriate rules for decision making. The output from the
inference engine (decision) is then sent into an explanation
facility where the actual result or output will be interpreted to
the user. The user interacts with the expert system by asking
questions or performing queries, and the expert system gives
its response according to the decision made in the inference
engine.

5.3 Simulation of the CANFES Model

The CANFES model was simulated by using MATLAB
(Matrix Laboratory) which is a mathematical tool for solving
scientific problems. A typical ANFIS structure as presented in
MATLAB is shown in figure 6 and the ANFIS Training
Interface is shown in figure 7.
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5:3 MATLAB Results for ANFIS Trainng

Figure 8: ANFIS Training for Patient Number 1.
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>>patent]1=[1011 000

1100100]

patent] =

1 0 1 1 0 0 0
1 1 0 0 1 0 O

>> ANFIS info:
Number of nodes: 1503
Number of linear parameters: 5103
Number of nonlinear parameters: 54
Total number of parameters: 5157
Number of training data pairs: 2
Number of checking data pairs: 0
Number of fuzzy rules: 729

wm o ox
[ select data to plot ~
v i

Figure 10: ANFIS Training for Patient Number 12.

>>patentl2=[0101101 .
0011010]
patent12 =

0 1 1 1

1 0 0
0.0 1. 1.0 1 0
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Figure 11: ANFIS Training Output for Patient Number 12.

6. DISCUSSIOIN OF RESULTS

1Y)

2)

CANFES Model is shown in figure 4 (a). It also has
the ANFIS model as its root. An unsupervised
learning algorithm which is known as Kohonen Self
Organizing Feature Map (KSOFM) is used to train
the network. Since only input data is entered into the
network, this input data represent the symptoms
indicated by patients. The presence of a symptom is
represented by 1 and the absence of a symptom is
represented by 0. The neural network’s target output
is 1 which indicates the presence of malaria or 0
(zero) which indicates the absence of malaria. The
input data is fed into the neural network and trained
by the KSOFM learning algorithm. In training the
network, the KSOFM algorithm maps the input data
to the membership functions of their fuzzy values. If
the value of the output is not equal to 1, a back
propagation learning algorithm is then applied in
order to train the network by adjusting the weights.
Architecture of the back propagation network is
shown in figure 4 (b). Conceptually, the adjustment
of weight here will represent the probe for other
signs or symptoms that can tend towards the
diagnosis of malaria by moving the value of the
output to tend towards 1 or to be 1 which is the
target output, which indicate the presence of
malaria. The input data was captured from the data
set of patients who were considered for malaria at
the University of Ilorin Health Centre. The table of
input data is shown in the appendix.

The Architectural Framgwork of CANFES Model is
shown in figure 5. Most of the architectural
frameworks for neuro-fuzzy expert systems which
have been proposed and reported in the literature
only portray the neural network and fuzzy logic
features therefore leaving out the expert system
component. The developed framework has been able
to capture all the basic features and components of
neural networks, fuzzy logic (fuzzy inference
system) and expert system in totality. This

~
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3)

framework is being developed for the embodiment
of knowledge and to enhance and encourage
research in the field of coactive neuro-fuzzy
modeling. As shown in figure 5, the knowledge
engineer and human expert (domain expert) have
long sessions of dialogue in order to elicit
knowledge for the expert system. The result of the
communication and dialogue between the
knowledge engineer and domain expert establishes
the knowledge acquisition module. The acquired
knowledge is then deposited into the knowledge
base. Neural inputs which are numerical in nature
are entered into the neural network for processing,
the neural outputs is then fuzzified into fuzzy values
which are linguistic in nature before entering the
inference engine where decisions (such as diagnosis)
are made. If the output from the inference engine
does not conform to the target output or does not
precisely give the diagnosis, then the hybrid learning
rule is being applied to train the neural network and
the input data is reprocessed by adjusting weights
(training) before it is being sent back to the
inference  engine.  The  inference  engine
communicates with the knowledge base in order to
apply appropriate rules for decision making. The
output from the inference engine (decision) is then
sent into an explanation facility where the actual
result or output will be interpreted to the user. The
user interacts with the expert system by asking
questions or performing queries, and the expert
system gives its response according to the decision
made in the inference engine.

Simulation of the Coactive Neuro-Fuzzy Expert
System (CANFES) Model: Two input data sets were
used in the simulation of the CANFES model. The
input data for patient number 1 (patient with serial
number 1) as shown in Table 1 in the Appendix is
given the variable name Patentl. The ANFIS
Training for Patentl is shown in figure 8. The result
is indicated by ANFIS information, which states
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that, there are 1503 -ﬂsm parameters,
54 nonlinear pmmdﬂa pairs, no

checking data pairs amd ¥ The Output
of the ANFIS trainimg r 1 is shown
in figure 9. This i he output aggregates
to 1, which & of malaria in the

patient. The mmpet r patient number 12
(patient w‘m 12) as shown in Table 1
X the variable name Patent2.
for patient number 12 is shown
~The corresponding output for the

i srocess is given in figure 11. The output
also ageregates to 1 indicating the presence of
malaria in the patient.

6.1. Research Output

The outcome of this research are the development of the
coactive neuro-fuzzy expert system (canfes) model for
diagnosis of malaria; and the design of an architectural
framework for the CANFES Model.

7. CONCLUSION

The need for ICT-based diagnosis cannot be over emphasized.
This paper which demonstrates the practical application of
information and communication technology in the medical
domain has presented a coactive neuro-fuzzy expert system
that can help in the diagnosis of malaria. The extended ideas
of CANFIS which is a generalized form of ANFIS, which was
presented in the framework of CANFES, have been introduced
in this paper. Hence, CANFES was adopted from CANFIS
which has its basis in ANFIS. While CANFIS is used in the
development of controllers, CANFES is used in the
development of expert systems, where human expert
knowledge is represented and decisions are made in real time.
This paper has shown the practical applicability of neuro-
fuzzy methodology in the diagnosis of malaria. The hybrid
learning rule has enhanced the performance of the system
much more than the previous systems where just the back
propagation learning rule was used.
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