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ABSTRACT

This study explores a data mining technique to solve the problem associated with the medical diagnosis of acute
inflammations and acute nephritises of the urinary system. Medical diagnosis is a complex classification
problem that lacks an analytic or algorithmic solution. The diagnosis problem considered is a classification
problem with two types of decision patterns. First, the pattern of the problem is irregular and therefore hard to
explicitly derive an analytical or algorithmic solution. Second, the pattern is to determine the classification
accuracy reached. Modelling of the data was done using Back Propagation. A feed forward neural network
model using six neuron input and varied numbers of hidden neuron was used. The model is trained and tested by
partitioning the data into a ratio of four to one (4:1). The four-fifth, which is eighty percent (80%) of the data, is
then used for training while the remaining one-fifth, twenty percent (20%), is used for testing the trained neural
network model. The output is compared to a known result until the network output error is significantly reduced.
The output shows the classification accuracy of the model to be approximately ninety percent (90%), which
implies that only one out of ten classifications is incorrect.
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I. INTRODUCTION

Medical diagnostic process is as complicated and complex likes every other diagnostic processes.
Patients might not adequately describe how they actually feel and what they are feeling in their body;
healthcare providers may perhaps not interpret the information provided by the patients correctly;
laboratory results are not immediate and could have some errors. Medical diagnosis, like other
diagnostic processes, is made more complex because of the level of imprecision involved. Patients
may not be able to describe exactly what has happened to them or how they feel; doctors and other
health care practitioners may not understand or interpret exactly what they hear or observe; laboratory
reports are not instantaneous and may come with some degree of error (Szolovits, 1988). Medical
diagnosis refers to both processes of determining the identity of a possible disease or disorder and
opinion reached by the process. Medical diagnosis has always been an art: which brings to mind
famous doctors as well as famous painters or composers. An artist, for instance, is someone who is
skilled and able carry out imaginative art. This is exactly what a good physician does during a medical
diagnosis procedure. A physician employs his education, experiences, and talent, to diagnose a
disease. A typical diagnostic procedure usually starts with a patient’s complaints and a doctor learning
more about the patient’s situation interactive with him/her during an interview, as well as measure
some metrics, such as his/her blood pressure and the body temperature. The diagnosis is then
determined by taking the whole available patients’ status into account. Depending on the diagnosis, a
suitable treatment is prescribed and the whole process may be iterated. In each of the iterations, the
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diagnosis might be reconfigured, refined or rejected. Each diagnosis considers diverse symptoms
generated by diverse causes which are added to the patient’s background. Epidemics are also
considered as well as genetic factors. Only then can a full diagnosis emerge. After a while, the
physician would be more experienced, but just gradually and in one branch of medicine. The
complexity of the medical diagnosis is revealed in the length of time devoted by medical training
compared with other professions.

The major task of medical science is to prevent and diagnose diseases. However, this study only

focuses on diagnosing diseases, which is not a direct or simple task. Brause (2001) highlighted that

almost all physicians are confronted with the task of learning to diagnose during their workmanship.

They have to deduce certain diseases and formulate a treatment based on more or less specified

observations and knowledge. Listed below are some of the difficulties in medical diagnosis that have

to be taken into account:

. A sufficient number of experienced cases form the basis for a valid diagnosis and are only
achieved in the middle of a physician’s career, not at the end of the programme. This is
especially true for rare or new diseases, where the experienced physicians are in the same
situation as newcomers.

+ Particularly, human beings do not resemble statistic or computers but pattern recognition systems.
Humans can recognize patterns or objects very easily but will fail, when probabilities have to be
assigned to observations.

» The quality of diagnosis totally depends on the physician’s talent as well as his/her experiences.

* Emotional problems and fatigue degrade the doctor’s performance.

» The training procedure of doctors, in particular specialists, is a lengthy and expensive one. So even
in developed countries, lack of Medical Directors may be felt.

» Medical science is one of the most rapidly growing and changing fields of science. New results
disqualify the old treats, and new cures/drugs are introduced day by day. In the same vein,
unknown diseases turn up every now and then. So a physician should always try hard to keep
him/herself up to date.

Regarding problems above and many others, the question would be how computers can help in

medical diagnosis. Due to the complexity of the task involved in medical diagnosis, it has not been

realistic yet to expect a fully automatic, computer-based, medical diagnosis system. However, recent
advances in the field of intelligent systems have facilitated a wider usage of computers, armed with

Acrtificial Intelligence (Al) techniques, in medical diagnosis. Considering the low-cost, high speed and

efficiency computers available in the markets today, a good number of patients can be attended to

with a well designed intelligent diagnostic system. This will provide physicians the opportunity to
focus on more serious cases. Hence, this paper attempts to provide a relatively efficient solution for
designing a prompt medical diagnosis using the Data Mining technique called Neural Networks.

Although Al has severally been employed in medical diagnosis, effective diagnostics systems are still

desirable (Djam & Wajiga, 2012). Physicians have not fully accepted conventional decision support

systems for the following reasons:

a)  Medical field is so complex and complicated that Safety is paramount. To this effect, physicians
are concerned about the accuracy of decision support systems (Kim et al 2008).

b)  Most Decision support system is design is such a way that is not very easy for user to make use
of it or have a good understanding of what the system is all about, which is the causes of the
indifference in the utilization of the DSS (Khan et al 2000) .

c)  The physicians believe in their absolute knowledge of medical phenomena, and become averse
to consultative suggestions by computer-based decision support systems (Berner, & Graber,
2008).

The foregoing clearly suggests that medical diagnosis is a complex classification problem that
analytically lacks algorithmic solution. Therefore we have explored a data driven approach and a data
mining technique to solve the problem. Data Mining is concerned with the design and development of
mechanisms that allow computers to evolve behaviour based on knowledge gained from the dynamic
observation process. To this end, we explored a multilayer neural network with the back-propagation
algorithm that can learn from examples, capture and classify subtle functional relationships among the
data even when the underlying relationships are unknown or hard to describe.

The remaining part of this paper is organized as follows. Section 2 describes literature review. Section
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3 presents the methodology. Section 4 describes the implementation and Section 5 concludes the
paper.

Il. LITERATURE REVIEW

In Neural Network domain solution to problems can be achieved without knowledge of the problems.
Neural network can solve problems in as much as there is a known number of attributes to a particular
problem with predicted result. This is a very helpful tool for discovering hidden information.
However, expert systems have been developed by researchers to diagnose and solve complex medical
problems such as the diagnosis of acute inflammation and acute nephritis in urinary system.
Supervised learning methods such as support vector machine (SVM), K-nearest neighborhood (KNN)
have also been used for medical diagnosis. The initial attempt at creating a decision making tools
started by applying statistical techniques to medical diagnosis pioneered by Lipkin, Hardy, and Engle
in the 1950s (Kulikowski, 1987). This later paved way for Artificial intelligence (Al) due to the
inadequacy of the statistical techniques to solve complex medical problems (Gorry, 1973).

Heckerling et al (2007) used artificial neural networks (ANN) coupled with genetic algorithms to
evolve combinations of clinical variables optimized for predicting urinary tract infection.

Mazurowski et al (2008) investigated the effect of class imbalance in training data when developing
neural network classifiers for computer aided medical diagnosis. The investigation is performed in the
presence of other characteristics that are typical among medical data, namely small training sample
size, large number of features, and correlations between features.

Zhang et al (2008) presented a method for developing a fully automated Computer aided diagnosis
system to help radiologist in detecting and diagnosing micro-calcifications in digital format
mammograms. Higuchi, et al (2006) tested a three-layered artificial neural network analysis of
phonocardiogram recordings to diagnose, automatically and objectively, the condition of the heart in
patients with heart murmurs.

Medical Diagnosis using Artificial Neural Networks is currently a very active research area in
medicine and it is believed that it will be more widely used in biomedical systems in the next few
years. This is primarily because the solution is not restricted to linear form. Neural Networks are ideal
in recognizing diseases using scans since there is no need to provide a specific algorithm on how to
identify the disease. Neural networks learn by example so the details of how to recognize the disease
is not needed.

2.1 Data Mining

Data Mining (DM) is an aspect of Computer Science that is very recent and employ statistical
techniques such as artificial intelligence, database and so on. The basis of the methodologies of DM
can be found in the integration of statistical methods into artificial intelligent techniques for
administering databases and its capability to discover patterns and correlations contained by large
amount of data that will enable the creation of models (Malucelli et al., 2010; Worachartcheewan et
al., 2010).

2.1.1 Descriptive and Prescriptive Data Mining

2.1.1.1 Descriptive Data Mining

The descriptive DM identifies the patterns or relationships in data and explores the properties of the
data examined (Deshpande & Thakare, 2010). It describes all the data, it includes models for overall
probability distribution of the data, partitioning of the p-dimensional space into groups and models
describing the relationships between the variables. Clustering, association rule discovery, sequence
discovery and summarization are some of the examples of descriptive data mining.

2.1.1.2 Prescriptive Data Mining Modelling

Predictive modeling permits the value of one variable to be predicted from the known values of other
variables. Classification, Regression, Time series analysis, Neural Networks etc are some examples of
prescriptive data mining modeling. Tan et al. (2009) pointed out that several DM applications aimed
to predict imminent state of the data. Prediction is the ability to analyze the past and current attributes
to determine the future state.
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2.2 Neural Networks

An Acrtificial Neural Network (ANN), often just called a "Neural Network™ (NN), is a mathematical
model or computational model, in other words, they imitate the way the human brain learns and use
rules inferred from data patterns to construct hidden layers of logic for analysis (Singh & Chauhan,
2005). NNs constitute the most widely used technique in DM. According to Hajek (2005) a NN is a
massively parallel-distributed processor that has a natural tendency for storing experiential knowledge
and making it available for use. It resembles the brain in two respects:
(i) Knowledge is acquired by the network through a learning process; and (ii) Interneuron connection
strengths known as synaptic weights are used to store the knowledge.
A NN is a graph, with patterns represented in terms of numerical values attached to the nodes of the
graph and transformations between patterns achieved via simple message-passing algorithms (Jordan
& Bishop, 1996). NN topologies can be divided into feed-forward and recurrent classes according to
their connectivity (Yao, 1999; Singh & Chauhan, 2005). The feed-forward neural network was the
first and arguably simplest type of artificial neural network devised. In this network, the information
moves in only one direction, forward, from the input nodes, through the hidden nodes and to the
output nodes. A NN is feed forward if there exists a method, which numbers all the nodes in the
network such that there is no connection from a node with a large number to a node with a smaller
number. All the connections are from nodes with small numbers to nodes with larger numbers. A NN
is recurrent if such a numbering method does not exist. Contrary to feed-forward networks, Recurrent
Neural Networks (RNs) are models with bidirectional data flow. While a feed forward network
propagates data linearly from input to output, RNs also propagate data from later processing stages to
earlier stages.
Learning in ANN can roughly be divided into supervised, unsupervised, and reinforcement learning
(Yao, 1999; Singh & Chauhan, 2005). Supervised learning or associative learning is based on direct
comparison between the actual output of an ANN and the desired correct output, also known as the
target output. The reinforcement learning is a special case of supervised learning where the exact
desired output is unknown. It is based only on the information of whether or not the actual output is
correct. The unsupervised learning is solely based on the correlations among input data. No
information on “correct output” is available for learning.
According to Larose (2006) there are two general categories of neural net algorithms: supervised and
unsupervised. Supervised neural net algorithms such as Back propagation and Perceptron require
predefined output values to develop a classification model. Among the many algorithms, Back
propagation is the most popular supervised neural net algorithm (Han & Kamber, 2006).
Unsupervised neural net algorithms do not require predefined output values for input data in the
training set and employ self organizing learning schemes to segment the target dataset. For
organizations with a great depth of statistical information, ANNs are ideal because they can identify
and analyze changes in patterns, situations, or tactics far more quickly than any human mind, as
indicated by Guo (2003). Although the neural net technique has strong representational power,
interpreting the information encapsulated in the weighted links can be very difficult. One important
characteristic of neural networks is that they are opaque, which means there is not much explanation
of how the result was obtained and what rules are used.

There are two types of Neural Networks based on network topology and these are: (i) Feed-Forward

Neural Network (FFNN) and (ii) Feed-Back Neural Network (FBNN).

i) Feed-Forward Neural Networks

In Feed-Forward Neural Networks (FFNNs), information moves only in the forward direction from

the input layers, via the hidden layers (if any) and to the output layers. The FFNNs were the first and

most widely used models in many practical situations. They can match the input vectors and the
output vectors. The output at any particular time is dependent on only the corresponding input. This is
because FFNNSs are easily to train and they produce a response to an input quickly.

Examples of feed-forward networks include the single-layer perceptron, ADALINE, multilayer
perceptron, radial basis function, learning vector quantization network, probabilistic neural
network, generalized regression neural network, etc.

ii) Feed-Back Neural Networks

510 | Vol. 8, Issue 4, pp. 507-520



International Journal of Advances in Engineering & Technology, Aug., 2015.
OIJAET ISSN: 22311963

In the Feed-Back Neural Networks (FBNNS), there are feedback connections from one layer to
another. That is, there is a bi-directional data flow and data are also propagated from the outputs to the
input layers. These types of networks have a dynamic memory in that any particular output is a
function of the current input and past inputs and outputs.

FBNNs are best suited for optimization problems where the neural network looks for the best
arrangement of interconnected factors. They are also used for error-correction and partial-contents
memories where the stored patterns correspond to the local minima of the energy function.

Examples of feed-back neural networks include Boltzman machine, Elman networks, recurrent
network, and so on.

2.2.1 Multilayer Perceptron

A Multilayer Perceptron is a feed-forward artificial neural network that maps sets of input data onto a
set of appropriate output. It is a modification of the standard linear perceptron in that it uses three or
more layers of neurons (nodes) with nonlinear activation functions, and is more powerful than the
single perceptron in that it can distinguish data that is not linearly separable, or separable by a hyper-
plane (Chandra et al., 2007).The error signals are used to calculate the weight updates which represent
knowledge learnt in the networks. The performance of back propagation algorithm can be improved
by adding a momentum term (Quinlan, 1993; Setiono & liu, 1995).The error in back propagation
algorithm is minimized by using equation 1 formula.

E= %E?:ﬁ:t;' - y:)? )1 1)

Where n=number of epochs, t; is desired target value associated with ith epoch and yi is output of the
network. To train the network with minimum possibility of error we adjust the weights of the network
(Setiono & Liu, 1995; Rudy & Huan, 1995).

I1l. METHODOLOGY

We employ multilayer artificial neural networks for the study with back propagation algorithm.
Multilayer neural networks emerged to overcome the practical limitations of the perceptron and the
LMS (Least Mean Square) algorithms (Haykin, 2009). The basic features of the multilayer perceptron
include:

* A model of each neuron in the network, which includes a nonlinear activation function that is
differentiable. A network containing one or more layers that are hidden from both input and
output nodes.

* A network that exhibits a high degree of connectivity, the extent of which is determined by
synaptic weights of the network.

output

layer
x1 —01
x2 —02
x3 —03

Figure 1: A multilayer feed forward network using a supervised learning algorithm.

Among the supervised learning algorithms is the back propagation shown in Figure 1.

3.1 Back Propagation

Minsky & Papert (1969) showed that there are many simple problems such as the exclusive-or
problem, which linear neural networks cannot solve. The term "solve" means to learn the desired
associative links. The argument is that if such networks cannot solve such simple problems, then it
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would be impossible to solve complex problems in computer vision, natural language processing, and
motor control. Solutions to this problem were as follows:
a) Select appropriate "recoding" scheme which transforms inputs
b) Perceptron Learning Rule -- Requires that one correctly "guesses" an acceptable input to hidden
unit mapping.
c) Back-propagation learning rule -- Learn both sets of weights simultaneously.
Back propagation is a form of supervised learning for multilayer networks. Error data in the output
layer is "back propagated" to earlier ones, allowing incoming weights to these layers to be updated. It
is most often used as a training algorithm in the current neural network applications. The back
propagation algorithm was developed by Paul Werbos in 1974 and rediscovered independently by
Rumelhart et al.(1986). Since its rediscovery, the back propagation algorithm has been widely used as
a learning algorithm in feed forward multilayer neural networks. The algorithm is different from the
other algorithms in the process given that weights are calculated during the learning process. In
general, the difficulty with Multilayer Perceptron is calculating the weights of the hidden layers in an
efficient way that can result in the least (or zero) output error. The more hidden layers there are, the
more difficult it becomes to calculate the weights. To update the weights, one must calculate an error.
At an output layer this error is easily measured; this is the difference between the actual and desired
(target) outputs. At the hidden layers, however, there is no direct observation of the error. Hence,
some other technique must be used to calculate the error at the hidden layers that will cause
minimization of the output error, as this is the ultimate goal. The back propagation algorithm is a good
mathematical tool and the execution of the training equations is based on iterative processes. As a
result, it is easily implemented on a computer.
According to Kwon (2014), an important consideration of the back propagation algorithm is its
complexity, that is, the amount of time or resources that it requires to solve a problem.
3.1.1 Types of Back Propagation Training
According to Paulin & Santhakumaran (2011), there are many variations of the back propagation
algorithms, four of which are described as follows:
i) Steepest Descent Algorithm
This is a first-order algorithm utilizing first-order derivative of total error function. The result is used
to determine the minima error space. The algorithm is denoted by gradient g which is represented by
equation (2):

)

With the definition of gradient g in (equation 3), the update rule of the steepest descent algorithm
could be written as

_ BE(xw) [ag aE 8E ]"
9= dw

dwry dwy o dwpy

Wiy = Wi — X8y (3)
Where  is the learning constant (step size).

The training process of the steepest descent algorithm is asymptotic convergence. Around the
solution, all the elements of gradient vector would be very small and there would be a very tiny
weight change.

i) Newton’s Method
Newton’s method assumes that all the gradient components gs, g2, ..., gn are functions of weights and
all weights are linearly independent:

gi=Fi (w) 4)
wherei=1,2,...,.N
Where F4, F2,... Fy are nonlinear relationships between weights and related gradient components.
Unfold each g1 (i=1, 2,..., N) in Equations 4 by Taylor series and take the first-order approximation:

= Aw.
. ]
gi= gio+z :}.:13“’1 (5)

where i=1,2,...... , N By combining the definition of gradient vector g in (3), it could be determined
that
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By inserting Equation 6 to 5 gives equation 7:
T

%ﬁwj
ga=gio+: :}.:1 1 ()

where 1=1,2,...... ,N

Comparing with the steepest descent method, the second-order derivatives of the total error function
need to be calculated for each component of gradient vector.

In order to get the minima of total error function E, each element of the gradient vector should be
zero. Therefore, left sides of the Equations 7 are all zero, then

N
z
;.v-}:z ﬂwj
0= gio+: :}.:1 ] (8)

wherei=1,2,...N
By combining Equation 3 with 8

N
§ 8%E
Aw,
__8E — . awjz i 9
Bwj - Gio =1 ( )

1
Where i=1,2, ...., N
There are N equations for N parameters so that all AW can be calculated. With the solutions, the

weight space can be updated iteratively.
Equations 9 can be also written in matrix form

- ag -+ [2°E 8*E 8*F 7
T Aw. fwi dw, fwy dw, dwpy
-9, _ 8E 8°E aﬂgz 8°E Aw,
~9; Ben| | Twaden w9t Aw,
8E 8*E 8*E 8*E X
— G - L dwpg- = Lihwpgdw, dwpydwy Bl ﬂ.'l-‘l.ﬁ,—
where the square matrix is Hessian matrix:
r 8%e 8°E 8'E
E dw, dwy - dw, dwy
8*E 8*E 8*E
H = dwrg thwry E‘wi dwg dwy
8'E 8'E 8*E
Ldwrpgdw, dwpydw, o dwi; (10)
By combining Equations 3 and 10 with Equation 9
—g = HAw (11)
So
Aw= —H g (12)
Therefore, the update rule for Newton’s method is
Wisr =W, — Hilg, (13)

As the second-order derivatives of total error function, Hessian matrix H gives the proper evaluation
on the change of gradient vector.

iii) Gauss — Newton Algorithm
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If Newton’s method is applied for weight updating, in order to get Hessian matrix H, the second-order
derivatives of total error function have to be calculated and it could be very complicated.
In order to simplify the calculating process. Jacobian matrix J is introduced as

de, . B8y L
Bw, B, Bwy
B0 desg B0
Bw, B, Bwy
dey Begy . Peiy
j-,‘ — e aer
dep,  dep, | Pepy
Bw,  Bwg Bwy
E'aP.: BEP.: Yo E!sP.:
Bep dep dep
L dw, dwy, o dwryy (14)

Obviously, the advantage of the Gauss-Newton algorithm over the standard Newton’s method is that
the former does not require the calculation of second-order derivatives of the total error function, by
introducing Jacobian matrix J instead. However, the Gauss-Newton algorithm still faces the same
convergent problem like the Newton algorithm for complex error space optimization. Mathematically,
the problem can be interpreted as the matrix J'J may not be invertible.

iv) Levenberg-Marquardt Algorithm
The Levenberg-Marquardt(LM) algorithm (Levenberg, 1944; Marquardt, 1963), which was
independently developed by Kenneth Levenberg and Donald Marquardt, provides a numerical
solution to the problem of minimising a non-linear function. As the combination of the steepest
descent algorithm and the Gauss-Newton algorithm, the Levenberg-Marquardt algorithm switches
between the two algorithms during the training process.
The LM is utilized in this study because it combines the features of steepest descent and Gauss
Newton algorithm and it is also fast with a stable convergence. Secondly, in the artificial neural-
networks field, this LM algorithm is suitable for training small and medium sized problem.

3.2 Data Collection

In this study, 120 datasets are collected from University of California Irvine (UCI) repository and
these served as the knowledge source for this study. The data is separated into inputs and targets. The
attributes selected will act as the inputs to the Multilayer Perceptron using Back Propagation
algorithm. The targets for the feed-forward neural network will be identified with 1's as decisionl
(Acute Inflammation) and Q's as decision2 (Acute Nephritis).

They defined the relevant attributes in taken decisions for diagnosing urinary diseases such as the
acute inflammation and acute nephritis. Acute inflammation will occur when a patient feels any pains
in the abdomen area and there is constant urine coming out (urine_pushing) due to micturition pains
and deficiency of urine keeping at maximum temperature of 38°C. Acute nephritis will occur when
there is a symptom of fever at a minimum temperature of 40°C and it is commonly found in women
than in men. The sign of a fever comes with a patient shaking with lumbar pains on one side or both
sides which will be very strong.

The dataset containing the attributes indicated in Table 1 is fed into the Neural Network toolbox of
MATLAB 2013 to generate the percentage of the classification of decision of diseases of the patient
being diagnosed. A feed forward neural network model using six neuron input and varied numbers of
hidden neuron is used. The model is trained and tested by partitioning the data into a ratio of four to
one (4:1). The four-fifth, which is eighty percent (80%) of the data, is then used for training while the
remaining one-fifth, twenty percent (20%), is used for testing the trained neural network model.

The attributes (Temperature, Nausea, Lumbar_pain, Urine_pushing, Micturition_pains and
Urethra_pains) and the decisions(decisionl and decision2) are used to determine the classification
accuracy of the model. The Table 1 shows the list of attributes and decisions used in this study.
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Table 1: Attribute Selection on Urinary medical Details

Attributes Name Data type
Temperature Numeric
Nausea Nominal
Lumbar_pain Nominal
urine_pushing Nominal
micturition_pains Nominal
urethra_pains Nominal
Decision1(Acute Inflammation) Nominal
Decision2(Acute Nephritis) Nominal

3.3 Normalization

The normalization process for the raw inputs has great effect on preparing the data to be suitable for
the training. Without this normalization, training would have been very slow. There are many types of
data normalization. It can be used to scale the data in the same range of values for each input feature
in order to minimize bias. Data Normalization standardize the raw data by converting them into
specific range using linear transformation which can generate good quality clusters and improve the
accuracy of clustering algorithms. Data normalization can also speed up training time by starting the
training process for each feature.
Neural network could achieve a better performance by processing the network input and target before
presenting them for network use. The processing of the input data is done with normalization
procedure before subjecting the data to network use. The processing is to eliminate any discrepancy
with mixed variable of large and small magnitude which may be difficult for learning algorithm for
figure out the importance level and may subsequently reject variable with less magnitude (Tymvios et
al., 2008). This is one of the major benefits of normalization procedure on training data as well as
increased speed of training in the neural network. The normalization procedure can also help to handle
input with varied scale which is useful to applications that have input on a widely different scale.
There are many types of data normalization and they implement techniques such as product rule, sum
rule, min rule, max rule and so on.

i) Z-Score Normalization
The technique applies mean and standard deviation across training data set to normalize the features
of each input vector. The computation of the mean and standard deviation of each feature is then
performed. The equation to achieve the transformation is given as

i ey
a (3.1)
The output result with a zero mean and unit variance for each of the features. In order to achieve the
output, normalization on all the feature vectors is performed. This result in a new training set on
which mean and standard deviation are computed. However, the training set need be retained to serve
as weight in the final design. The process enumerated above is called pre-processing stage of the
neural network structure which significantly improves the performance of the overall network as
opposed to using un-normalized data. It also eliminates the effects of outliers in the data.
i) Min-Max Normalization

The technique used for normalization is performed using linear transformation on the raw data. Xwin
and Xwax represent the minimum and maximum values for the attribute X which is mapped between
the range of 0 and 1. The technique used in computation of Min-Max normalization is shown by
equation (3.2)

i _  (x—xmin)

X (15)

{xmax—xmin)

The min-max normalization can also be scaled into range of [-1, 1] using the equation (3.3) below
2 +(x—xmin)

Xf=——1 (16)

(xmax—xmin)

iii) Median Normalization
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The median method normalizes each sample by the median of raw inputs for all the inputs in
the sample. It is a useful normalization to use when there is a need to compute the ratio between two
hybridized samples. Median is not influenced by the magnitude of extreme deviations. It can be more
useful when performing the distribution.

P — *i
= median(a;) (17)
iv) Sigmoid Normalization

The sigmoid normalization function is used to scale the samples in the range of 0 and is used to scale
the samples in the range of 0 and 1 or -1 to +1. There are several types of non-linear sigmoid
functions available. Out of that, tan sigmoid function is a good choice to speed up the normalization

process. If the parameters to be estimated from noisy data the sigmoid normalization, method is used.
(18)

i_ & e

N

v) Mean and Standard Deviation Normalization
This technique scales the network inputs and targets by concentrating on the mean and standard
deviation of the training set. The network inputs and targets are normalized to obtain zero mean and a
unit standard deviation. A system that applies this technique in pre-process stage for training data set
must use a new set of input for the trained network. The new data set can then the trained along with
the mean and standard deviation of the previously pre-process data of the original data set. The
computation is achieved using:

¥atd

}Fi = (xl —xmean] X a + Ymean (19)

(Jayalakshmi & Santhakumaran, 2011)

In this study we employed the sigmoid Normalization method, first to remove biases from the dataset
and second, because the values of most of the attributes are in the interval of 0 and 1. Mago et al.
(2012) found that the sigmoid function is more suitable for medical diagnosis that was the third reason
why the sigmoid normalization method was adopted for this study.

3.4 Experimental Setup

In this paper, we use a 3 hidden layer network for our design. The training for the network involves
the following steps:
Start
Initialize the weights in the network (often randomly)
Do
For each example e in the training set
O = neural-net-output(network, €) ; forward pass
T = teacher output for e
Calculate error (T - O) at the output units
Compute delta_wh for all weights from hidden layer to output layer; backward pass
Compute delta_wi for all weights from input layer to hidden layer; backward pass
continued
Update the weights in the network
Until all examples classified correctly or stopping criterion satisfied
Return the network
End
The network consists of six input variable, denoting the symptoms of the diagnosis, two output
neurons, each for a particular diagnosis category. We vary the number of neurons of the hidden layer
and compared with the output the network output error was totally reduced. Figure 2 depicts the
model.
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Figure 2: The Multilayer Network for our model

IV. [IMPLEMENTATION

This section describes the implementation of the Back propagation algorithm in building the neural
networks to diagnose the two diseases of the urinary system as discussed earlier. The graph on figure
3 of the training session showed the training functions tested with the network. It was observed that
Levenberg Marquardt(trainlm) give optimum performance at 78 epochs. Samples of the trained data
were taken and used to train the network using various epochs until the network outputs were very
close to known results, which means that the error has been totally reduced. The testing result showed
that the model accuracy for classification was 90%. This means that out of every 10 classifications
made only one is incorrect.

Performance is 9.95904e-006, Goal is 1e-005
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Figure 3: Learning Curve

V. CONCLUSION

There is a growing trend in the use of neural network solution in the medical domain. With increased
level of acceptance of medical diagnosis technology which is viable tool that can assist physicians and
other health professionals in decision making. Having implemented and tested the Neural Network
(NN) solution based on the use of back propagation algorithm for training, we have discovered that
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with NN, it is possible to implement the human intelligence for medical diagnosis. With traditional
techniques, one must understand the inputs, the algorithms, and the outputs in great detail before one
can implement a solution. With ANN, one simply shows it: "this is the correct output, given this
input". With an adequate amount of training, the network will mimic the function being demonstrated.
Using the Back propagation algorithm with early stopping generalization method to build network can
effectively avoid the problem of over fitting in neural network models. The output shows the
classification accuracy of the model to be approximately ninety percent (90%), which implies that
only one out of ten classifications is incorrect.
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