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Abstract

In this paper, we purpose a diagnostic procedure to identify the macular disease from pattern electroretionography (PERG) signals using

artificial neural networks (ANN) methods. Multilayer feed forward ANN trained with a Levenberg Marquart backpropagation algorithm was

implemented. The designed classification structure has about 96% sensitivity, 100% specifity and correct classification is calculated to be

98%. The end results are classified as Healthy and Diseased. Testing results were found to be compliant with the expected results that are

derived from the physician’s direct diagnosis, angiography and Arden ratio of electrooculogram (EOG). The stated results show that the

proposed method could point out the ability of design of a new intelligent assistance diagnosis system.

q 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

The macula is a small and highly sensitive part of the

retina responsible for detailed central vision. The macula

allows us to appreciate detail and perform tasks that require

central vision such reading. The macula can be affected by a

number of pathologies including trauma, infection, degener-

ation, vascular and inflammatory problems, etc. (Bach et al.,

2000; Heckenlively & Arden, 1991).

Macular diseases determination can be done with

differential diagnosis processes. Some of these procedures

are include color vision testing, pupillary reflexes, macular

dazzle, fluorescent angiography, the visual evoked potential

(VEP), pattern electroretinogram (PERG) and electrooculo-

gram (EOG) (Bach et al., 2000; Heckenlively & Arden, 1991;

Tasman, 1992). The visual electrophysiology diagnostic tests

reflect retinal, macular, optic nerve and visual pathway

function, and provide important information for ocular disease

diagnosis and treatment. Currently, it is considered as the only
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objective way to determine the function of the retina

(Heckenlively & Arden, 1991; Maffei & Fiorentini, 1981).

The PERG is a retinal response determined using a

reversing black and white checkerboard pattern and

investigates many pathological conditions of the retina

(Heckenlively & Arden, 1991). It receives clinical and

research attention because it can provide information about

inner retinal cells and the macula. The PERG is measured by

an electrode embedded in a contact lens, which is placed on

the subject’s left cornea and can be plotted as a waveform in

time domain. The terms latency and amplitude describe the

timing (in m/s) and size (in (V), respectively. The complex

electrophysiological waveforms consist of those positive and

negative signals which are generated from different cells

(Bach et al., 2000; Heckenlively & Arden, 1991; Maffei &

Fiorentini, 1981; Tasman, 1992). The normal response

consists of at least three waves (Fig. 1). The first, small,

cornea-negative wave arises with a delay of about 35 ms and

is called N35; the second; a major positive wave, peaks at

about 50 ms (P50) and the last is followed by a negative wave

through at 95 ms (N95) (Heckenlively & Arden, 1991).

The stimulus consists of a checker-board. The computer

records the PERG response samples over a period of

204 ms. The time progression of these frames forms a

contour, which is examined by a medical expert to

determine the presence of eye diseases (Heckenlively &

Arden, 1991).
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Fig. 1. Normal PERG with the components labelled.

Fig. 2. Set-up of the system.
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In biomedicine, the assessment of vital functions of the

body often requires noninvasive measurements, processing

and analysis of physiological signals. Examples of

physiological signals found in biomedicine include the

electrical activity of the brain—the electroencephalogram

(EEG), the electrical activity the heart—the electrocardio-

gram (ECG), the electrical activity the eye—i.e. PERG and

EOG—respiratory signals, blood pressure and temperature

signals (Lipoth, Hafez, & Goubran, 1991; Lisboa, Ifeachor,

& Szczepaniak, 2000).

Often, biomedical data are not well behaved. They vary

from person to person, and are affected by factors such as

medication, environmental conditions, age, weight, mental

and physical state. Consequently, clinical expertise is often

required for a proper analysis and interpretation of medical

data. This has led to the integration of signal processing with

intelligent techniques such as artificial neural networks

(ANN), expert systems and fuzzy logic to improve

performance (Lisboa et al., 2000).

ANN has been proposed as a reasoning tool to support

clinical decision-making since 1959 (Ledley & Lusted,

1959). Some problems encountered have led to significant

developments in computer science, but it was only during

the last decade of the last century that decision support

systems have been routinely used in clinical practice on a

significant scale (Lisboa et al., 2000).

The literature reports several applications of ANNs to the

recognition of a particular pathology. For example, cancer

diagnosis (Abbass, 2002; Zhou, Jiang, Yang, & Chen,

2002), automatic recognition of alertness and drowsiness

from electroencephalography (Vuckovic, Radivojevic,

Chen, & Popovic, 2002), predictions of coronary artery

stenosis (Mobley, Schechter, Moore, McKee, & Eichner,

2000), analysis of Doppler shift signals (Kara, Güven,

Okandan, & Dirgenali, in press; Übeyli & Güler, 2003;

Wright & Gough, 1999), classify and predict the
progression of thyroid-associated ophthalmopathy (Salvi,

Dazzi, Pelistri, Neri, & Wall, 2002), diabetic retinopathy

classification (Nguyen et al., 1996), saccade detection in

EOG recordings (Tigges, Kathmann, & Engel, 1997), ERG

classification (Lipoth et al., 1991) and PERG classification

(Kara and Güven, in press).

This research is concentrated on the diagnosis of macular

disease through the analysis of PERG signals with the help

of an ANN. We have employed the ANN for the purpose of

distinguishing between healthy and diseased eye. Most of

the research in this area concentrative on auxiliary systems

that will assist the physician with the decision making part

of the diagnosis. The aim is to help the ophthalmologist

interprent the output of the examination systems easily and

diagnose the problem accurately (Chan, Chan, Lam, Lui, &

Poon, 1997; Türkoğlu, Arslan, & İlkay, 2002; Wright,

Gough, Rakebrandt, Wahab, & Woodcock, 1997).
2. Material and methods

In this study, PERG signals were obtained from 263

subjects. The group was consisting of 142 females and 121

males with ages ranging from 22 to 67 years and mean age

45 years (standard deviation—SD 5.1). Electrophysiologi-

cal test devices were used during examinations and signals

were taken into consideration. According to examination

results 150 of 263 subjects suffered from healthy subject and

the rest of them were macular diseased subjects. The group

having macular disease was consist of 68 females and 45

males with a mean age of 47 years (SD 5.3) and the healthy

subjects were consist of 74 females and 76 males with a

mean age of 43 years (SD 4.8).
2.1. Measurement of PERG signals

We have utilized Tomey Primus 2.5 electrophysiology

unit in the Ophthalmology Department of Erciyes Univer-

sity Hospital for PERG signals acquisition (Fig. 2). The

PERG is measured by an electrode embedded in a contact

lens, which is placed on the subject’s left cornea. A full field

(Ganzfeld) light stimulus is recommended. The recording

electrodes should consist of a corneal contact lens electrode

which supports the eyelids and reference electrodes placed

centrally on the forehead or near each orbital rim. The

ground electrode can be located on the forehead or ear. Skin

electrodes should have a resistance of 10 kU or less

measured at 30–200 Hz. The elecrodes were cleaned after

use with each patient. Whenever practical, reporting of



Fig. 3. PERG responses samples of two different person’s eye.
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PERG results should include representative waveforms with

appropriate amplitude and time calibrations (Bach et al.,

2000; Heckenlively & Arden, 1991).

The stimulus consists of a checker-board. The computer

records the PERG response samples over a period of

204 ms. The time progression of these frames forms a

contour, which is examined by a medical expert to

determine the presence of eye diseases (Tasman, 1992).

Representative PERG signal waves for healthy and macular

patients are seen in Fig. 3.
2.2. Preparation of testing and training files

All data which was recorded from any patients were used

as input of the ANN. After recording, to obtain optimum
Table 1

An example of a training set consists of random selected subjects

Ann

inputs

Healthy

Subject no

6 15 26 33 41 48

1 4.0039 K0.4395 0.8789 K2.7344 K1.7700 K1.538

2 3.7842 K0.7446 0.4272 K3.3813 K1.7212 K1.037

3 3.6865 K0.6103 K0.4272 K4.4800 K1.0376 K2.063

4 3.3936 K0.2441 K0.14648 K4.1016 K0.1342 K0.341

5 7.4829 2.0752 2.9175 K0.59815 2.6978 1.281

6 5.8594 0.3051 0.0122 K3.2471 K0.0976 K1.965

7 2.3438 K1.7090 K3.1494 K7.9346 K2.4414 K2.050

8 K0.3906 K2.9663 K4.1870 K9.1919 K4.6387 K5.542

9 K1.1841 K3.2837 K3.8330 K8.2642 K4.3579 K5.017

10 K1.001 K2.6367 K3.0640 K9.1797 K3.1738 K5.737

11 K0.3906 K2.7100 K2.6855 K5.9082 K0.4028 K1.672

12 0.0732 K2.1973 K2.7588 K6.4209 K1.5991 K5.481

13 1.1719 K1.7334 K2.6733 K5.8716 0.4638 K2.002

14 2.1484 K2.4170 K1.4282 K4.4189 1.0010 K2.209

15 2.0996 K2.2827 K1.6357 K5.8838 K0.2441 K2.197

16 2.5757 K2.2827 K1.9531 K5.2246 0.8789 K2.050
result we have decreased the number of input neurons from

512 to 16 using ‘for loop’ command (an example of training

set can be seen in Table 1). During supervised learning, the

ANN was trained on input vectors and the target output

vectors with which it is required to associate the input

vectors. The outputs are represented by unit basis vectors:

0 healthy

1 disease

Output vectors were determined from realized clinic

findings of these PERG, angiography and Arden ratio of

EOG.
2.3. The multilayer perceptron (MLP)

To classify patients, the familiar Multilayer Perceptron

was trained with the Levenberg—Marquardt as learning

algorithm in the MATLAB software package (MATLAB

version 6.5 with neural network toolbox). This method is

used to analyze a collection of simple clinical markers.

In this type of analysis the learning process is supervised,

which means that for all data of the training set a desired

output is provided. The weighting is attributed randomly at

first and is continuously updated on the basis of the error

calculated as the difference between the neural output and

desired output, and the process ends when the error reaches

its minimum level (Salvi et al., 2002).

The advantage of using this type of ANN is the rapid

execution of the trained network, which is particularly

advantageous in signal processing applications. ANN

training is usually formulated as a nonlinear least-squares

problem. Essentially, the Levenberg—Marquardt algorithm

is a least-squares estimation algorithm based on the

maximum neighborhood idea. An MLP consists of three
Macular disease

Subject no

52 65 74 79 87 90

K0.6836 3.4058 3.1372 K2.2949 K5.8838 0.3540

6 K0.4394 2.7344 1.8066 K2.3193 K6.2134 0.9033

K1.6479 2.3804 0.9277 K2.0020 K6.0913 0.4028

8 K2.1851 2.9053 0.7080 K1.2451 K6.4453 1.0254

7 K0.8911 3.9917 1.4771 K0.1953 K4.4678 2.3682

3 K2.7100 0.7568 K0.1586 K2.1362 K4.8218 0.9033

8 K3.7720 K2.0630 K1.4526 K3.1372 K6.5308 K0.3662

K4.1016 K3.1128 K2.5757 K3.7109 K7.3242 K1.8555

1 K5.5176 K1.9409 K2.5146 K3.4424 K7.8735 K2.2949

3 K4.3335 K1.1230 K2.4536 K3.5034 K8.2886 K1.2695

4 K3.6255 K0.7568 K2.0264 K3.6377 K7.8613 K0.8300

K4.4067 K0.7812 K1.5625 K2.9663 K7.6538 K1.2329

K3.0029 K1.5015 K2.3560 K3.0762 K7.8979 K0.5004

5 K2.8198 K1.7944 K2.7100 K2.1973 K7.6416 K1.1719

3 K3.7231 K2.124 K3.8574 K2.7222 K7.7271 K1.5503

8 K2.6123 K1.8555 K3.8940 K2.4902 K7.5562 K0.9155
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layers: an input layer, an output layer, and one or more

hidden layers. Each layer is composed of a predefined

number of neurons. The neurons in the input layer only act

as buffers for distributing the input signals ai to neurons in

the hidden layer. Each neuron j in the hidden layer sums up

its input signals ai after weighting them with the strengths of

the respective connections wij from the input layer, q is the

bias term (or threshold) and computes its output value yj of

the neuron as a function f of the sum

yj Z f
X

i

wijai Cq

 !
(1)

where f is the activation function that is necessary to

transform the weighted sum of all signals impinging onto a

neuron (whose structure is shown in Fig. 4). The activation

function f can be a simple threshold function, a sigmoidal,

hyperbolic tangent, or radial basis function. The output of

neurons in the output layer is similarly computed (Beale &

Jackson, 1990; Haykin, 1994; Kara & Güven, in press; Kara

et al., in press; Nguyen et al., 1996; Salvi et al., 2002;

Simpson, 1989; Tigges et al., 1997; Übeyli & Güler, 2003).

Training a network consists of adjusting the network

weights using the different learning algorithms. A learning

algorithm gives the change Dwij(t) in the weight of a

connection between neurons i and j at time t. For the

Levenberg—Marquardt learning algorithm, the weights are

updated according to the following formula

wijðt C1Þ Z wijðtÞCDwijðtÞ (2)

with

Dwij Z ½JTðwÞJðwÞCmI�K1JTðwÞEðwÞ (3)
Fig. 4. Perceptron Neuron.
where J is the Jacobian matrix, m is a constant, I is a identity

matrix, and E(w) is an error function (Beale & Jackson,

1990; Haykin, 1994; Kara & Güven, in press; Kara et al., in

press; Nguyen et al., 1996; Salvi et al., 2002; Simpson,

1989; Tigges et al., 1997; Übeyli & Güler, 2003).

Applications in the literature exhibit the suitability of

ANNs in detecting medical outcomes of PERG signals,

when ANNs were trained satisfactorily.

ANN underwent supervised learning to perform success-

ful pattern recognition of the PERG signals. During

supervised learning, the ANN was trained on input vectors

and the target output vectors with which it is required to

associate the input vectors. With sufficient training, the

ANN should be able to classify correctly previously unseen

input vectors. The network is iterated for single and double

hidden layers with combinations of 1–10 neurons in each

layer. The train input data set consisted of 50 healthy and 41

macular disease patients, while the test data set was made of

100 healthy and 72 macular disease patients. The best

results were accomplished with the combination of double

hidden layers consisting of 9 and 4 neurons consequtively.

Each hidden layer sigmoidal function and output layer

linear function was used.

The test performance of the network classifier was evalua-

ted by computing the statistical parameters, the percentages

of correct classification, false negative-healthy, false

positive-macular disease, sensitivity and specificity by using

% Specificity Z 100!ðTrue Negative=ðTrue Negative

CFalse PositiveÞÞ

% Sensitivity Z 100!ðTrue Positive=ðTrue Positive

CFalse NegativeÞÞ

% Correct Classification

Z 100!ððTrue Positive CTrue NegativeÞ

=Number of Total SubjectÞ

% False Negative

Z 100!ðFalse Negative=ðFalse Negative

CTrue PositiveÞÞ

% False Positive

Z 100!ðFalse Positive=ðFalse Positive

CTrue NegativeÞÞ
3. Results and discussion

It is clear that we have developed a significant system to

face the challenges of macular disease. We studied the

PERG signals (263 PERGs) randomly selected as the test

and the train groups by the ANN and the four layered MLP



Fig. 5. Variation of the error rate (training and cross validation) with respect

to the epoch number in the ANN.

Fig. 6. Output results for ANN.

A. Güven, S. Kara / Expert Systems with Applications 30 (2006) 361–366 365
structure have been built to simplify the diagnosis and

enable the physician to make a judgment about the existence

of macula disease.

The ANN approach takes all of the parameters as neurons

optimizes the weights of those as inputs to a layer or two of

hidden neurons and the weights of those neurons combine to

determine the classification. The result is a nonlinear

combination of the inputs contributing to the classification,

optimized for the available data. The nonlinear relationship

that is produced makes it possible to represent complex

parameter interactions that could only be handled with

logistic regression by adding explicit functions of multiple

variables (Long, 2001).

In our structure, with the unknown test data the testing

mean square error of 0.0085 was observed for our optimized

MLP feed forward network with a training mean square

error of 3.767!10K6. The variation of system error rate

with respect to the epoch number during training iterations

(training set and validation set) is shown in Fig. 5. As seen in

this figure, the results are stable and no fluctuations are

observed. This indicates that the selected parameters are

most proper set for a minimum rate. Therefore, error curves

are extremely essential for optimal network design as they

provide a stopping criterion for training. The end results

were classified as Healthy and Diseased. As seen in Table 2,

there have been three false classifications in the negative

group, while 97 subjects were correctly recognized as

healthy. With a higher accuracy in the positive (macular
Table 2

Test results

Group type Real number of subjects

in the test group

True False

Negative (healthy) 100 97 3

Positive (diseases) 72 72 0

Total 172 169 3
disease) group, no subjects were misclassified and 72 people

were accurately classified as diseased. It is seen in Fig. 6 that

the desired network output was given pattern characterized

as healthy except three which has the value as disease.

When we look at the overall results, 98% correct

classification was achieved, whereas three false classifi-

cations have been observed for the group of 172 people in

total. With these results, this network has about 96%

sensitivity, 100% specifity and false negative is calculated

to be 4% (Table 3).

By virtue of its parallel distribution, an ANN is generally

robust, tolerant of faults and noise, able to generalize well

and capable of solving nonlinear problems. Operation of an

eye, either macular disease or healthy, may be regarded as

an inherently nonlinear system due to the absence of the

property of frequency preservation as required by the

definition of a linear system (Kara et al., in press; Lynn,

1982).

The disadvantage of neural networks is the difficulty in

understanding what they do. That is, they essentially put all

of the inputs through a black box that produces a

classification (actually a number that can be interpreted as

a probability) (Long, 2001). The limitation of our proposed

neural network structure is that the classification is realized

based solely on the presence of macular disease. However,

we are projecting to also sort out the diseased group based

on the source of the other ophthalmic problems.
4. Conclusion

In this paper, we purpose a diagnostic procedure to

identify the macular disease from PERG signals using ANN

methods. The ANN is a recently developed technology,
Table 3

Performance results

Statistical parameters Values (%)

Specificity 100

Sensitivity 96

Correct classification 98.26

False negative (healthy) 4

False positive (diseased) 0
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which has the ability of significantly improving the

performance of systems. In this study, ANN does not aim

to replace the ophthalmologist, but rather support him/her.

This system is of the better clinical application over others,

especially to diagnose of population in the shorter period.

Since it is noninvasive, very easy to be used and it has the

potential of profiting not only experts in ANN research, but

also especially biomedical engineers developing real-world

medical applications. The stated results show that the

proposed method could point out the ability of design of a

new intelligent assistance diagnosis system.
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