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a b s t r a c t

In this study, we demonstrate that machine learning can be used to classify students who had back-
grounds in positive-sciences (including engineering, science and math disciplines) vs. social-sciences
(including arts and humanities disciplines) by the help of musical hearing and perception using genetic
neural networks. Our 80 test subjects had an even mixture of both aforementioned disciplines. Each par-
ticipant is asked to listen to a melody played on a piano and to repeat the melody himself verbally. Both
the original melody and participants repetition is recorded and frequency and amplitude response is ana-
lyzed by using fast Fourier transform (FFT). This information is applied to hybrid genetic algorithm and
neural networks as learning data and the training of the feed forward neural network is realized. Our
results show that by using musical perception our genetic neural network classifies students with posi-
tive- and social-science backgrounds at a success rate of 95% and 90%, respectively.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

How we perceive the sounds we hear around us and how we
interpret them gives a good indication of our mental capabilities.
For example, ones ability to perform well in music can be a sign
that he will be doing well in mathematics as well. In this paper,
we investigate musical perception of a student and try to build a
genetic neural network classifier to identify his educational back-
ground using this information.

Neural networks have been widely and successfully used in the
classification context. In Matityaho and Furst (1995) it is used to
distinguish between pop music and classical music (Rauber &
Frühwirth, 2001). Uses neural networks to automatically organize
music according to its sound characteristics in such a way that
similar pieces of music are grouped together. In this study, we fo-
cused on a different classification problem: using the musical hear-
ing to identify educational background of a person.

Sound is a vibrational wave that propagates in the medium. Sin-
gle tone is produced in a single frequency as a periodic wave.
Sound that we hear in our daily life consists of multiple sinusoidal
components. These are called complex sounds and they can be
periodical or aperiodical in nature. A periodical complex sound re-
peats the complex sound in a determined manner. Musical sounds
are compromised of multiple sinusoidal components.

Hearing is the collection of the sound energy by ears and trans-
ferring this energy to the brain as the action potentials. The brain
ll rights reserved.
senses these action potentials as a sound. There are three functions
that performed in the ear while hearing. Firstly, sound vibrations
are communicated to internal ear via middle ear. Secondly, the fre-
quencies are analyzed peripherally at basilar membrane in cells in
internal ear (Wagner, 1994). Thirdly, the mechanical energy is con-
verted to electrical energy by cells in internal ear. Auditory sensing
is a sensing of physical vibration in the universe. It is a complex in
nature having physical, physiological and neurological aspects
(Wagner, 1994; Zeren, 1995).

Resonance regions of internal ear and wavelength change
according to the sound frequencies from outer medium. There is
a maximum sensitive region (resonance region) for each frequency
at the base membrane in the ear. While low frequency sounds
stimulate the membrane region near the apex, high frequency
sound stimulate near cochlea (Wagner, 1994). Any sound that
comes to the ear shifts the place of stimulated region. This shift
is called pitch changing in the brain. This pitch can be soft or sharp
according to the place of excited neuron. The fact that the sound is
separated into frequency components when it is transferred to the
brain is the motivation for using a frequency transform on the
sound in our analysis.

Throughout this document positive-sciences will refer to math,
science, and engineering disciplines and social-sciences will in-
clude to humanities and arts disciplines.

Designing neural network through genetic algorithms has been
investigated for many years and two comprehensive reviews can
be found in Castillo, Merelo, Prieto, Rivas, and Romero (2000), Yao
(1999). The genetic algorithm offers an attractive alternative for
searching the optimal architecture. In general, it has been agreed
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that genetic algorithm can provide effective and robust search algo-
rithms to design artificial neural networks automatically.

In our previous study, neural network employing back-propaga-
tion training algorithm was used for the musical perception (Hard-
alac, Ercan, Hardalac, & Ergüt, 2006). In this study, it is aimed to
optimize neural network parameters by using genetic algorithm
to improve neural network’s success.

This paper is organized as follows: Section 2 gives background
on genetic neural networks and fast Fourier transform (FFT) as well
as mathematical model used. Section 3 discusses the experimental
results. Section 4 evaluates the performance of the genetic neural
network and finally Section 5 provides the conclusion.

2. Fast Fourier transform

A finite audio signal is framed with a window that is power of 2
(such as 64, 128, 256, etc.) to take the FFT. Windowing technique is
used to evaluate the frequency spectrum for the corresponding
frame. Using windowing prevents the non-existing frequency com-
ponents to appear in the spectrum. In addition, zero padding is ap-
plied to the same signal after windowing process. This entails
certain overhead on the process although it increases the readabil-
ity of spectrum.

Discrete Fourier transform of a discrete time periodic signal is
defined as follows:

Xk ¼
XN�1

n¼0

exp �jkn
2
N

� �
ð1Þ

where Xk is expressed as discrete Fourier coefficient, N is the frame
size, and x(n) is the input signal on time domain. To obtain the fre-
quency spectrum of this signal, logarithmic values of the squares of
absolute values of Xk are found as shown below:

Pk ¼ 10logðX2
kÞ ð2Þ
3. Genetic neural network model

Neural network is a non-algorithmic method, which uses paral-
lel computing technique. They imitate functioning of the brain.
Even though inter-neuron communication speed is quite slow for
the brain, parallel processing allows it to analyze very complicated
data in a short period of time. Neural networks learn directly from
current examples rather than programming.

Feed forward neural networks with multiple hidden layers have
been widely used and showed to operate successfully (see Fig. 1).
Multi layer perceptron (MLP), which is a successful learning algo-
Fig. 1. Feed forward back-propagation neural network architecture.
rithm, is used in the training of the network. MLP is a back-propa-
gation algorithm and it computes the error at the output of the
network and sets weights of neurons iteratively. This operation is
spread out on all layers and the error in the output is reduced.

Deviations between the real and the predicted values are com-
puted to evaluate the learning success of the network. The perfor-
mance analysis of the artificial neural network is evaluated by
statistical methods. Mean square error (MSE) is used to determine
the compliance between the predicted output and computed net-
work output.

The correlation coefficient (r) may be between �1 and +1 and
when r is closer to +1, the compliance between network output
and aimed output is higher (Fredric & Inica, 2001). The stopping
criterion for the supervised learning is set over the curve of MSE
(e.g. when MSE is below 0.01).

During the learning process, it is possible to determine how
much each input affects the output by comparing their relative
weights within the neural network. After successful termination
of the learning process, the classification performance is deter-
mined by applying test data to the neural network. If the perfor-
mance values meet the desired criteria at the end of the test, the
structure of the neural network is completed and it is ready to clas-
sify any external data.

The velocity values, which are the amplitudes of the frequencies
in dB at the output of FFT analysis, are applied to train neural net-
work. These are on dB frequency corresponding to piano notes in
Table 1 and they are obtained from the students with positive-
and social-science backgrounds through FFT analysis. In addition
to them the values obtained from the piano as a control group
are also applied to the neural network. The magnitude of power
spectrum at 20, 100, 120, 200, 320, 380, 420, 520, 600, 680, 770,
800, 880, 900 and 980 Hz frequencies is taken as an input to the
neural network. A total of 15 parameters are applied to 15 input
neurons. The number of neurons at the output layer is 3; these cor-
respond to positive-science background, social-science back-
ground, and piano. During the learning of the neural network,
back-propagation and momentum are used and tangent hyperbolic
(tanh) is selected as the transfer function. Note that momentum al-
lows a network to respond to global gradients as well as local ones.
Only one hidden layer was used in this study.

3.1. Genetic neural network

Genetic algorithms are stochastic optimization algorithms
which have proved to be effective in various applications. A typical
Table 1
t-Test results of students with educational backgrounds in positive and social with
respect to the piano, which is the control group

Note Frequency
(Hz)

Piano
(dB)

PS (dB) p-
Value

SS (dB) p-
Value

Re 20 49.0 46.58 ± 0.8 0.05 44.82 ± 1.0 0.001
Mibemol 100 43.8 40.72 ± 0.8 0.01 39.20 ± 0.9 0.001
Fa # 120 46.0 42.82 ± 1.4 0.05 36.63 ± 1.3 0.001
Re 200 39.0 37.87 ± 0.7 0.05 35.93 ± 0.5 0.001
Mibemol 320 37.0 37.47 ± 0.9 0.01 34.73 ± 0.5 0.001
Fa # 380 36.5 36.33 ± 0.3 0.05 34.83 ± 0.5 0.01
Sol 420 36.4 36.57 ± 0.7 0.05 36.33 ± 1.3 –
La 520 36.2 35.92 ± 0.5 0.01 36.47 ± 1.1 0.01
Si 600 37.0 36.13 ± 0.4 0.05 34.83 ± 0.4 0.001
Do 680 36.1 36.28 ± 0.3 0.05 35.05 ± 0.1 0.001
La 770 37.8 37.10 ± 0.6 0.01 35.45 ± 0.5 0.001
Sol 800 38.2 37.58 ± 0.7 – 35.97 ± 0.1 0.001
Fa # 880 46.0 40.33 ± 0.7 0.001 36.80 ± 0.9 0.001
Mi 900 43.0 39.95 ± 1.3 0.05 38.80 ± 1.0 0.01
Re 980 49.0 44.20 ± 2.9 0.05 46.17 ± 0.4 0.001

PS and SS stands for positive- and social-science backgrounds, respectively.



Fig. 3. Experimental setup.
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genetic algorithm maintains a population of solutions and imple-
ments a ‘survival of the fittest’ strategy in the search for better
solutions. It has been shown to be capable of finding global optima
in complex problems by exploring virtually all regions of the state
space and exploiting promising areas through mutation, crossover
and selection operations applied to individuals in the populations.
Genetic algorithms apply selection, crossover and mutation opera-
tors to construct fitter solutions. A genetic algorithm processes
populations of chromosomes by replacing unsuitable candidates
according to the fitness function. The fitness function determines
how well the processed chromosome solves the problem (Gold-
berg, 1989). In this study a genetic algorithm is used to obtain
near-optimal neural network structure.

We have used a supervised network with back-propagation
learning rule and MLP architecture and also re-arrange the weights
for minimizing the prediction errors. Apart from the weights of a
network, there are several other unknown parameters of neural
network architecture. These include the number of input units,
the optimum combination of input units, the number of hidden
neurons for each layer, the value of the learning rate and the
momentum rate parameter (the latter two parameters are typically
for a back-propagation training algorithm). In the absence of any a
priori information about these parameters, the choice of this is
rather subjective and depends on the experience of the experi-
menter. As a result of this subjective choice of structural parameters
of the neural network, there is always a risk that the solution will be
trapped in a local minimum. Ideally, the network architecture for a
particular problem has to be optimized over the entire parameter
space of such parameters. We use a genetic algorithm search proce-
dure of the survival of the fittest for arriving at the optimum values
of these neural network architecture parameters.

The chromosome structures demonstrated in Fig. 2. Those genes
located in the reel part are used for coding the number of neurons
in the hidden layer(s) (there may be one or two hidden layers),
learning rate and momentum parameters. Number of neurons at
the hidden layer(s) may be in any values between [0,20], whereas
the learning rate and momentum may be in values of [0,1]. Chro-
mosomes structure may be re-arranged to allow using single or
two hidden layers in experimental studies.

The encoded chromosomes are searched to optimize a fitness
function. The fitness function is specific to applications. In this
study, the fitness function is the average deviation between ex-
pected and predicted values of product costs. The fitness value of
a chromosome is calculated using the mean squared error of a neu-
ral network architecture. A fitness value F is given by

F ¼ 1
MSEþ 1

ð3Þ

where MSE is the mean squared error of neural network. Thus, the
smaller the network’s MSE, the closer a fitness value to 1. Once fit-
ness values of all chromosomes are evaluated, a population of chro-
mosomes is updated using three genetic operators: selection,
crossover and mutation.

The roulette wheel method is used as the selection mechanism
to determine which population members are chosen as parents
that will create offspring for the next generation. This selection
procedure is based on the proportional fitness of individual wi with
respect to the fitness probability distribution of the population.
number of neurons in hidden layer learning rate momentum

R: [0 , 1] R: [0 , 1] Range : [0 , 20]

Fig. 2. GNN chromosome structure.
Selection may happen more than once and hence the fittest wi will
have more offspring in the next generation. Mutation is used to
introduce new or prematurely-lost information in the form of ran-
dom perturbations to the values without exceeding the predicated
upper and lower thresholds.

The training and testing data is used to search the optimal or
near-optimal parameters and is employed to evaluate the fitness
function.

4. Experimental setup

The experimental setup is as follows: a melody is played by a
piano and then it is recorded. Students from two group of educa-
tional background (positive- and social-sciences) were asked indi-
vidually to repeat the melody they heard. Their verbal repetition is
also recorded. All these recordings are quantized in order to pro-
cess and analyzed by computing their spectrums with FFT. FFT
was performed on 256 samples and succeeding intervals over-
lapped 50%.

The spectrums of the original melody as well as samples from
two different groups of participants are used to train the coeffi-
cients of genetic neural networks. Using these setup data from a
new participant is fed into the genetic neural network and his edu-
cational background is predicted as an output.

In our experiments we used a Zimmerman piano with a relative
frequency of 440 Hz, a Sony recorder, and a Pentium III 600 MHz
PC (see Fig. 3). The musical note of the melody that is played is also
shown in the same figure.

5. Results and performance evaluation

Fig. 4 shows the power spectrum of the recording played on the
piano. Similarly we calculated the FFT of the recordings repeated
Fig. 4. Sound power spectrum of the piano.
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by the students who volunteered to participate in our experiments.
Figs. 5 and 6 display the power spectrum of the recordings corre-
sponding to the students with social and positive-science back-
grounds, respectively.

5.1. t-Test

t-Test provides test of significance when the standard deviation
of a sample set is unknown due to its small size (Freedman, Pisani,
& Purves, 1978). Therefore in statistical analysis it is used to verify
that the results are not due to chance. In a t-test, the empirical
means lp and ls and variances s2

p and s2
s are used to compute the

normalized distance between the two sets of measurements (Baldi
& Long, 2001):

t ¼ ðlp � lsÞ
. ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

s2
p

np
þ s2

s

ns

s
ð4Þ

where np and ns are number of samples at each group (in our case
groups consist of students with positive-sciences background and
Fig. 5. Average sound power spectrum of the students who had backgrounds in
positive-sciences.

Fig. 6. Average sound power spectrum of the students who had backgrounds in
social-sciences.
social-sciences background). Mean and standard deviation is esti-
mated as

l ¼ ri
xi

n
; s2 ¼ ri

ðxi � lÞ2

n� 1
ð5Þ

The t-value computed this way corresponds to a probability mea-
sure or p-value. The smaller is this value the less likely that our re-
sults are achieved by chance. If p-value is less than 5%, the result is
called statistically significant, and if it is even less than 1%, then the
result is called highly statistically significant (Freedman et al.,
1978).

The amplitudes corresponding to these frequencies and the
standard deviations of these amplitudes and the results of stu-
dent’s t-test are analyzed by using SPSS statistical package pro-
gram (www.spss.com) and the results of this analysis is shown in
Table 1. According to this table, the amplitude values, which corre-
spond to these frequencies, take the frequencies of piano notes. Ta-
ble 1 also shows amplitudes of the subjects that have positive- and
social-sciences background.

When p-values on 20 Hz in Table 1 are examined, we see that p-
values are p < 0.05 and p < 0.001 for students who have positive-
and social-science backgrounds, respectively. The results for other
frequencies between 100 and 980 Hz are given in Table 1 as well.
They all have small p-values which is an indication of reliability
of the results.

5.2. MSE curve

As for the genetic neural network, the momentum coefficient
and the step size is chosen by genetic algorithm. Half of the sound
records obtained from the students are used for training as a con-
0

0.1

0.2

20 200 420 680 880

Frequency (Hz)

Social-sciences Positive-sciences

Fig. 7. The weights of input vectors obtained by applying the sound recordings of
the students who have positive- and social-science educational backgrounds to the
genetic neural network.

0

0.35

1 19 37 55 73 91

Fig. 8. Mean square error (MSE) curve.
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trol group and the remaining half is used to verify the performance
as a test group. The termination criterion for the supervised learn-
ing is set over the curve of MSE. The learning process stops when
the MSE is below 0.001. The MSE curve obtained in the learning
is shown in Fig. 8. When the MSE curve is examined, it is seen that
the genetic neural network terminates quickly with success at the
92th step.

5.3. Performance of the genetic neural network

The results seen in Table 2 are obtained by applying test data to
the genetic neural network after the learning process is completed.
As seen in Table 2, 17 and 18 students among the students with po-
sitive- and social-science backgrounds are predicted in success,
respectively. When these results are evaluated, it is seen that the
prediction success rate for students who had positive- and social-
science based education is 90% and 95%, respectively. These results
are shown in Table 3.

When we examine the relative weights of inputs we can calcu-
late the weights of participants with positive- and social-science
backgrounds that identify the sound frequencies of the piano.

As shown in Fig. 7, only at frequencies 420, 520, and 680 Hz, the
relative importance of the inputs exceed 0.1 for students with po-
sitive-sciences background. The corresponding frequencies for stu-
Table 2
Prediction results of the genetic neural network for the test data

Prediction results of the genetic neural network

Social-science Positive-science Total

Real
Social-science 18 2 20
Positive-science 1 19 20

Total 19 21 40

Table 3
Results of the genetic neural network for the test data

Social-science (%) Positive-science (%)

Correct classification 90 95
Wrong classification 10 5

Table 4
Inputs and outputs of the genetic neural network for the test data

No. (Hz) 1 2 3 4

Input 1 20 46.0 46.0 45.0 44.8
Input 2 100 39.4 40.0 41.2 40.5
Input 3 120 41.4 42.0 42.1 41.1
Input 4 200 39.0 37.0 38.5 36.9
Input 5 280 36.2 36.8 37.0 35.8
Input 6 320 39.0 37.0 36.8 37.5
Input 7 420 36.1 36.4 36.9 37.1
Input 8 520 36.0 36.0 35.4 36.5
Input 9 600 36.0 36.5 37.4 35.6
Input 10 680 36.1 36.6 37.6 35.5
Input 11 770 37.4 38.0 36.8 37.4
Input 12 800 38.1 38.4 37.8 36.5
Input 13 880 39.4 40.0 41.2 40.6
Input 14 900 38.1 38.6 36.8 37.4
Input 15 980 46.0 46.0 45.2 44.8

Output Social-science �0.00074 �0.00209 �0.00262 0.41911
Output Positive-science 1.00419 1.00445 1.00990 0.71928

Real values PS PS PS PS

There are 15 inputs and 2 outputs. The last row indicates the real educational backgrou
dents with social-sciences background are 320, 420, 520, 770, and
980 Hz. Therefore these values have great affect on the classifica-
tion process.

As seen in Fig. 8, the MSE curve is below the 0.001, and from Ta-
ble 3 we see that the correct classification rate is 90% and 95% for
two groups of students. These results indicate that the architecture
of the genetic neural network we used here is successful.

In order to further test the results of the genetic neural network,
data obtained from 10 students with even number of positive- and
social-sciences backgrounds are applied to the input of the genetic
neural network. The prediction values and the real output values
for this experiment are shown in Table 4. A comparison of the out-
puts to the real values, we see that the genetic neural network pre-
dicts successfully. For example, when the rows 1, 2, and 3 in Table
4 are closely examined, we observe that the positive-science out-
put of the genetic neural network is close to 1 and the social-sci-
ence output is close to zero and hence the genetic neural
network has predicted these data successfully. However, when
see the results corresponding to row 4, we see that outputs are
0.72 and 0.41 for positive-sciences and social-sciences, respec-
tively. Since 0.72 > 0.41 the genetic neural networks predicts the
output as positive-science, which turns out to be the correct
choice.

The rows 7, 8, 9 and 10 are gives a clear social-sciences output
since the output of social-sciences is close to 1 while the output of
positive-sciences is close to zero. Only row 6 exhibits a different
behavior, where output of social-sciences is 0.31 but this is still
much higher than the output of positive-sciences, which is 0.03.
Therefore the genetic neural network successfully classifies this
case as well.

As it is seen in Table 4, the genetic neural network successfully
predicts the output for participants with social and positive-sci-
ence backgrounds.

6. Conclusion

In this study, we used neural networks to classify students with
different educational background with respect to their ability to re-
peat a melody. Students were asked to repeat a melody verbally
after it was played on a piano. The neural network was trained
by the sound frequencies and amplitudes of the recording of the
piano and repetition of 10 students. The training of the neural net-
work converged successfully at the 98th step with an MSE error of
5 6 7 8 9 10

45.8 45.0 45.2 44.8 46.1 45.6
39.8 40.0 39.0 41.1 39.8 37.9
40.8 38.0 37.0 39.1 38.4 37.6
39.2 36.2 35.0 36.1 34.9 34.8
36.4 35.0 34.0 36.1 34.9 34.7
37.9 34.8 34.0 35.1 34.8 34.5
35.8 38.8 35.0 36.8 36.7 36.8
36.7 36.0 35.0 35.4 35.2 34.9
36.2 34.8 34.0 35.1 33.9 34.5
35.2 35.2 35.0 35.6 35.8 34.5
36.0 35.4 35.0 34.2 33.8 35.2
39.4 36.0 36.0 35.6 35.2 36.8
39.8 37.0 35.0 36.5 35.2 34.6
38.2 39.0 38.0 36.9 38.6 38.5
45.7 47.0 46.0 48.7 47.5 46.9

0.00472 0.31001 1.00045 0.99887 1.00019 1.00026
0.99945 0.03085 �0.00347 0.04301 0.01805 �0.00377

PS SS SS SS SS SS

nds. PS and SS stands for positive-science and social-science, respectively.
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0.001. This neural network classified people with educational
backgrounds in positive- and social-sciences with a success rate
of 95% and 90%, respectively.

In the light of our results we strongly believe that musical hear-
ing and perception in the artificial intelligence setting can help to
identify aptitudes in positive- and social-sciences, particularly for
the primary school students.
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