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ABSTRAC T

T

he aim of the study is to predict the gender of Darevskia bithynica by using a feed-forward back-propagation
artificial neural network (ANN). Nine morphological characters were used as an input parameters of the model. The gender type male or female is the output parameter. The total number of data is 115. In order to train,
validate and test the ANN model 70%, 15% and 15% of the total data are randomly selected, respectively. The
regression coefficient (R) values are evaluated as prediction performance. The network’s layer with tangent
sigmoid activation functions predicts the lizard gender with R values as 0.98, 0.97 and 0.96 for training, testing and all data, respectively. The mean square error (MSE) values for training and testing data are calculated
as 0.0145 and 0.0161, respectively. The obtained results satisfactorily confirm the high ability of the ANNs in
predicting the gender of Darevskia bithynica.
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ÖZ

Ç

alışmanın amacı ileri beslemeli geri yayılımlı yapay sinir ağı (YSA) kullanarak Darevskia bithynica ’nın cinsiyetini tahmin etmektir. Modelin girdi parametreleri olarak dokuz morfolojik karakter kullanılmıştır. Erkek
veya dişi cinsiyet tipi, çıktı parametresidir. Toplam veri sayısı 115’dir. YSA modelini eğitmek, doğrulamak ve test
etmek için sırasıyla toplam verilerin %70’i, %15’i ve %15’i rasgele seçilir. Tahmin performansı olarak regresyon
katsayısı değerleri (R) ele alınmıştır. Tanjant sigmoid aktivasyon fonksiyonlarına sahip ağ, sırasıyla eğitim, test
ve tüm veriler için R değeri ile kertenkele cinsiyetini 0.98, 0.97 ve 0.96 olarak tahmin etmektedir. Eğitim ve
test verileri için hata kareler ortalaması değerleri (HKO) sırasıyla 0.0145 ve 0.0161 olarak hesaplanmıştır. Elde
edilen sonuçlar, YSA’lerin Darevskia bithynica ’nın cinsiyetini tahmin etme yeterliğini memnun edici bir şekilde
desteklemektedir.
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no published material existed on the application of
ANN on the prediction of sexual dimorphism.

INTRODUCTION
ntil recently, Darevskia bithynica was being
considered a subspecies of Darevskia rudis [1,
2]. In the study by Arribas et al. [3], lizard specimens from north-west of Anatolia were examined for external morphology and osteology and
D. bithynica was raised to species rank, with two
subspecies: D. b. bithynica and D. b. tristis. D. bithynica is a small lacertid with length approximately
up to 75 mm. It lives mostly on rock exposures,
uses crevices as refuges, and prefers habitats in
and around herbaceous vegetation [3].

U

MATERIALS and METHODS
Data Set
One hundred fifteen of D. bithynica (67♂♂
and 48♀♀), deposited in the Fauna and Flora
Research and Application Centre of Dokuz Eylül
University (Buca-İzmir) were examined. Animals
were captured in NW Turkey in mid April 2009
from 11 different localities (from sea level to at
altitudes of 1720 m a.s.l.) (Table 1). Only adults
(snout-vent length greater than 50 mm) were
included in the analyses. The specimens were
fixed with 96% ethanol and then preserved in
70% ethanol until their examination according
to the method described by [7]. To quantify
sexual size dimorphism (SSD) in the populations
studied, we measured nine biometric characters:
Snout-vent length (SVL—Tip of snout to anal cleft);
Pileus width (PW—At the widest point between the
parietal plates); Pileus length (PL—Tip of snout to
posterior margins of parietals); Head width (HW—
At the widest point of head, from cheek to cheek);
Head length (HL—Tip of snout to posterior margin
of ear opening); Forelimb length (FLL—Shoulder
joint to tip of toe); Hindlimb length (HLL—Pelvic
joint to tip of toe); Anal wide (AW) and Anal length

Artificial neural networks (ANNs) is one of the
machine learning techniques that offer robust and
significant result in scientific studies, especially
in order to make classification, clustering, vector
quantization,
pattern
association,
function
approximation. Although all these analyses can be
experimentally performed, using ANNs are very
time-saving, rapid, robust and efficient [4-6]. Up
to now, no detailed information has been reported
on morphological differences between males
and females in D. bithynica. The main aim of the
present paper is to predict the sexual dimorphism
of Darevskia bithynica by using a feed-forward
back-propagation multilayer artificial neural
network (ANN). According to the literature search,

Table 1. Geographic details of the localities in which specimens were collected in northwestern Anatolia, Turkey.
Compds

IC50, nM

1

24.00

Compds

IC50, nMa b

6

1.7

2

0.87

7

3.0

3

0.59

8

2.4

4

2.8

9

2.1

5

0.91

10

9.0 ± 1.9

Locality

Geographical coordinates

Altitude, m

Kirazlı Plateau, Uludağ, Bursa

N 40°26’002’’–E 29°02’219’’

1720

Güzeldere Village, Düzce

N 40°43’355’’–E 31°02’396’’

554

Samandere Waterfall, Düzce

N 40°41’847’’–E 31°15’344’’

1174

Between Yığılca and Bolu 30. km., Bolu

N 40°51’455’’–E 31°33’771’’

821

Between Yığılca and Alaplı 12. km., Bolu

N 41°02’129’’–E 31°27’684’’

295

Between Zonguldak and Gökçebey 15. km., Zonguldak

N 41°24’777’’–E 31°55’481’’

345

Yenice, Karabük
Between Safranbolu and Bartın 14. km., Bartın

N 41°12’128’’–E 32°19’163’’

145

N 41°21’’420’’–E 32°12’487’’

980

Ulus, Bartın

N 41°35’415’–E 32°38’579’’

490

Amasra, Bartın

N 41°44’577’’–E 32°23’309’’

295

Kapısuyu, Kurucaşile, Bartın

N 41°50’597’’–E 32°44’378’’

5
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Figure 1. A general artificial neuron model.

(AL). All linear measurements were made with a
digital caliper to the nearest 0.01 mm. In order to
identify sex, we used the presence/ absence of
hemipenes that are retracted in hemipenial sacks
at the base of the tail. In order to determine for
descriptive statistic of the specimens, SPSS 16.0
statistical packages program were used.
RESULTS AND DISCUSSION
Modelling
Artificial neural network (ANN) is a system that
resembles the organizational principles of the
human brain. Therefore, an ANN is able to learn,
generalize behaviors after training processes [8].
ANN structure reflects biological neurons of a
brain that is illustrated in Figure 1.
Figure 1 shows that the given input data can be
transferred to the artificial neuron model and the
output can be obtained as the signal which is
transformed to the information in the biological
neuron.
denotes the weighted input or NET

∑

input which are explained in following sections,
x 1 ,..., x m are the input data, w1 ,..., w m are the
weights, activation function of a node defines the
output of that node given an input or set of inputs.
Feed-forward Back-propagation Multilayer
Artificial Neural Network
In order to solve the limitations of one-layer
networks i.e. classifying nonlinearly problems
and to use in many applications, feed forward
multilayer networks are proposed.

Backpropagation algorithm is the generalized
technique of the least mean square to minimize
the error between the actual and the desired
output of the neural network. The network is
supervisory trained for the input-output pairs.
After the training process is completed, the
network weights are used to obtain output values
of the new input data. At first, the defined input
data in the input layer are multiplied by the
weights and the sum is called as NET input as
follows,
p

NET input   xi w ji

(1)

i 1

The output of the hidden layer,

j = 1,..., L ,

u j where

is the input values of the output

layers. Therefore, the output values of the hidden
layer is equal of activation function of NET input
as follows,


 p
f ( NET input )  u j  f   xi w ji 

 i 1

(2)

The whole steps of the backpropagation algorithm
of the pth pattern in a feedforward network [9]
can be given as,
1. Let

x p ,i denote the value of the ith node for the

pth pattern in the input layer.
2. NET input of the jth node in the hidden layer
n

net j1   wj1,i0 x p ,i
i 0

,
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where w (1, 0 ) is the weight between the ith input
j ,i
layer node to the jth hidden layer node.

 E 
2 ,1
wk , j    ( 2,1) 
 w 
 k, j 

3. The output of the jth node in the hidden layer
n

x (p1,)j   ( wj1,i,0 x (p1,)j )

δ

is the sigmoid activation function.

4. The NET input of the k node in the output layer
th



netk( 2 )   wk 2, ,j1 x (p1,)j
j



layer node to the kth output layer node.
5. Output of the kth node of the output layer

δ denotes the sigmoid activation function.

 d p ,k  y p ,k

where

2

d p ,k is the desired output and y p ,k is the

The aim of the algorithm is to obtain appropriate
weights in order to minimize error E p for pattern
p, where it is expressed as follows,
(3)

k

The above equation can write as
K

E   ( k ) 2
k 1

(4)

Gradient descent method can be used to minimize
E.
Gradient descent algorithm says that updating
value of the weights w can be expressed as -∂E/∂w.
Modification of the weight for the connection
between input layer and hidden layer can be
expressed as
			

 E 
w(j1,i,0 )   (1,0 ) 
 w 
 j ,i 



y j
 ( NET input )

  NET input 
 y j 1  y j  x j
w j ,i

(8)

E
E y j

 2  d j  y j  y j 1  y j  x j
w j ,i y j w j ,i

(9)

Finally, the updating can be defined as,

w j ,i  2  d j  y j  y j 1  y j  xi

(10)

RESULTS and DISCUSSION

actual output.

E p   ( p ,k ) 2

(7)

Then,

6. Finally the squared error can be calculated as



y j
w j ,i



y p ,k     wk( 2, ,j1) x (p1,)j 
 j


2
p ,k

E
 2  d k  yk 
y j

In order to calculate the effect of the output on
the activation		
		

where w ( 2,1) is the weight between the jth hidden
k, j

where

(6)

The derivative of E with respect to yj is calculated
in order to calculate the effect of the error on the
output.
				

i 0

where

Modification of the weight for the connection
between hidden layer and output layer can be
expressed as

(5)

The descriptive statistics including minimum,
maximum, mean, standard deviation and standard
error of the mean for each sex are given in Table
2. The males examined in the present study had
larger values than the females according to all
morphological characters that are used in the
analyses (Table 2).
The ANN model was developed using the
neural network toolbox in MATLAB R2010a. A
multilayer feed-forward network based on the
back-propagation learning algorithm is used to
predict the gender of Darevskia bithynica using
sexual size measurements. The total number of
lizard samples was 115. 70%, 15% and 15% of the
total data were used as training, validation and
testing, respectively. The architecture of the
model is shown in Figure 2.
The prediction model consists of one input,
one hidden and one output layers. Nine sexual
size measurements: SVL, PL, PW, HW, HL, FLL,
HLL, AW and AL are used as input variables of the
input layer. The gender whether male or female
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Table 2. Descriptive statistics of morphological characters of males and females in Darevskia bithynica. For abbreviations,
see the text; N, the number of specimens; Min, minimum value; Max, maximum value; SD, standard deviation, SE, standard
error of the mean.
♂♂

♀♀

Characters

N

Mean

Min.

Max.

SD

SE

N

Mean

Min.

Max.

SD

SE

SVL

67

63.65

52.38

72.84

3.53

0.43

48

62.33

50.94

73.42

5.36

0.77

PW

67

7.32

5.80

8.34

0.58

0.07

48

6.20

5.30

7.30

0.43

0.06

PL

67

15.54

12.78

17.12

0.86

0.10

48

12.91

11.18

14.74

0.89

0.13

HW

67

9.20

6.76

10.84

0.79

0.10

48

7.31

4.34

8.60

0.76

0.11

HL

67

21.56

2.76

24.82

2.65

0.32

48

18.70

16.52

21.50

1.47

0.21

FLL

67

22.23

18.44

26.00

1.41

0.17

48

18.92

16.74

21.30

1.33

0.19

HLL

67

34.22

28.78

38.80

2.21

0.27

48

29.23

24.48

36.46

2.55

0.37

AW

67

2.24

1.50

3.12

0.25

0.03

48

2.19

1.82

2.88

0.26

0.04

AL

67

4.85

3.88

7.34

0.57

0.07

48

4.24

2.02

5.00

0.53

0.08

Figure 2. The architecture of the neural network model.

is the output variable of the output layer. The
ANN had one hidden layer with 20 neurons that
gives the best results. The activation function
for the layers is tangent sigmoid. The Levenberg–
Marquardt optimization algorithm was used in
the training process. The Levenberg–Marquardt
algorithm is a method to solve nonlinear least
squares problems [10,11]. The performance of
the model can be evaluated by two parameters:
The first one is the regression coefficient (R) that
measures the correlation between actual and
predicted values for the training, testing and all
data as seen in Figure 3. The related results can
be referred as strong relationship exist between
predicted and actual values whenever they are
above 0.9. The second one is the mean squared
error (MSE) as seen in Table 3 that measures
the average squared difference between actual
and predicted values. The lower MSE value is
expressed as better prediction performance for
the ANN. For the training and testing data, MSE is
obtained as 0.0145 and 0.0161, respectively.
Lizards are good model for the study of the
evolution of sexual dimorphism [12,13]. Sexual
dimorphism is a common phenomenon among

lizard species [14-20]. Darevskia bithynica is
sexually dimorphic in body size and shape. Males
have larger values related to all characters
examined in the present study than females.
Sexual dimorphism in body size and shape occurs
in several congeneric species [13,21-30].
In lacertid lizard, males generally have a
relatively longer snout-vent length (SVL) than
females and males have generally relatively
larger heads compared to females [21,31]. Males
with bigger heads have advantages in intersexual
interactions [32,24]. In courtship, males having
larger heads succeed in grasping a female
faster than males having smaller heads and can
successfully grasp and hold a female [21,33].
Also males are being able to eat larger prey than
females [34,35].
CONCLUSIONS
In the present study, the feed-forward backpropagation multilayer ANN model gives very
satisfactory results to predict the gender of
Darevskia bithynica by using its morphometric
measurements. Optimal ANN structure is obtained
as one input, one hidden with 20 neurons and one
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Figure 3. Output of program for the performance of training, validation and testing of ANN model.
Table 3. Mean square error (MSE) values for training, validation and testing processes.
Samples

MSE

Training

81

0.0145

Validation

17

0.0697

Testing

17

0.0161

output layer. The activation function is identified
as tangent sigmoid function. The total data set
is divided three parts for training, validation and
test sets which contains 70%, 15% and 15% of
data samples, respectively. The R and MSE values
for actual and predicted genders are obtained
as 0.97 and 0.0161 for testing, respectively.
The results are strongly established that ANN
model can be used on predicting the gender of
Darevskia bithynica based on their sexual size
measurements.
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