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1. Introduction

Growth parameters of aquatic organisms are crucial
for assessing their development and health in aquatic
ecosystems. These parameters are used to understand
the vital functions of aquatic organisms and their
interactions with the environment (Naz et al. 2023).
For example, monitoring the growth rate of aquatic
animals helps to determine population dynamics, food
web relationships, and their impact on water quality.
By determining these parameters, necessary data
are provided for assessing the well-being of aquatic
ecosystems (Rahman et al. 2023), tracking the effects
of environmental changes (Saemi-Komsari et al. 2023),
and formulating sustainable management strategies
(Lu et al. 2023). Therefore, growth parameters serve
as an essential tool for understanding the ecological
role of aquatic organisms and the state of ecosystem
equilibrium.

Pontastacus leptodactylus is a common species of
freshwater crayfish in Europe (Alvanou et al. 2022).
It is a member of the Astacidae family and is of
considerable ecological importance in both terrestrial
and aquatic ecosystems. Individuals of this species
are usually characterized by a greenish or brownish
body color and are distinguished by elongated and
slender legs, which differentiate them from other
species of freshwater crayfish. They are usually found
in benthic environments in rivers, ponds, and marshes
(Alekhnovich 2021). In the comprehensive systematics
of freshwater crayfish worldwide by Crandall & De
Grave (2017), Pontastacus leptodactylus Eschscholtz,
1823 is synonymous with Astacus leptodactylus
Eschscholtz, 1823.

In the case of aquatic organisms such as
Pontastacus  leptodactylus,  growth  parameters
provide essential data for understanding population
dynamics, assessing food web interactions,
understanding their ecological role and examining
their responsiveness to environmental changes (Galib
et al. 2022). Conventional methods typically involve
measuring body size, weight and age of individuals to
calculate growth rates, age-related growth patterns,
inter-individual growth variations, and other growth
parameters. These well-established methods have
been successfully used in scientific studies for
many years (Flinn & Midway 2021; Pauly & Morgan
1987). In recent years, however, the development
of technologies such as artificial intelligence and
machine learning has underscored the importance
of incorporating artificial intelligence (Al) supported
approaches to determining and analyzing growth
parameters (Suryanarayana et al. 2008; Sholahuddin
et al. 2015; Benzer & Benzer 2022). Al algorithms
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can effectively assist in more precise and efficient
calculations of growth parameters due to their ability
to detect complex patterns and make predictions
from large datasets (Misra et al. 2022). For example,
image processing and deep learning techniques can
be employed for automated measurement of body size
and weight of aquatic organisms. Furthermore, Al can
facilitate comprehensive analysis of growth rates and
patterns, establishing associations with environmental
factors.

Al-supported growth parameter analyses can
offer a faster, more precise, and efficient approach
to scientific research and management of aquatic
ecosystems. However, the use of these technologies
should be based on reliable data and employ
accurate algorithms and data quality to produce
verifiable results. Therefore, it is necessary to integrate
Al-supported studies with conventional methods to
gain a better understanding of growth parameters and
develop more effective conservation strategies for the
ecological health of aquatic organisms.

In this article, in addition to conventional
approaches, the objective is to determine the ecology,
age, and growth parameters of the species Pontastacus
leptodactylus, which belongs to the family Astacidae,
using Al methods. These features are intended to
provide a valuable contribution to the definition
of Astacidae and the widely employed traditional
taxonomy.

2. Materials and methods

The Keban Dam Lake is the first artificial lake
constructed near the Keban district, located
approximately 45 km northwest of Elazig province
and 65 km northeast of Malatya province in Turkey.
Constructed on the Euphrates River in 1974, the lake
covers an area of 676 km% The dam site is situated
around 10 km away from the confluence of the
Karasu and Murat Rivers. The lake area spans across
the provinces of Elazig, Tunceli, Erzincan, Sivas, and
Malatya. Moreover, the Keban Dam Lake serves as a
significant source for hydroelectric energy production
and contributes to the economy through various
sectors, including environmental management and
fisheries (DS, 1982).

In this study, freshwater crayfish were caught
for commercial purposes by local fishermen during
the 2022 fishing season (July 1 to October 31) using
fyke nets (34 mm mesh size). A total of 174 crayfish
specimens were examined, of which 82 were females
and 92 were males. The captured crayfish were
transported to the Fisheries Artificial Intelligence
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Laboratory, where the necessary measurements
were taken and their sex was determined. The
measurements of freshwater crayfish, including
carapace length (CL), abdomen width (Aw), abdomen
length (AL), carapace width (Cw), chela length (ChL),
chela width (Chw), total length (TL), and total weight
(TW), were taken using a measurement instrument
with an accuracy of 0.5 mm, and their weight was
recorded using a balance with an accuracy of 0.01
g. The collected specimens were placed in nylon
containers containing a 4% formaldehyde solution.

The relationship between the length (TL) and
weight (TW) of freshwater crayfish is expressed by a
mathematical equation known as the ‘length-weight
relationship’. This equation is usually expressed as
follows:

TW =axTI’

where TW is the weight of freshwater crayfish in
grams, and TL is the length of freshwater crayfish in
centimeters (cm). The constants a and b determine the
specific form of the equation. The constant a reflects
the average weight of crayfish per unit length, while
the constant b represents the effect of length on
crayfish weight.

Artificial Neural Networks (ANNSs), inspired by the
complex data analysis and learning capabilities of
the human brain, have been proposed to automate
the process of analyzing complex data and ultimately
make intelligent decisions by mimicking the learning
function of the brain’s neural system. In this study, a
network structure with a supervised learning method
known as Backpropagation Neural Networks will be
used to solve problems. After data normalization,
ANNs results were obtained using the Weka
application. In general, artificial neural networks start
with an input layer and are connected to one or more
hidden layers where data are processed. The results
are obtained in the output layer (Figure 1). Activation

f x, O——w,
Activation
Function

\/—\ Output
Inputs< x, O w, Z f y
: /\X“_{

L s O——>w,
Weights

Figure 1

Schematic model of an Artificial Neural Networks
(ANNSs).

functions or transfer functions in ANNs are typically
sigmoid, but they can be replaced by other functions
such as a Hopfield network (1988).

Weka, machine learning software written in the
Java programming language, stands for “Waikato
Environment for Knowledge Analysis”. It was
developed by researchers at the University of Waikato
in New Zealand. Weka is versatile and can be used
for various machine learning tasks, including data
mining, pattern recognition, exploratory data analysis,
prediction, and visualization. It offers a user-friendly
graphical interface and also supports a command-line
interface. In addition, Weka supports several data
formats (CSV, ARFF, C4.5, etc) and implements
various machine learning algorithms (k-NN, Bayes,
decision trees, SVM, etc.). Weka is a popular choice for
both academic research and industrial applications
(Bouckaert et al. 2016).

MAPE, which stands for Mean Absolute Percentage
Error, is a common performance measure used to
assess the accuracy of predictions made by a model.
It is a percentage error measure that represents the
average of the absolute differences between the actual
values and the predicted values, relative to the actual
values. The formula to calculate MAPE is as follows
(Montafo Moreno et al. 2013):

e |
wap =190 1o
n |A :
where:
n = number of samples in the dataset
e=actual value of the target variable
A= predicted value of the target variable

MAPE provides a useful indication of the model’s
accuracy by quantifying the average percentage
difference between the actual and predicted values
for the target variable in the dataset. A low MAPE
score indicates that the model is accurate and has
a high level of performance, whereas a high MAPE
score suggests that the model is less accurate and
has a lower level of performance. It should be noted
that MAPE is not suitable for datasets containing zero
or negative values, as it may result in division by zero
error. In summary, MAPE is a commonly used and
simple yet effective way to evaluate the performance
of machine learning models and measure the accuracy
of predictions.

In addition to MAPE, other statistics commonly
used to measure the forecasting accuracy (prediction
performance) of models (Wang & Lu 2018) include
Mean Absolute Error (MAE):
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and Root Mean Squared Error (RMSE):

The flow chart shown in Figure 2 was used to
determine the correlation between total length and
total weight using both conventional and Al-based
methods.

1.60 cm and 7.50 cm, AL (abdomen length) between
2.00 cm and 7.00 cm, Aw (abdomen width) between
1.0 cm and 10.50 cm, ChL (chela length) between 1.50
c¢m and 14.00 cm, and Chw (chela width) between 0.40
cm and 9.50 cm. Weight values of freshwater crayfish
ranged from 11.18 g to 85.94 g, with an average
weight of 38.60 g (Table 1). The length (TL) ranges of
freshwater crayfish in the Keban Dam Lake are shown
in Figure 3.

The TL-TW relationships were examined for
freshwater crayfish in the Keban Dam Lake. The
relationship for female crayfish was W = 0.02172744
[305%8 (R? = 0.949), while for male crayfish W =
0.02742281 [3*%%° (R? = 0.949), and for both sexes

Tradional / Artificial Intelligence Models

Y ¥
Traditional Models Artificial Neurel Networks
-LWRs Eq. - Multilayer Per.[TL-TW)

MAPE
Values

Figure 2

Values

1

Suitable Models for Tradional / Artificial Intelligence

Schematic workflow.

3. Results and discussion

In the conducted study, a total of 174 freshwater
crayfish were examined, of which 82 (47.13%) were
females and 92 (52.87%) were males, resulting in a
female/male ratio of 0.89/1.00. In addition, it was found
that the measurements of freshwater crayfish varied
within the following ranges: TL (total length) between
7.80 cm and 13.70 cm, CL (carapace length) between
4,00 cm and 8.00 cm, Cw (carapace width) between

combined the relationship was W = 0.02883869 [2°%°
(R?=0.944).

The CL-Cw relationship was W = 0.16220909 L''¥
(R? = 0.946) for female crayfish, W = 0.26391077 L"*%*°
(R? = 0.948) for male crayfish and W = 0.22762450
L1%%44 (R? = 0.947) for box sexes combined. The AL-Aw
relationship was W = 1.06538282 %4548 (R? = 0.899) for
female crayfish, W = 1.17325329 (%% (R? = 0.857) for
male crayfish and W = 1.08226637 %% (R? = 0.978) for
both sexes combined. The ChL-Chw relationship was
W = 0.38485400 L°%% (R? = 0.920) for female crayfish,
W = 1.00480182 L[> (R? = 0.791) for male crayfish
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Figure 3

Total length (TL) range.

and W = 0.64438366 L°*"" (R? = 0.830) for both sexes
combined (Table 2). The graphs of the freshwater
crayfish length-weight (TL-TW) relationships are
shown in Figure 4.

In the artificial neural network approach, the
values of carapace length (CL), abdomen width (Aw),
abdomen length (AL), carapace width (Cw), chela
length (ChL), chela width (Chw), and total weight (TW)
were input into the system, and the total length (TL)
value was set as the output to construct the model.

Table 1
Metric characteristics.
Metrlc. . Sex Mean * Sx Min—Max t test
characteristic
Q 10.88 +1.26 8.80-13.70
TL 3 10.80 + 1.37 7.80-13.50  p < 0.05
23  10.82%1.32 7.80-13.70
Q  3917+15.01  15.15-73.00
™w 4 38.48+1859  11.18-85.94 p < 0.05
Q3 3860+17.35  11.18-85.94
Q 5.28 +0.65 4.00-7.00
cL 3 5.47+0.79 4.00-8.00 p < 0.05
93  538+0.73 4.00-8.00
Q 4.24+1.72 1.70-7.50
cw 3 4.28 +1.68 1.60-7.50 p < 0.05
oS 4.26+1.70 1.60-7.50
§ 5.29 +1.09 2.20-7.50
AL 0g 4.85+1.11 2.00-7.00 p > 0.05
5.06+1.12 2.00-7.00
Q 2.51+1.30 1.30-8.00
Aw 3 2.23+1.30 1.00-10.50 p < 0.05
Q3  236+1.30 1.00-10.50
Q 6.30+1.37 2.00-11.50
ChL 38 7.77+2.19 1.50-14.00 p < 0.05
Q4 7.08+1.99 1.50-14.00
Q 1.48 +0.75 0.40-4.50
Chw 3 1.94 +1.50 0.50-9.50 p < 0.05
Q3 1.74+1.22 0.40-9.50

Sx - standard error; TW - total weight; Cw — carapace width; CL - carapace length; Chw - chela
width; ChL - chela length; TL - total length; AL — abdomen length; Aw - abdomen width; ¢ -

female; - male; 9 - females + males

W =002172744 L3059
R?=0.949
90 0=82 (females)

W =0.02742281 L3 ¢ a
80 R2=0.949
=92 (males)

>

N
W =0.02883869 L2%% PO

R2=0.944 -
60 | 0= 174 (females + males) i

Totol Weight - TW (2)

7 8 9 10 11 12 13 14 15
Totol Length - TL (emn)

Figure 4

Length-weight relationships for freshwater crayfish
from Keban Dam Lake.

Table 2
Relationship parameters, equations, and correlation

coefficients.

W = 0.02172744 [395% 0.949
TL-TW 8 W = 0.02742281 130569 0.949
3 W = 0.02883869 2% 0.944

Q W =0.16220909 %37 0.946
CL-Cw 1) W =0.26391077 L*>%° 0.948
Q3 W =0.22762450 L% 0.947

Q W =1.06538282 4% 0.899
AL-Aw 3 W =1.17325329 °3% 0.857
3 W =1.08226637 L°4% 0.878

Q W = 0.38485400 L0 0.920
ChL — Chw 3 W =1.00480182 [°241° 0.791
oFs W = 0.64438366 L4 0.830

LWRs - length-weight relationship; R? - correlation coefficients

The data obtained from the Keban Dam Lake were
split into 70% for training and 30% for prediction.
Following the examination of 174 individual freshwater
crayfish, the predicted TL results are shown in Figure
5. Statistical results for the obtained ANN results are
presented in Table 3, and the correlation is shown
in Figure 6. The results show that the data for TL and
TW are well modeled with a correlation coefficient of
approximately 99% and 96%, respectively (Table 3).

Table 3

Results of statistical analyses with ANNs.

. . Results Results
Statistical approach and sample size i (Weight)

Correlation Coefficient 0.9927 0.9625
Kendall's tau 0.9453 0.8314
Spearman's rho 0.9921 0.9603
Mean Absolute Error (MAE) 0.1320 7.5331
Root Mean Squared Error (RMSE) 0.1787 8.5914
Number of samples in prediction 174 174
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Table 4 shows the results of ANNs and LWR for the
values of freshwater crayfish from the Keban Dam
Lake. It was observed that the measurements of certain
characteristics of freshwater crayfish from the Keban
Dam Lake are similar to those in the available literature
(Table 5).

In this study conducted in the Keban Dam Lake, it
was observed that the number of male individuals was

higher than the number of female individuals, and the
female-to-male sex ratio was 0.89:1. Several studies
(Balik et al. 2005; Aydin et al. 2015; Benzer et al. 2015;
Benzer & Benzer 2015; Benzer et al. 2017; Rolji¢ et al.
2019) have reported that the number of males is higher
than the number of females. However, Benzer & Benzer
(2020) found in their study conducted in Lake Yenicaga
that the number of female individuals was higher

Table 4

Results of ANNs and LWRs for freshwater crayfish from the Keban Dam Lake.

ex

3 10.81 38.48 10.725 45.656 0.79
oFs 10.82 38.60 10.740 45.793 0.74

10.88 39.17 10.795 46.360 0.79

15.51 11.14 32.58 2.33 20.23
15.72 11.02 38.88 191 1.03
15.71 11.20 35.76 3.39 7.94
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Comparison of parameters for freshwater crayfish available in the literature.

StUdy Area

Balik et al. (2005) Q 92.88 24.19
Demirképrii Dam Lake 1) 90.18 25.43
Wang et al. (2011) § 68.50 18.85
Ponds 69.90 17.50
Aydlr! et al. (2015) Q 104.17 32.50
Lake iznik d 95.71 28.82
Benzer et al. (2015) Q 108.71 28.64
Lake Mogan a8 102.93 32.49
Benzer & Benzer (2015) Q 110.6 38.52
Dikilitas Pond IS} 1135 50.02
Benzer et al. (2017a) § gggg gg;g
Lake Egirdir 93 133.10 75.12
Hossain et al. (2017
Culture e 03 50.2 32.30
Benzer et al. (2017b) ? 126.00 >2.80
Hirfanli Dam Lake d 128.50 7552
3 127.50 66.43
Benzer & Benzer (2018) | s e
Lake Uluabat d L i)
oFsS 118.26 43.16
Roljic et al. (2019)
Vrbas River 3 98.86 27.28
Mazlum et al. (2019)
Keban Dam Lake &3 97.40 27.14
Benzer & Benzer (2020) C% Eig ggg
Lake Yenigaga 9@ 119.88 4506
Shaaban et al. (2021)
Nile River (Helwan) 26.81
Q 10.88° 39.17
This study 3 10.81° 38.48
Keban Dam Lake : :
Q3 10.82° 38.60

LWRs parameters

I R

Sex ratio
(females/males)

0.00002 3.06 0.97
0.00001 3.27 0.98 0494
0.033 3.023 ) )
0.074 2.638
0.00003 3.01 0.97
0.000008 3.30 0.97 0894
0.00220024 2.021 0.99
0.14:1
0.00095247 2.229 0.99
0.03105469 2.98 0.98 0.68:1
0.05958618 2.76 0.99 o
0.05425196 2.7357 0.986
0.05272102 2.8094 0.976 0.51:1
0.03589889 2.9374 0.971
0.4304 2.8216 0.94 -
0.032933 291 0.96
0.041409 2.89 0.97 0.66:1
0.022299 3.02 0.96
0.04059605 2.775 0.968
0.02999258 2.947 0.959 11
0.03634341 2.845 0.961
- - - 0.56:1
0.024 3.08 0.96 -
0.12949911 2.326 0.975
0.18113315 2.218 0.964 1:0.75
0.14162875 2.301 0.968
-1.867 3.169 0.821 -
0.02172744 3.060 0.949
0.02742281 3.057 0.949 0.89:1
0.02883869 2.991 0.944

than the number of male individuals. These divergent
results are believed to be due to biological factors
and fishing methods used in wetlands with different
ecological characteristics.

Although the mean total lengths and total weights
of both sexes were almost the same, it was observed
that males had higher mean lengths and weights
compared to females. It was found that the total
length (TL) values of freshwater crayfish in the Keban
Dam Lake were higher than those in the Demirkdpri
Dam Lake (Balik et al. 2005), culture ponds located
at the Zhougang Field Stations (Wang et al. 2011),
Lake iznik (Aydin et al. 2015), culture ponds located
at the Research Institute of Fish Culture in Vodnany
(Hossain et al. 2017), the Vrbas River (Rolji¢ et al. 2019),
and the Keban Dam Lake (Mazlum et al. 2019). Some
researchers have reported that TL values of males and
females were higher than those in the Keban Dam
Lake (Benzer et al. 2017a; Benzer et al. 2017b; Benzer

3 www.oandhs.ug.edu.pl

& Benzer 2018; Benzer & Benzer, 2020). Similar results
were obtained for total weight (TW) values (Table 5).

In this study, the slope (b) values of the length-
weight relationship were determined as 3.060, 3.057,
and 2.991 for females, males, and all individuals,
respectively. The intercept of the relationship (a) for
all individuals was 0.02883869. The obtained b values
were similar to those reported in other studies (Table
5). Growth in this study exhibited a positive allometric
pattern. Similar results were also reported in previous
studies conducted in the Demirképri Dam Lake (Balk
et al. 2005), culture ponds located at the Zhougang
Field Stations (Wang et al. 2011), Lake iznik (Aydin et al.
2015), and the Keban Dam Lake (Mazlum et al. 2019).
However, negative allometric growth patterns were
observed in studies conducted in Lake Mogan (Benzer
et al. 2015), Dikilitas Pond (Benzer & Benzer 2015), Lake
Egirdir (Benzer et al. 2017a), culture ponds located
at the Research Institute of Fish Culture in Vodnany

Journal owner: Faculty of Oceanography and Geography, University of Gdarnsk, Poland
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(Hossain et al. 2017), and Lake Yenicada (Benzer &
Benzer 2020) (Table 5). These differences can be
attributed to factors such as environmental conditions,
food availability, population density, and the selectivity
of traps or fyke nets used in the studies.

Estimation of length-weight relationships in
fisheries studies is model-dependent. This can be a
challenge when evaluating a dataset, especially when
the amount of data is insufficient and confidence
intervals of parameters fall below the nominal level
(May et al. 2011; Sun et al. 2022). Therefore, when
comparing the results obtained from artificial neural
networks (ANNs) with those obtained from the
traditional length-weight relationship (LWR) approach,
it is crucial to assess their accuracy. When analyzing
the Mean Absolute Percentage Error (MAPE) results
of LWR and ANNSs, it appears that ANNs are likely to
yield better results than LWR (Table 4). Specifically,
in predicting Total Length (TL) data, ANNs achieved
approximately 99% accuracy with MAPE values of 0.79,
0.79, and 0.74 for females, males, and all individuals,
respectively. In contrast, LWR showed MAPE values of
2.33, 1.91, and 3.39, resulting in around 97% accuracy.
Similarly, when estimating total weight, ANNs achieved
a MAPE value of 15.51 for females, while LWR obtained
a MAPE value of 20.23, indicating that ANNs are more
suitable in this context. As shown in Table 4, however,
LWR outperforms ANNs when considering males and
all individuals. In this context, it is anticipated that
conventional methods can be considered alongside
artificial neural network (ANN) methods, and ANNs
can serve as an alternative prediction tool for various
parameters.

4, Conclusions

In this study, the ANNs method showed better
results compared to the LWRs method. A comparative
study using all the models determined that they all
provide high accurate predictions. Of these models,
the ANNs model was identified as the best-performing
model. Similar results were found in other studies.
Therefore, researchers have concluded that ANNs
models should be considered a valuable technique in
fisheries prediction. High R? and low MSE and MAPE
values are considered by researchers as indicators of
a good model. Hence, it is known that compared to
regression analysis, ANNs yield fewer erroneous results
and achieve a higher rate of accurate predictions.
In this study, the ANNs method was found to have
significantly high performance in predicting the
length-weight relationships for freshwater crayfish.
Overall, the results indicate that the ANNs method

exhibits a robust performance in predicting the
length-weight relationships of freshwater crayfish,
making it a valuable approach for fisheries forecasting.
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