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Comparative Analysis of Deep Learning Models for Forecasting
Turkiye's Seafood Exports

Betill Giimiis!, Selim Kayhan? and Numan Emre Giimiis®
ABSTRACT

As the income level of countries increases with the increasing world population,
the demand for aquaculture products increases. As a result of technological
developments in the storage and distribution of seafood products, it has become
an important sector for national economies. The aim of this study is to determine
whether machine learning and deep learning methods can be utilized in
forecasting Turkiye's seafood exports and to test which forecasting models will
give better results. For this purpose, the performance parameters of LSTM,
RNN, BIiLSTM and GRU models are compared. The findings show that deep
learning method can be utilized in forecasting Turkiye's seafood export volume
and better results are obtained with GRU and BiLSTM performance parameters
compared to the other two models. Developments in foreign trade in recent
years have had a positive impact on aquaculture trade. With its existing potential
and the use of modern and advanced technologies, Turkiye's aquaculture sector
has made significant progress, and this has had a positive impact on exports. In
this sense, estimating Turkiye's aquaculture export volume will help producers
to plan supply and sales and exporters to develop marketing strategies.
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RESUME

Avec l'augmentation du niveau de revenu des pays et la croissance
démographique mondiale, la demande en produits aquacoles augmente. Grace
aux progrés technologiques en matiére de conservation et de distribution des
produits de la mer, ce secteur est devenu un pilier important des économies
nationales. L'objectif de cette étude est de déterminer si les méthodes
d'apprentissage automatique et d'apprentissage profond peuvent étre utilisées
pour prévoir les exportations de produits marins turcs et de tester quels modeles
de prévision donneront les meilleurs résultats. On procéde a la comparaison des
parameétres de performance des modéles LSTM, RNN, BiLSTM et GRU. Les
résultats montrent que la méthode d'apprentissage profond peut étre utilisée pour
prévoir le volume des exportations de produits marins turcs et que les paramétres
de performance GRU et BiLSTM donnent de meilleurs résultats que les deux
autres modeles. L'évolution du commerce extérieur ces derniéres années a eu un
impact positif sur le commerce aquacole. Grace a son potentiel existant et a
I'utilisation de technologies modernes et avancées, le secteur aquacole turc a
réalisé des progreés significatifs, ce qui a eu un impact positif sur les exportations.
A cet égard, I'estimation du volume des exportations aquacoles de Tiirkiye aidera
les producteurs a planifier l'approvisionnement et les ventes et les exportateurs
a élaborer des stratégies de commercialisation.

Keywords: Seafood export, deep learning, machine learning, time series
analysis

JEL Classification: E17, F17, Q17
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1. Introduction

Aquaculture is a source of food for a significant proportion of the world's
population. This type of food is highly important in terms of high-quality
proteins, essential vitamins, minerals and polyunsaturated fatty acids
(Prester, 2011). However, seafood is recognized as an inexpensive source
of animal protein (Devaraj et al., 2021). Protein content ranges from 15%
to 20% of the body weight of the fish. The superior nutritional quality of
fish lipids is well known among consumers. Fish is a good source of
vitamin B complexes and also a combination of minerals such as calcium,
iodine, zinc, iron and selenium (FAOQ, 2016). Given all this, it is important
for people to have access to these sources of nutrients.

The world population is currently estimated to be 8 billion and will reach
10 billion by 2050 (UNFPA, 2023). Animal protein is vital to meet the
nutritional needs of the growing population and is obtained from two
important sources: land animals and aquatic animals (Sagun and Saygi,
2021).

Turkiye has great potential in aquaculture production due to its rich inland
water resources, being surrounded by seas on three sides and its
geographical location. The aquaculture sector in Tlrkiye has grown
rapidly in recent years and continues to growth with production and
practices that take into account the export potential and sustainable
production approach (TEPGE, 2024). The aquaculture sector has been
supported by the state since 2003 (TEPGE, 2023). Moreover, the use of
advanced and modern technologies in aquaculture in Turkiye in recent
years has contributed to the development of the sector. Thus, Turkiye is
an important country in the world aquaculture market due to its growth
potential in both foreign and domestic markets and its strategic location
(Bilguven and Can, 2018). In addition, Turkiye is a net exporter in the
foreign trade of aquaculture products and the aquaculture sector
constitutes one of the important sectors in Tirkiye's exports (IZKA,
2024).

The foreign trade volume of aquaculture products in Tirkiye is 1.4 billion
U.S. dollars, which is 4 per thousand of the world trade volume. 68% of
total aquaculture foreign trade is export and 32% is import (FAO, 2019).
Countries which Turkiye exports aquaculture products are Russia, the
Netherlands, Italy, Greece, the UK and Germany, while countries which
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Tirkiye imports aquaculture products are Morocco, Norway, Spain,
Seychelles, Malaysia and Iceland (TEPGE, 2024). In the last 10 years, the
production value of aquaculture products in Tlrkiye has increased by
7.5% (Yildirim et al., 2022). Between 2000 and 2010, exports increased
seven-fold in terms of value and increased continuously in the following
years. Between 2010 and 2023, exports quadrupled and reached
approximately 1.6 billion dollars (Ukav, 2023). Tirkiye's aquaculture
production, which was 582 thousand tons in 2000, increased by
approximately 73% to 1 million 10 thousand tons in 2023. The amount of
aquaculture products exported, which was 14 thousand 553 kg in 2000,
increased significantly and reached 272 thousand 192 kg in 2023 (TUIK,
2025). Figure 1 shows the changes in Turkiye's aquaculture production
and exports in the period 2000-2023.

Figure 1: Aquaculture production and exports in Turkiye (2000-2023).
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Figure 1 shows that the production of aquaculture products in Turkiye
between 2000 and 2023 showed a fluctuating trend but continued to
increase in the whole period. In the same period, the amount of
aquaculture products exported increased gradually.

Figure 2 shows the share of Turkiye's aquaculture exports in total exports
between 2000 and 2023.
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Figure 2: Share of TUrkiye's aguaculture exports in total exports (2000-2023).
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Figure 2 shows that while the share of aquaculture exports in total exports
was approximately 1 per thousand in 2000, it is around 6 per thousand in
2023. There was no significant increase in this ratio from 2000 to 2012,
but it increased significantly from 2012 to 2023.

Turkiye's foreign trade in aquaculture products grew by around 15% in
the 1990-2016 period, while the world's foreign trade in aquaculture
products grew by around 5% in the same period (Dalkiran, 2019). The
growth in Turkiye's foreign trade in aquaculture products was realized
above the world average. Thus, the importance of the aquaculture sector
in Turkiye is increasing day by day.

Machine learning is a sub-branch of artificial intelligence that enables the
creation of models through mathematical and statistical algorithms and
experiences gained through a set of data and making decisions in the
future with these models (Naga and Murphy, 2015). Machine learning is
a subfield of Artificial Intelligence (Al) that has gained popularity over
the years due to the increase in computational capacity in the context of
data analysis that enables applications to work intelligently. Artificial
neural networks (ANNS) in particular have come to the forefront in the
last few years due to their increased capacity and the large volumes of
data that can now be generated and controlled (Jordan and Mitchell,
2015).
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Deep learning is often seen as part of a broader machine learning approach
derived from artificial neural networks (ANNSs) (Sarker etal., 2021). Deep
learning models play a vital role in big data analysis with their structure
consisting of many layers. These models represent data at increasingly
abstract levels, making it possible to process large amounts of data. While
traditional machine learning methods may be limited in analyzing big
scale, deep learning overcomes this difficulty and provides meaningful
information (Sonmez et al., 2024). The advantages of deep learning in big
data analysis, especially in processing complex and voluminous data sets,
have made deep learning preferable than supervised learning methods.

Although there have been many forecasting studies on aquaculture
production and exports worldwide, most of these studies have been
conducted using the ARIMA model. Studies on forecasting seafood
exports in Turkiye are very limited and there is no study conducted with
artificial neural networks (ANN). In this study, ANNs are used to forecast
seafood exports in Tirkiye and results obtained are compared. The main
objective of the study is to gain a deeper understanding of the data in the
time series forecasting and analysis processes and to determine the most
appropriate deep learning models accordingly.

The contribution of this study is that, to the best of our knowledge, it is
the first study to propose the use of deep learning models as an alternative
method for forecasting Turkiye's seafood exports. In addition, this study
shows that BiLSTM and GRU parameters offer a strong alternative for
forecasting seafood exports.

Tirkiye has a high potential for aquaculture production and exports.
Therefore, it is important to show that the export volume of aquaculture
products can be estimated by deep learning methods and to propose a
model for this estimation. It is thought that increasing the accuracy of
these predictions will provide advantages such as increasing efficiency in
resource utilization, facilitating production and trade planning and
developing marketing strategies. In addition, this study will shed light on
future studies planned to be carried out to predict aquaculture exports by
utilizing deep learning methods.
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2. Literature Review

There is a limited literature on the estimation of aquaculture production,
consumption, exports and imports. One of the initial ones belongs to
Sankar (2011). Sankar in his 2011 study aims to estimate fish product
exports in the Indian State of Tamilnadu based on inland and marine fish
product export data between 1969 and 2008. In his study, he evaluates
Autoregressive (AR), Moving Average (MA) and Autoregressive
Integrated Moving Average (ARIMA) processes to determine the most
appropriate stochastic model. As a result of the analysis, he determines
that ARIMA (0,1,2) is the most appropriate model for fish product export
forecasting.

Asiedu et al. (2020) aim to forecast the country's fish consumption,
production and imports until 2030 with the ARIMA model using Ghana's
fish consumption, production and import data for the period 1961-2018.
They estimate that fish consumption in Ghana will increase at an annual
rate of 0.61% from 2017 to 2030. In terms of supply, they expect that
imports will contribute 46%, aquaculture 9% and capture fisheries 45%
to fish production.

Mehmood et al. (2020) aim to forecast Pakistan's fisheries exports to the
South Asian Association for Regional Cooperation (SAARC) for the
period 2009-2025 using the Box-Jenkins methodology (ARIMA model).
For this purpose, the authors use fisheries export data for the period 1975-
2009. As a result of the analysis, the authors state that ARIMA (1,1,4) is
the model with the best forecasting performance among the ARIMA
models examined and predict that the value of the country's fisheries
exports to the SAARC region will increase in 2025 compared to 2009.

Roy and Basu (2023), in their study to model and forecast Bangladesh's
exports of three main fish products: dried fish, frozen fish and frozen
shrimp, compare ARIMA models among themselves using data for the
period between 1985-2019. As a result of the analysis, they determine the
most appropriate forecasting model for all three products and revealed the
future trends of Bangladesh's fisheries exports.

Rajani et al. (2024) conduct a time series analysis by comparing ARIMA
models within the Box-Jenkins methodology with fish production data for
the period from 1950-51 to 2021-22 to forecast fish production in India.
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As a result of the analysis, they find that fish production will tend to
increase until 2027.

It is seen that there is a limited number of studies using machine learning
methods to estimate the export and import of fishery products. Sun and
Yang (2023) use different artificial neural networks to forecast China's
fish imports and exports. The authors report that the Bidirectional Long
Short-Term Memory Recurrent Neural Network (BiLSTM) method has
higher prediction accuracy and stability compared to commonly used
models such as Gated Recurrent Units (GRU), Long Short-Term Memory
(LSTM) and Back-propagation (BP) neural networks.

Chaudhary and Choi (2023), in their study, focus on forecasting the
import quantity of two fish species, Hairtail and Pollock, in South Korea
using Deep Learning methods. They choose two Deep Learning methods
for forecasting, namely Artificial Neural Network (ANN) and Long-Short
Term Memory (LSTM). They state that LSTM performs better with
higher accuracy and lower RMSE values among the two applied Deep
Learning methods.

There is a single study on the Turkish economy and it belongs to Gir and
Esidir (2024). They utilize ARIMA and Multilayer Perceptron (MLP)
methods to forecast Turkiye's monthly trout exports. Using monthly data
for the period January 2005 - January 2023, they estimate trout export
values for each month in the period February 2023 - December 2023.
Their results show that ARIMA and artificial neural network methods are
effective in forecasting Tirkiye's monthly trout exports.

In the existing literature, it is seen that ARIMA method is utilized in the
studies conducted for different countries in forecasting the trade,
production and consumption of fish products, which constitute an
important part of aquaculture products. In some of these studies, in
addition to the forecasts made for the future, it was also investigated
which model would give more accurate results in forecasting by
comparing both ARIMA method with AR and MA methods and ARIMA
models among themselves. However, there are also studies in the
literature that investigate the most appropriate artificial neural network
methods for forecasting seafood trade with machine learning and deep
learning models. In one of these studies, Sun and Yang (2023) conclude
that LSTM performed better among the different artificial neural
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networks compared in forecasting China’s fish trade, while Chaudhary
and Choi (2023), in another study comparing deep learning models in
forecasting imports of two fish species in South Korea, conclude that the
BiLSTM method is the most appropriate forecasting method.

There are few studies on forecasting seafood trade. In these studies,
ARIMA model is generally used. In this study, LSTM, RNN, BiLSTM
and GRU artificial neural networks are compared to predict Turkiye's
seafood exports with deep learning models. As a result of the study, GRU
and BILSTM are found to be the most appropriate models. These results
indicate that deep learning models can also be utilized in forecasting
Turkiye's seafood exports. To the best of our knowledge, this is the first
study to examine deep learning models in forecasting Turkey's seafood
exports. It is also believed that utilizing deep learning method and
determining the most appropriate deep learning model will reduce the
margin of error in forecasting. According to Siami-Namini et al. (2018),
deep learning based algorithms such as LSTM outperform traditional
based algorithms such as ARIMA model in forecasting time series data
(Siami-Namini et al., 2018).

3. Data Set

The data used in the model belongs to the period between years 2001 and
2023. The dependent variable of the model is the export value of
aquaculture products (US$). The independent variables are monthly
aquaculture export value (US$), aquaculture production (tons), monthly
average US Dollar exchange rate (TL) and monthly total export value of
Turkey (US$). In the analysis, monthly data (January 2001 - January
2023) obtained from the Turkish Statistical Institute (TUIK) and the
Central Bank of the Republic of Turkey (CBRT) were used. Aquaculture
production data obtained from TUIK database is annual and monthly
average values are calculated and included in the analysis. Except for this
process, missing data filling and data extraction operations were not
performed.

The dataset contains a total of 1380 data and 5 features. The dataset was
then divided into two clusters, 70% training and 30% testing.

Python 3.13.2 programming language was used to process, analyze and
model the data set. The data analysis and modeling work was carried out
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in the Jupyter Notebook environment. At the beginning of the study, the
basic libraries commonly used in Python were installed. These libraries
include pandas for data analysis and manipulation, numpy for
mathematical operations, matplotlib.pyplot for graphics and visualization,
tensorflow for building and training iterative neural network models,
plotly.express for interactive visualizations, and scikit-learn for machine
learning algorithms.

4. Theoretical Framework
4.1. Performance Metric

Root Mean Square Error (RMSE) is a measure that evaluates how far the
predictions are from the measured true values. it is widely used to assess
how well the predictions fit the true values, and a lower RMSE value is
considered indicative of a better fit (Liemohn et al., 2023). RMSE is an
important measure for examining forecasting accuracy in many fields, as
it can be used to compare the performance of various models or to judge
how a model evolves over time (Chaudhary and Choi, 2023).

RMSE= /w (1)

Mean absolute error (MAE) is a metric that measures the average of the
absolute differences between predicted and actual values. The MAE value
increases as errors increase and each error is considered positive. MAE is
calculated by averaging the absolute differences between predicted and
actual values (Frias-Paredes et al., 2018).

1 .. .
MAE= > 37, (i — yi)? @

The Mean Squared Error (MSE) measures the magnitude of the error of a
regression model's predictions to the true values. The closer the value of
the MSE is to zero, the closer the model's predictions are to the true

values, and a lower MSE reflects a better model performance (Sar1 et al.,
2024).

MSE=1/n > (-9 3

j=1
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Coefficient of Determination (R2) is a metric that measures how much
the independent variables explain the variance of the dependent variable
in regression analysis. This metric is used to assess how well the
regression model is fitted and its predictive ability (Sezikli et al., 2024).
It takes a value between 0 and 1; 0 indicates that the independent variables
have no effect, while 1 indicates that they fully explain all variance. The
higher the R2, the higher the explanatory and predictive power of the
model (Yetiz et al., 2021).

2 _ 4 Zi-9)?
k=1 Ti-9)? )

4.2.  Artificial Neural Networks

Recurrent Neural Network (RNN) is a type of artificial neural network
specifically designed to work with sequential data (Alhajeri et al., 2024).
Thanks to its built-in state (memory), the RNN learns dependencies
between data and can infer meaningful contexts. This is the key feature
that distinguishes them from ordinary feed-forward networks (Baruah et
al., 2024). RNNs are ideal for working with sequential data thanks to their
ability to remember past knowledge. This is a huge advantage in areas
such as natural language processing, speech recognition and time series
prediction (Mienye et al., 2024). RNNs have been successfully applied in
various fields with superior performance in time series applications
(Quradaa et al., 2024).

The Gated Recurrent Unit is a slightly simplified variation of the LSTM
(Zarzycki and Lawrynczuk 2022). It makes training faster with fewer
parameters and can avoid overlearning (Gao et al., 2020). It is effectively
used in time series data such as financial data analysis, weather
forecasting and energy consumption forecasting (Michael et al., 2020; Hu
etal., 2024).

The LSTM model is a type of recurrent neural network (RNN) that works
specifically on long sequences. The most widely accepted recurrent neural
network in Machine Learning applications is the LSTM architecture (Lin
et al., 2022). This architecture maintains a constant error stream by
preserving error values from different times and layers, allowing the
learning process of recurrent networks to continue uninterrupted (Peng et
al., 2023). It is very successful in capturing long-term dependencies. The
LSTM network model uses three different gates - input, output and
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forgetting - to compute the hidden state. The LSTM cell can maintain its
latent state over time by processing data sequentially. LSTMs are
frequently used in time series, natural language processing and
biomedical applications (Yu, 2021).

Bi-LSTM is the bi-directional version of the traditional LSTM (Siami-
Namini et al., 2019). Bi-LSTMs exhibit higher performance by
processing sequences in both forward and backward directions. This
structure offers more flexibility when building the output of the model by
providing access to past and future information (Xia et al., 2020). Thus,
the network can better understand the input sequence. It also addresses
the problems of gradient loss and information loss due to the RNN layer,
which are commonly encountered during parameter training (Wan et al.,
2022; Berus and Yakut 2024). Bi-LSTMs are frequently used in
applications such as financial data prediction, sensor data analysis
machine translation, sentiment analysis and text classification (Han and
Fu 2023; Rath et al., 2024).

5. Application Results

In recent years, deep learning models have been widely used despite the
complexity and high probability of bias in estimation processes. These
models, which are preferred in many fields, provide the necessary data for
the output parameter by learning the data changes in the input parameters
independently of statistical approaches. Therefore, in this study, four
different deep learning models that are most used are evaluated. To
compare the performance of the models and to determine which model
provides the most accurate predictions, the performance was measured
using MAE, MSE, RMSE and R? error metrics. Figure shows the MSE,
MAE, RMSE and R2 results obtained from the models used in the study.

In machine learning applications, selecting and building the right features
can improve the performance of the model and prevent overfitting.
Therefore, Pearson correlation method was used to examine the
relationships between variables. The correlation analysis was performed
with Python programming language and illustrated with a heat map
(Figure 3). Pearson Correlation Method is widely used to evaluate the
relationship between numerical properties (Sezikli et al., 2024).
Correlation coefficients less than 0.3 indicate a very weak relationship or
no correlation; 0.3-0.5 indicates a weak correlation; 0.5-0.7 indicates a
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moderate correlation; 0.7-0.9 indicates a strong correlation; and greater
than 0.9 indicates a very high correlation (Mukaka, 2012). According to
Figure 3, there is a very strong correlation between the export of
aquaculture products and the amount of aquaculture products exported
among the other variables. These results show that the data are suitable
for machine learning.

Figure 3. Pearson correlation of aguaculture export parameters.
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The fact that the R? score is very close to 1 and the error metrics are close
to zero indicates that this model works effectively and the predicted
values are very close to the actual values (Sezikli, 2024). GRU (0.7449)
and Bi-LSTM (0.7281) are the models with the highest R2 values. This
means that the predicted values are closest to the actual values. RNN
(0.6032) and LSTM (0.5534) have lower R2 values and their ability to
explain the data is weaker. Therefore, GRU (0.745) was identified as the
best performing model on our data set. The BI-LSTM model reached an
R2 value very close to the GRU model.

To evaluate the performance of a model, in addition to the R2 score, error
performance metrics such as MAE, MSE and RMSE should also be
examined. The lower the error metrics (MAE, MSE, RMSE), the better
the performance of a model is considered. As can be seen in Figure 4, the
GRU model obtained very low results in terms of MSE, RMSE and MAE



56 Comparative Analysis of Deep Learning Models for
Forecasting Turkiye's Seafood Exports

values. GRU shows the best prediction performance with the lowest MAE
(10582729.22), MSE (13997544.23) and RMSE (3741.32) values. This
shows that the performance of the GRU model is the best among the other
models used. Bi LSTM performs close to GRU and has the second lowest
error rates. LSTM and RNN have higher error values than Bi-LSTM and
GRU. Especially LSTM (13074214.07 MAE, 18521242.26 MSE) shows
the worst performance as the model with the highest error rate.

Figure 4. Error metrics of models
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The fact that GRU has fewer parameters and is more suitable for real-time
applications confirms the results obtained (Yang et al., 2020; Pudikov and
Brovko 2020; Cahuantzi et al., 2023). The gating mechanisms of Bi-
LSTM and GRU effectively manage long-term dependencies in recurrent
neural networks, can handle sequences of different lengths, and provide
strong generalization and stability (Sun and Yang 2023). These two
models exhibited high forecasting accuracy on small-sample time series
data on fisheries import and export trade volumes. The performances of
RNN and LSTM were lower, LSTM performed weaker than expected.
This may be due to the model not learning the data well enough or
experiencing overfitting during the training process.
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Figure 5. Distributions of actual values and model predictions (a: GRU, b:
BI-LSTM, c: RNN, d: LSTM)

In order to visualize the results of the models created in the study, scatter
plots of the actual and predicted values produced by these models are
presented in Figure 5. In these graphs, the x-axis represents the actual
values, and the y-axis represents the predicted values. The scatter plots
generated for each model were compared with the y = x line passing
through the center of the plot. When the points are close to the y= x line,
it means that the model performs well, and when the points are far away,
it means that the model performs poorly. When these graphs are analyzed,
it is observed that the GRU model has the least difference between the
actual values and the predicted values and makes good predictions.

6. Conclusion

Monitoring national and international markets and establishing early
warning systems is a critical requirement for sustainable development in
the aquaculture sector. Effective market monitoring will support the



58 Comparative Analysis of Deep Learning Models for
Forecasting Turkiye's Seafood Exports

efficient use of resources by providing guidance to policy makers and
sector stakeholders. In addition, bioeconomy-oriented approaches
developed by combining biological and economic studies will make
significant contributions to the long term growth of the sector.

In this study, four different deep learning models (LSTM, RNN, Bi-
LSTM and GRU) are compared to forecast Turkish seafood exports. The
GRU model stands out as the most successful model for forecasting
seafood exports. Bi-LSTM can also be considered as a good alternative.
RNN and LSTM showed relatively lower performance.

In conclusion, the findings of this study show that artificial neural
network-based forecasting models can produce successful results in
dynamic processes such as seafood exports. The advantages offered by
GRU and Bi-LSTM models can be considered as prominent approaches
in this type of time series analysis. Future research, supported by more
comprehensive data sets and advanced models, can contribute to the
realization of aquaculture export forecasts with higher accuracy.

Morever, Tiirkiye has higly potential of seafood’s production and export
because of geographical location and its internal and external water
resources. Therefore, we believe that estimating seafood export will
contribute to making more effective foreign trade policy in the country.

It is estimated that being able to make predictions regarding seafood
export, having been increasingly significant to Turkiye's export volume
in recent years, could provide a competitive advantage to this sector.
Furthermore, the results of this study will encourage other researchers,
who are interested in this subject, to conduct forecasting studies for
seafood exports. This study is considered an important step towards
improving data-driven decision-making processes in the aquaculture
sector and may pioneer new studies for future research.
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