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Written algorithms can produce different results each time they are run. However, in the graphs we

Research Article have taken as an example, the graph created with the ARIMA architecture has produced a more real-
istic result by specifying a range and making an upward forecast. The prediction chart we obtained
with the LSTM architecture did not create a much decrease or upward forecast. However, as a feature
of the LSTM algorithm, it clearly predicted the daily closing values, and did not specify an estimation
as a range and direction as in the study with the ARIMA architec-ture. It should not be forgotten that
these algorithms are dynamic and can give different results in predictions even when they are run with
the same data.

According to the results obtained in the research, although the LSTM architecture clearly stated the
daily closing values as numbers, the estimation study made with the ARIMA architecture produced a
result closer to the graph in terms of both interval and direction.
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1. Introduction

With the introduction of computers into our lives, we have transferred many tasks from human power
to machine power. From the simplest calculator to assembly line production systems managed by robots,
machines and computers make our lives easier. With the foundations of artificial intelligence laid by Alan
Turing during World War II, computers became much more functional and began to perform some activities
similar to intelligent living things. There are many areas that artificial intelligence affects. recommender
systems; They are systems used in social media and online sites that offer new content suggestions based on
users’ past behaviour. There are systems that allow translation from one language to another, which is called
machine translation. Artificial intelligence is used in the field of signal processing, which performs tasks
such as sound and image processing and interpretation. Finally, regression analysis; It enables the formation
of predictive models for the future by evaluating the past data. In this regard, the consistency and sufficient
number of numerical data in economic, financial or any other field increases the reliability of the analysis.

Machine learning and deep learning emerged after the idea of artificial intelligence. Machine learning is
considered as a kind of artificial intelligence that can output even unprogrammed results. In 1959, Arthur
Samuel defined machine learning as “the ability to learn outcomes for which machines are not specifically
programmed”. While machine learning processes in a single layer, deep learning processes in multiple lay-
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ers. In machine learning, you set the parameters so that an input can be defined. Deep learning, on the other
hand, creates its own rules by determining its own parameters. In this case, deep learning algorithms can
identify the differences in the entered data that cannot be perceived by human senses.

Deep learning started to make a name for itself in 2010 with the development of an artificial neural network
model called “AlexNet” by Alex Krizhevsky, Ilya Sutskever and Geoffrey E. Hinton from the University
of Toronto. Deep learning, to define simply, is the name we give to training multi-layer artificial neural
networks with an algorithm called “backpropagation”. (Krizhevsky. 2012) Deep learning models are based
on the data on which they are trained. It shows great success in applications such as classification, regres-
sion analysis and estimation in time series. By using these models, it is possible to make future financial
forecasts in many areas such as the stock market, precious metals and crypto markets. There are many deep
learning models used for this purpose, and the success rates of each differ according to many variables such
as the data set used, the time interval or the technique applied.

In today’s economic world, people want to increase their existing capital by evaluating different investment
areas. Metals such as gold, silver and platinum, which are accepted all over the world, experience fluctua-
tions in their prices globally and investors want to earn profits by evaluating these products. Technical and
fundamental analysis methods are used for graphical direction estimation of these products. In addition,
with the widespread use of deep learning methods, different methods have been put into practice for graph-
ical direction estimation.

Machine learning can be considered as a subset of artificial intelligence. Machine learning can be defined
as a model that can make decisions or make predictions even though it is not fully programmed to perform
a task using a sample dataset called “training data”. Deep learning can be considered as a subset of machine
learning. Although not very different from each other, the fields of study are the same, but artificial neural
networks used in deep learning have a structure that mimics a biological nerve cell. A nerve cell makes
an inference by comparing the information it has received with previous information. Deep learning algo-
rithms analyze information by labeling and assigning elements such as a human brain to various categories
(Jakhar & Kaur, 2009)..

There are basically 3 types of machine learning algorithms: Supervised, semi supervised and unsupervised. For
supervised learning, a training set with inputs and outputs is fed into the algorithm, accompanied by a supervi-
sor, so that meaningful results are obtained. Based on machine-learned relationships, it can make assumptions
for a sample that has never been introduced introduced (Mohri et al. 2012). Support vector machines, linear
regression, logistic regression, naive bayesian classifiers, decision trees, k-nearest neighbor algorithms and
artificial neural networks are examples of frequently used supervised learning algorithms (Russell ve Norvig,
2010). In the training set used in the semi-supervised learning method, there are labeled and unlabeled data as
in both supervised and unsupervised learning methods. This method is used when labeling all data is difficult
and costly. Semi-supervised learning method can be used to solve problems such as regression, classification
and sequencing. Unsupervised learning is the algorithms in which only the inputs are given to the system as
a training set, and the output and labeling information is not given. It is not necessary to have a supervisor
during training to the system. The system using the data tries to perform operations such as classification and
clustering by examining the input-output relations itself (Mohri et al. 2012).

Deep learning algorithms can be considered as a sub-branch of artificial intelligence and machine learning
terms. Deep learning, inspired by the human brain structure and the working principle of nerve cells, is a
kind of machine learning. As with biological nerve cells, artificial neurons receive input signals, collect and
process them and transmit them to the outputs. (Sismanoglu et al.. 2019) Deep learning uses many layers
of nonlinear processing units for feature extraction and transformation. Each successive layer accepts the
output of the previous layer as input (Seker et al.. 2017).

LSTM and ARIMA architectures are the most used algorithms to predict future of time series models.
ARIMA architecture is a type of statistical models for forecasting time series data (Box and Jenkins. 1970).
. Non-stationary time series is made stationary by using finite differencing of the data in ARIMA models.
ARIMA is an acronym that represents AutoRegressive Integrated Moving Average. LSTM deep learning
algorithm, developed by Hochreiter and Schmidhuber (1997) allows the preservation of the weights that
are forward and back-propagated through layers. The network can continue to learn over many time steps
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by maintaining a more constant error. Thus, the network can be used to learn long term dependencies. An
LSTM cell contains the forget and remember gates which allow the cell to determine what information to
prevent or pass based on its strength and importance (Kingma and Ba, 2018)

Bingol et al. has made similar study on gold price prediction and has found that ARIMA architecture has
better results among other future prediction models. Another research made a comparison between ARIMA
and LSTM architectures and had an estimation on stock market graphs. The study has shown that LSTM
architecture was superior to ARIMA (Namin and Namin. 2018). Alpay’s research article has also used
LSTM architecture to predict USD/TRY price for future. The study reveals that specific epoch and batch
size values can make a successful prediction (Alpay. 2020).

Most of the recent studies focus on the forecasting of the gold prices ignoring the forecasts of other precious
metals. For this reason, this study includes the forecasting of silver prices by using LSTM and ARIMA
methods. Employing the prices of silver, predictive power of the model rises to provide better results for
investors who aim to develop their portfolio and make more profitable investments.

In our study, first of all, silver/ounce parity data were obtained between 01.01.2018 and 12.04.2021. These
data were used for testing. The obtained data were normalized. These data were taught to the LSTM and
ARIMA deep learning algorithms used in the application. Then, the forecast values for the dates 13.04.2021
and 21.04.2021 were produced with two algorithms. Then, the performance of these estimations was eval-
uated using MSE and RMSE performance criteria.

2. Materials and Methods

In our study, firstly, data such as daily opening, closing, highest, lowest and silver/ounce parity val-
ues were obtained for the time period between 01.01.2018 and 12.04.2021. The source of the dataset is a
website and the link is as follows: https://eatradingacademy.com/software/forex-historical-data/. You can
use the following link to access the entire dataset: https://raw.githubusercontent.com/SnnUntz/Data/main/
XAGUSD_DI.csv Only the 10-day portion of all data is shown in Table 1.

Table 1

Used silver/ounce data

Date Open High Low Close Volume
2013-01-01 30.294 30.337 30.178 30.203 60
2013-01-02 30.197 31.490 30.193 31.033 1527
2013-01-03 31.042 31.183 29.981 30.102 1495
2013-01-04 30.100 30.264 29.208 30.205 1646
2013-01-06 30.193 30.237 30.139 30.170 64
2021-04-07 25.154 25.266 24.843 25.145 1596
2021-04-08 25.142 25.608 24.951 25.389 1641
2021-04-09 25.394 25.492 24.971 25.191 1453
2021-04-11 25.170 25.253 25.154 25.235 118
2021-04-12 25.235 25.264 24.694 24.795 1552

After downloading the data, it is prepared for use in deep learning with LSTM and ARIMA algorithms.
During the preparation phase, the data were normalized to be between 0 and 1. After preprocessing, the
algorithms to be used for estimation were selected.

With its ability to remember both long term and short-term values, the LSTM models have proved financially
rewarding for the treatment of time series, thereby becoming the preferred Deep Learning tool for time series
analysis (Sadefo Kamdem et. al., 2020). For this reason, the LSTM algorithm was used in our study.
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The Autoregressive Integrated Moving Average (ARIMA) and its variants are the most used in the literature
for forecasting stock price series (Aamir and Shabri, 2018). These have indicated that the ARIMA model
has a strong predictive potential in the short term and has the ability to compete favorably with existing
stock price prediction tools (Ariyo et. al.. 2014). For this reason, the second algorithm used in our study
was chosen as ARIMA.

2.1. Prediction Model Developed Using LSTM Architecture

Long and Short Term Memory is a variation of RNN and are known to learn problems with long-range
temporal dependencies, so RNNs are sometimes replaced with LSTMs in MT networks_(Hochreiter, S. and
Schmidhuber, 1997). LSTMs also have this chain-like structure, but the structure of the repeating module
is different from RNN. In place of a single neural network layer, there are four layers in a module. These
layers interact within the same modules as well as with other modules for learning (Saini and Sahula. 2018)
A typical structure of LSTM module is shown in Figure 1.
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Figure 1. The repeating module in an LSTM contains four interacting layers (Saini and Sahula, 2018)

The algorithm, which obtains the data that needs to be processed through the link we have added, has only
used the data since 2018 and has been deemed sufficient. The loaded and processed data is shown at Figure 2.
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Figure 2. Loaded data for the LSTM algorithm

As can be seen, the closing value was taken from the data and 1020 rows of data were loaded as of 1.1.2018.
Our normalized graph is as shown at Figure 3.

38



2022, Cilt 8, Sayt 1, Sayfa: 35-44 Journal of Advanced Research in Natural and Applied Sciences

MAL Clossgy Proes

b, AW el

Figure 3. Normalized silver/ounce graph for LSTM architecture

As training data, the last 30 days of data were processed for every 10-day chart. It is programmed to make
a 10-day forecast for the future.

In the algorithm we use, it is stated that the closer the loss values are to each other, the better the result will
be. In the model we applied, the loss and accuracy values are given as Figure 4.
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Figure 4. Loss and accuracy values for the LSTM algorithm

The forecast made from the test data and the actual data graph for the last 10 days are as Figure 5 It is seen
that mostly consistent results are given. After the test estimation, the algorithm is run for the actual estima-
tion.
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Figure 5. Test prediction graph for LSTM algorithm

We want to create a forecast graph for 10 days ahead from the last day on the data fed into the system. The
daily closing values for the forecast graph made by the algorithm and the entire graph are as Figure 6 and

Table 2.

Table 2.

Daily closing values in the forecast made with the LSTM algorithm

Date Closing Price
2021-04-12 25.102
2021-04-13 24.966
2021-04-14 24.995
2021-04-15 24.859
2021-04-16 25.066
2021-04-17 24.874
2021-04-18 24.879
2021-04-19 24.804
2021-04-20 25.188
2021-04-21 24.782

Figure 6. 10-day forecast model graph with LSTM algorithm

The details are not clear as the chart we obtained represents a long period of time. Figure 7 is the graphic
where we can see the details more closely.
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Figure 7. LSTM algorithm detail graph

2.2. Prediction Model Developed Using ARIMA Architecture

The time series model using the Box-Jenkins method was proposed by Box and Jenkins (1970). This
approach is widely used in the literature due to its simplicity and good results. Often this method is referred
to as the ARIMA method. The ARIMA method is quite different from other methods as the prediction series
does not contain explanatory independent variables. When creating an ARIMA model, the current series
must be stationary. If the series is not stationary, the difference of the series should be taken before using
the method (Gahirwal, 2013).

In order to construct the best ARIMA model for exchange rate time series, the autoregressive (p) and mov-
ing average (g) parameters are need to be identified for an effective model. We decided to determine the
best model based on Bayesian Information Criterion (BIC) for various orders of autoregressive (p) and
moving average (gq) terms keeping integrated term (d) as order 1 (Babu and Reddy. 2015). Since silver/
ounce parity time series was used in this study, the parameters in ARIMA were determined in the same way.

The data source we used for the LSTM architecture was also used for the ARIMA architecture over the
same link. Table 3. showing the last 5 days of the data fed into the system is as follows. It also extends from
01.01.2018 to 12.04.2021.

Table 3.
Data table fed into the system for ARIMA architecture

Date Open  High Low Close Volume
2566 2021-04-07 25154 25266 24843 25145 1596
2567 2021-04-08 20.142 20,608 24901 25.389 1641
2568 2021-04-09 25,394 25492 24971 25.191 1453
2569 2021-04-11 25170 25253 25.154 25235 118
2570 2021-04-12 25235 25264 24694 24795 1552

The algorithm will perform training and testing operations on this table based only on the closing values.
The silver/ounce chart created according to the closing values of the system is as Table 4. Our graph that
expresses the daily change in price on the silver/ounce chart is as Figure 8.
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Figure 8. Silver/ounce daily price change chart for ARIMA architecture

Table 4.
Daily closing values in the forecast made with the ARIMA algorithm

Date Closing price
2021-04-12 25.121
2021-04-13 24.829
2021-04-14 24815
2021-04-15 24.840
2021-04-16 24.834
2021-04-17 24.852
2021-04-18 24.851
2021-04-19 24.866
2021-04-20 24.867
2021-04-21 24.880

3. Results and Discussion

Many architectures and algorithms are used for financial forecasting and they are developing day by day.
Based on the literature research, LSTM and ARIMA architectures, which are two of the architectures that
give the best results today, have been the main subject of our study and they were asked to make a 10-day
forecast by processing the training and test data on the silver / ounce graph. In this context, starting from
01.01.2018, daily opening, closing, low, high and volume values for the silver/ounce chart were obtained
and fed into the algorithms written for both architectures and the desired graphics were created.

Forecast values were produced by LSTM and ARIMA algorithms for the dates 12.04.2021 - 21.04.2021.
The relationship between the estimated values produced and the actual values was examined. It is known
that the algorithm that produces values close to the real values performs better. Many criteria can be used
as performance criteria.

Performance measure is forecast accuracy. The measures are Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE). The MAE is a measure of the difference between two continuous variables. The
MAE is the average vertical distance between each actual value and the line that best fits the data. MAE is
also the average horizontal distance between each data point and the best-fit line. Since the MAE value is
easily interpretable, it is frequently used in regression and time series problems. The formula expression of
MAE is as shown at 3.1 and 3.2.
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MAE =1 37 [e] 3.1

1’1?' (Actual; — Predicted;) (3.2)

It is a quadratic metric that measures the magnitude of error of a machine learning model, which is often
used to find the distance between the predicted values of the estimator and the true values. The RMSE is
the standard deviation of the estimation errors (residues). That is, residuals are a measure of how far the
regression line is from the data points; The RMSE is a measure of how widespread these residues are. The
formula expression of RMSE is as shown at 3.3.

RMSE ﬂll-'?+ (3.3)

Table 4.
MAE and RMSE values for LSTM and ARIMA algorithms

MAE RMSE
LSTM 733 870
ARIMA 811 920

As can be seen from the MAE and RMSE performance criteria, LSTM outperforms the ARIMA algorithm.
The LSTM algorithm is relatively 5.74% and 10.64% better than the ARIMA algorithm in terms of RMSE
and MAE, respectively.

4. Conclusion

Today, both financial markets and artificial intelligence gain importance day by day and both are affect-
ed by the world’s economic situation and technological developments and meet at a common point. In the
study we have done, it is aimed to predict which direction the graph will go by creating a forecasting model
on silver, which is the most popular commodity along with gold. In this study, we created a prediction mod-
el based on the silver/ounce graph using two deep learning architectures that are used for continuous time
series and that we see give the best results. In our study, the MAE and RMSE performance criteria are used
to compare LSTM and ARIMA algorithms. According to the performance criteria, LSTM outperforms the
ARIMA algorithm. The LSTM algorithm better than the ARIMA algorithm in terms of RMSE and MAE.
It is possible to obtain different results by making changes in the written coding. Again, the results will
change when we change deep learning layers or want to generate predictions for different time periods.
Since no artificial intelligence or deep learning algorithm can know the future one hundred percent, trying
to make predictions with high consistency has been the main subject of deep learning and financial forecast-
ing studies. Our study shows that it is possible to make financial forecasts for the future with appropriate
deep learning architectures as the main idea. In the future, it will be possible to make financial forecasts
with higher consistency by using more advanced programming languages or algorithms.

Author Contributions
Adem Untez: Analized the study, gathered the data, run algorithms and evaluated the conclusions.

Miimtaz Ipek: Checked the steps of the study.

Conflicts of Interest

The authors declared no conflict of interest.

43



Journal of Advanced Research in Natural and Applied Sciences 2022, Cilt 8, Say1 1, Sayfa: 35-44

References

Aamir M., Shabri A. (2018) Improving crude oil price forecasting accuracy via decomposition and ensem-
ble model by reconstructing the stochastic and deterministic influences. Adv Sci Lett. 2018;24(6):4337—
4342. Access: https://www.ingentaconnect.com/contentone/asp/asl/2018/00000024/00000006/art00111

Ariyo A.A.,Adewumi A.O., Ayo C.K. (2014) Stock price prediction using the ARIMA model; UKSim-AMSS
16th international conference on computer modelling and simulation. IEEE; 2014. pp. 106-112. DOI:
10.1109/UKSim.2014.67

Babu AS, Reddy SK (2015) Exchange Rate Forecasting using ARIMA, Neural Network and Fuzzy Neuron.
Journal of Stock Forex Trading 4, 1-5 155 DOI: 10.4172/2168-9458.1000155

Bingol et al., (2020) Gold price prediction in times of financial and geopolitical uncertainty: A machine
learning approach. DOI:10.13140/RG.2.2.31050.39366

Box, G.E.P, Jenkins, G. (1970). Time series analysis, forecasting and control, Holden-day, San Francisco,
CA. Access: https://www.scirp.org/(S(i43dyn45teexjx455qlt3d2q))/reference/referencespapers.aspx-
Ireferenceid=2087370

Gahirwal, M. (2013). Inter Time series sales forecasting. arXiv preprint Access: https:/arxiv.org/
abs/1303.0117

Hochreiter, S. and Schmidhuber, J. (1997). Long short-term memory. Neural computation, 9(8):1735-1780.
DOI:10.1162/nec0.1997.9.8.1735

Jakhar D. and Kaur, 1. (2019). Artificial intelligence, machine learning and deep learning: definitions and
differences. Clinical and Experimental Dermatology, 45. DOI:10.1111/ced.14029

Kingma, D.P., Ba, J. (2014). Adam: A method stochastic optimization. 3rd International Conference for
Learning Representations, San Diego, 2015 Access: https://arxiv.org/abs/1412.6980

Krizhevsky, A., et al. (2012). Imagenet Classification with Deep Convolutional Neural Networks. Ad-
vances in Neural Information Processing Systems 25 (NIPS 2012), sf: 1097-1105. Arslan, B. (2019).
DOI:10.1145/3065386

Mehryar, Mohri, A. R. (2012). Foundations of Machine Learning. Cambridge, UNITED STATES, MIT
Press second edition 2018. Access: https://cs.nyu.edu/~mohri/mlbook/

Alpay, O. (2020). LSTM Mimarisi Kullanarak USD/TRY Fiyat Tahmini . Avrupa Bilim ve Teknoloji Dergi-
si, Ejosat Ozel Say1 2020 (ARACONF), 452-456. DOI: 10.31590/ejosat.araconf59

Sadefo Kamdem, J., Bandolo Essomba, R., & Njong Berinyuy, J. (2020). Deep learning models for fore-
casting and analyzing the implications of COVID-19 spread on some commodities markets volatilities.
Chaos, solitons, and fractals, 140, 110215. DOI: 10.1016/j.cha0s.2020.110215

Saini, Sandeep & Sahula, Vineet. (2018). Neural Machine Translation for English to Hindi. 1-6. 2018
Fourth International Conference on Information Retrieval and Knowledge Management (CAMP)
DOI:10.1109/INFRKM.2018.8464781

Sima Siami Namini, Akbar Siami Namin. (2018) Forecasting economic and financial time series: arima vs.
Istm, Access: https://arxiv.org/abs/1803.06386

Stuart J. Russell, Peter Norvig. (2020). Artificial Intelligence: A Modern Approach, 4 edition. Prentice
Hall Access: http://aima.cs.berkeley.edu/

Seker, A., Diri, B. & Balik, H. H. (2017). Derin Ogrenme Y&ntemleri Ve Uygulamalar1 Hakkinda Bir In-
celeme. Gazi Miihendislik Bilimleri Dergisi, 3 (3), 47-64.

Sismanoglu, G., Koger, F., Onde, M. A. & Sahingoz, O. K. (2020). Derin Ogrenme Y dntemleri ile Borsada
Fiyat Tahmini. Bitlis Eren Universitesi Fen Bilimleri Dergisi, 9 (1), 434-445. https://doi.org/10.17798/
bitlisfen.571386

44


https://www.ingentaconnect.com/contentone/asp/asl/2018/00000024/00000006/art00111
DOI: 10.1109/UKSim.2014.67
DOI: 10.1109/UKSim.2014.67
DOI: 10.4172/2168-9458.1000155
DOI:10.13140/RG.2.2.31050.39366
https://www.scirp.org/(S(i43dyn45teexjx455qlt3d2q))/reference/referencespapers.aspx?referenceid=2087370
https://www.scirp.org/(S(i43dyn45teexjx455qlt3d2q))/reference/referencespapers.aspx?referenceid=2087370
https://arxiv.org/abs/1303.0117
https://arxiv.org/abs/1303.0117
DOI:10.1162/neco.1997.9.8.1735
DOI:10.1111/ced.14029
https://arxiv.org/abs/1412.6980
DOI:10.1145/3065386
https://cs.nyu.edu/~mohri/mlbook/ 
DOI: 10.31590/ejosat.araconf59
DOI: 10.1016/j.chaos.2020.110215
DOI:10.1109/INFRKM.2018.8464781
https://arxiv.org/abs/1803.06386
http://aima.cs.berkeley.edu/
ttps://doi.org/10.17798/bitlisfen.571386
ttps://doi.org/10.17798/bitlisfen.571386

	_Hlk24985099
	Tablo2
	_Hlk9506308
	a19
	dea10
	Akçura
	Akkuş
	Allison
	Ashraf
	Batırca
	Benek
	Bouyoucos
	Bremner
	Bremnera
	Bremner2
	Bremnerb
	Buttar
	Cebeci
	Durrant
	Ganal
	v
	Gök
	Haktanır
	Jackson
	Kacar
	Khan
	Mut
	Müftüoğlu
	Nelson
	Olsen
	Richards
	Singh
	Soltanpour
	Vuralın
	_ENREF_1
	_ENREF_2
	_ENREF_3
	_ENREF_4
	_ENREF_5
	_ENREF_6
	_ENREF_7
	_ENREF_8
	_ENREF_9
	_ENREF_10
	_ENREF_11
	_ENREF_12
	_ENREF_13
	_ENREF_14
	_ENREF_15
	_ENREF_16
	_ENREF_17
	_ENREF_18
	_ENREF_19
	_ENREF_20
	_ENREF_21
	_ENREF_22
	_ENREF_23
	_Hlk9506308
	dinant92
	Horvath1980
	Karanfil2020
	Karanfil2018
	Karanfil2015
	Korkmaz2017aa
	Kumar2018
	Lim2014
	Muhire
	Nebreda2004
	Pavan2008
	Revers1997
	Sastry2014
	Tao2002
	dea10
	kaynakaamir
	kaynak8
	kaynakariyo
	kaynakbabu
	kaynakbingol
	kaynak11
	kaynakbox
	kaynakgahirwal
	kaynak7
	kaynakhochreiter
	kaynak2
	kaynakkingma
	kaynak1
	kaynak3
	kaynak9
	kaynaknamin
	kaynak4
	kaynak
	kaynak6
	_GoBack
	kaynak5

