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3aCTOCYBaHHf-I METOAiB rMMboKoro HaBYaHHs A0 NPOrHo3yBaHHA
3MiHU KOPOTKOCTPOKOBUX TPEHAIB BaNIlOTHUX KYpCiB
Bacunin O)xopxxoBud [lepbeHues, Bitanin CeprinoBmny beskopoBanHui,
IpnHa BikTopiBHa JIyHSAK

KuiBcbkui HalioHasibHUI EKOHOMIYHWI YHIBepcuTeT iMeHi Baguma eTbmaHa
03057, npocn. lNMepemoru, 54/1, M. Kuis, YkpaiHa

AHoTauif. Po6oTa npucBsdeHa MUTaHHAM KOPOTKOCTPOKOBOTO IIPOTHO3YBAHHSA BAIIOTHUX KYPCIB 3a JOIIOMOTOI0
Mojieielt I/IMO0KOro HaBYaHHS, 1110 € aKTya/IbHUM SIK [JL1 HayKOBOI CIIIBHOTH, TaK i AJIs TpelifepiB Ta iHBecTOpiB.
MeTo10 po60TH € TOOYAOBA MO/ IPOTHO3Y HAIIPSIMY 3MiHM PyXY LIiH Ba/IIOTHVX KOTYPYBaHb Ha OCHOBI ITIMOOKIX
HEJ[POHHUX MepeX. B 0CHOBY po3pobrmeHoi apxiTekTypu 6ymo MOKTafeHO MOJeNb BEHTUILHOTO PEKYPEHTHOTO
BY3JIa, 110 € Mopudikaliero MOeni «JOBrOTPUBaIOl KOPOTKOYACHOI IIaM ATi», ajie € OL/IbII IIPOCTOIO 3a KiNbKiCTIO
IIapaMeTpiB i yacoM HaBuaHH:A. [IpoBefieHO IPOrHO3HI pO3paXyHKY AMHAMIKM KOTMPYBaHb Ba/IIOTHOI ITapU €BPO/H0/1ap
i HaiOiIBII KamiTa/mi30BaHOI KPUIITOBAIIOTY OITKOIH/O/MAp i3 BUKOPUCTAHHAM IIOACHHUX, YOTUPUTONUHHUX i
L[OTOAMHHUX CHOCTepexxeHb. OTpuMaHi pe3ynbraTy 6iHapHOI K1acudikanii (IporHo3y HalIpAMYy SMiHY TPEHAY) Iif
Yac 3aCTOCYBAHHA HIOJIEHHMX i TOOVHHMX KOTMPYBaHb BUABWIVCH 3arajioM KPall¥IMM, HDK JIal0Th MOJIE/Ii 4acOBUX
psiaiB, a60 Mofesti HeIfPOHHNUX MePEeX iHIIOI apxXiTeKTypy (30KpeMa, 6araToUIapoBOTo MePCENTPOHY, Ui MOfENi Ha
OCHOBI «JJOBIOTPMBAJIOI KOPOTKOYACHOI IMaM ATi»). 3riffHO 3 oflep>KaHMMU pe3y/IbTaTaMy, Hailbi/plIa TOYHICTh
kiaacudikamil BUABMIACA IS MOJe/i LIOleHHUX KOTUPYBaHb K JyIs €Bpo/monap — 6mmsbko 72 %, Tak i mis
6iTKoTH/Komap — 6mu3bKo 69 %. ITif yac BUKOpUCTaHHS YOTUPHOXTOVHHUX i IIOTO{THHUX YaCOBMX PSZIiB TOYHICTH
knacudikanii 3MeHIIyBaIach, 10 MOYKHA MOSCHUTH 5K 301/IbIICHHAM BIUIMBY «PUHKOBOTO IIYMY», TaK i BiporigHum
IlepeHaBYaHHAM MOJierIell. YHACIiJOK KOMIT I0TepPHIX eKCIIEPUMEHTIB 0710 3’5ICOBAHO, 1110 MOJETI Kpallje IIPOrHO3YIOTh
3pocTarounii TpeHJI, Hb criajjarounii. IIpoBesieHe oCIiIKeHHA MiITBEPAIIO IIEPCIEKTUBHICTD 3aCTOCYBAHHS MOJIE/IEN
IMOOKOr0 HaBYaHHA JUIA 3aJad KOPOTKOCTPOKOBOTO IIPOTHO3YBAaHHS 4YacCOBUX PANIB BATIOTHUX KOTUPYBaHb.
BogHouac BUKOPUCTaHH:A PO3pOOIEHNX MOZIesieil BUABMIOCH e(peKTUBHYM SK IS piaTHUX, TaK i /IS KPUITOBAJIIOT.
3anpoNOHOBaHy CUCTEMY MOJe/Iell Ha OCHOBI INIMOOKMX HEeIIpOHHMX MepeXk MOXKHa IOK/IaCTI B OCHOBY IIiJi 4ac
PO3pOOKI aBTOMATU30BAHOI TOProOBOI CHCTEMM Ha Ba/IIOTHOMY PUHKY

KnioyoBi cnoea: pekypeHTHI HellpOHHI MepexKi, KOpOTKOCTPOKOBE NPOTHO3YBAHHSA, YacOBi PsAAM BaTIOTHMUX
KOTMPYBaHb, KPUIITOBATIOTI
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Abstract. This paper investigates the issues of short-term forecasting of exchange rates using deep learning models,
which is relevant for both the academia and traders and investors. The purpose of this study is to build a model to
forecast the direction of changes in the price movement of currency quotes based on deep neural networks. The
developed architecture is based on the gated recurrent unit model, which is a modification of the “long short-term
memory” model, but is simpler as to the number of parameters and learning time. Forecast calculations of the
dynamics of quotations of the euro/dollar currency pair and the most capitalised cryptocurrency - bitcoin/dollar are
carried out using daily, four-hour, and hourly observations. The obtained results of binary classification (forecasting
the direction of trend change) when applying daily and hourly quotes turned out to be generally better than those
given by time series models, or models of neural networks of other architecture (namely multilayer perceptron, or
models based on “long short-term memory”). According to the results obtained, the highest classification accuracy
was found for the model of daily quotes for both EUR/USD - about 72%, and for BTC/USD - about 69%. When
using the four-hour and hourly time series, the classification accuracy decreased, which can be explained both by an
increase in the impact of “market noise” and by the likely retraining of models. As a result of computer experiments,
it was found that models better predict an upward trend than a downward one. The conducted research confirmed
the prospects of using deep learning models for short-term forecasting of time series of currency quotes. At the same
time, the use of the developed models proved to be effective for both fiat and cryptocurrencies. The proposed system
of models based on deep neural networks can be used as a basis for the development of an automated trading system
in the foreign exchange market

Keywords: recurrent neural networks, short-term forecasting, time series of currency quotes, cryptocurrencies

Introduction

In the current conditions of increasing instability and
crisis phenomena both at the regional level and in
the global economy in general, traders and investors,
especially with short-term investment horizons, are
forced to seek new efficient investment tools. If 20-
30 years ago, both stock and FOREX currency market
(FOReign EXchange - “foreign currency exchange”)
were mainly considered as traditional platforms for
stock trading, then recently such innovative financial
instruments as cryptocurrencies have become increas-
ingly popular. Thus, after relatively stable 2018-2019,

Suggested Citation:

over the past year, the exchange rate value of leading
cryptocurrencies has increased several times [1], which
caused a new wave of interest in these instruments.
This necessitates a reliable identification of the
optimal conditions of the currency market (both FOREX
and crypto markets) for decision-making concerning
trading operations, which should be based on ade-
quate forecasts of currency quotes. For conventional
assets, a considerable arsenal of effective methods and
approaches to modelling and predicting their dynamics
was developed and tested: causal econometric models,

Derbentsev, V.V., Bezkorovainyi, V.S., & Luniak, I.V. (2020). Application of deep learning methods to forecast changes
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supply and demand balance models, adaptive forecast-
ing methods, time series models of autoregression —
integrated moving average (ARIMA) and their modi-
fications, etc. [2-4].

Despite the wide variety of developed methods
and models for forecasting exchange rates, work in this
area is relevant. The dynamics of currency quotes are
influenced both directly and indirectly by numerous
factors. Due to the presence of complex causal chains,
these influences are difficult to formalise within a cer-
tain theoretical concept or formalised model. The situ-
ation with cryptocurrency forecasting is even more
complicated. Their dynamics are influenced by several
latent factors, the vast majority of which remain under-
studied and unidentified [5-7]. Furthermore, crypto-
currencies are much more volatile and riskier than fiat
currencies or securities. Many empirical studies indicate
the limited practical value of applying classical statistical
and econometric approaches to predicting the dynamics
of cryptocurrencies [8-12].

Recently, machine and deep learning methods
have been increasingly used to predict financial time
series, which have proven effective both for analysing
conventional assets (exchange rates, stocks, stock indices,
commodity prices) and for cryptocurrencies [10-17].
In [12], models of recurrent neural networks (RNNs) and
long short-term memory (LSTM) were used to pre-
dict changes in the price directions of bitcoin (BTC). The
best result was obtained using an LSTM with a classi-
fication accuracy of 52%. At the same time, ARIMA
time series models and recurrent RNN networks were
less accurate.

The authors of the paper [15] tested four machine
learning (ML) algorithms for predicting price trends
in the cryptocurrency market: linear regression (LR),
random forest (RF), support vector machine (SVM),
and gradient boosting machine (GBM). According to
the results obtained, the use of the ML algorithms ap-
plied for making a purchase/sale decision exceeded the
results of applying the “Buy and Hold” investment strat-
egy on the crypto market. The best result was obtained
by voting ensembles (classification accuracy 59.3%).

In [16], several classifiers (RF, GBM, SVM, and
LSTM) were also used for 5-minute BTC ticks and daily
prices. The authors used a wide range of data, includ-
ing both technological, market-based stock market
factors, and those that consider preferences and in-
terest in crypto assets (sentiment analysis). Somewhat
unexpectedly, for daily prices, the best results were
obtained using statistical methods (average accuracy
65%), as opposed to ML methods (average accuracy
55.3%). The article [17] also compares the effectiveness

of various classifiers for predicting the direction of
changes in cryptocurrency prices. The best classification
result was achieved using multilayer perceptron (MLP)
and random forest (RF) about 61%.

The authors of the study [18] applied ensembles
of deep network models based on LSTM and convo-
lutional neural networks (CNN) both to predict the
price of cryptocurrencies (BTC, ETH, XRP) for the next
hour (regression) and to predict changes in the price
direction (classification). The best architectures devel-
oped by the authors demonstrated classification accu-
racy within the range of 52-55%. In [19], MLP and
LSTM deep network models were used to predict the
prices of the second-largest ETH cryptocurrency by
capitalisation for daily, hourly, and minute data. The
LSTM model demonstrated higher accuracy: on time
data, the mean absolute percentage error (MAPE) was
1.38%, on daily data - 3.67%.

Over the past 5 years, there has been an increase
in researchers' attention to applying deep neural net-
works to the tasks of studying both conventional ex-
change rates and those of cryptocurrencies. The au-
thors of [20] published a detailed review on the use of
deep learning (DL) approaches in the field of financial
forecasting. The main conclusion of this review is that
in general, the performance of DL algorithms is superior
to time series models and often demonstrates higher
accuracy than conventional ML algorithms.

The purpose of this study is to investigate the ef-
ficiency of using a deep neural network built based on
amodified model of “long short-term memory” (LSTM)
to predict changes in the direction BTC prices and com-
pare the results with the exchange rate of the euro-dol-
lar (EUR/USD) currency pair.

Materials and Methods

The problem of forecasting exchange rates should be
solved using a systematic approach. At the first stage,
it is advisable to decompose the problem into several
interrelated tasks:

1) identification of the input set of factors (dataset),
which must be considered when predicting based on
a neural network. At the same time, the criteria, or re-
quirements for selecting essential factors are to achieve
the required forecast accuracy on a test or deferred
sample, provided that the span of this data set is mi-
nimised;

2) identification of the required volume of training,
test, and control samples. When solving this problem,
there are also conflicting requirements related to the
ability of neural networks to generalise (or vice versa,
retrain);
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3) selection of the type, basic structure, and com-
position of a neural network and its architecture;

4) optimisation of the underlying architecture by
performing a series of computer experiments using
different data sets;

5) application of the model to predict the dynamics
of currency quotes;

6) evaluation of modelling results.

In this study, to better assess the predictive prop-
erties of the proposed models, the authors used only
past (lagged) values of the target variable (currency
quote) as explanatory variables (model factors). The time
lag is 7 days: based on observations for the last 7 days
(trading week), changes in the direction of quote move-
ment for the next day are predicted using one-step
forecast technology. Since the purpose of this paper
is not to forecast the direct numerical value of the
currency quote, but only a change in the direction of
trend movement, that is, the problem of binary clas-
sification, there is no need for pre-processing of the
time series under study, which usually entails filtering,
smoothing, removing market noise and emissions,
normalising or standardising time series. Therefore,
all the time series under study were converted to bi-
nary variables: 1 - if the closing price of the quote of the
day t is greater than or equal to the corresponding clos-
ing price of the day ¢ -1, and 0 - in the opposite case.

Standard practice for building machine learning
models is to break down the entire sample of data into
training and testing data. The training data is designed
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to evaluate model parameters, while the test data - to
check the quality of the model and fine-tune the hy-
perparameters. Therefore, in this paper, the authors
did not use the last 10% of observations when training
models, but used them to evaluate the accuracy and
fine-tune the hyperparameters.

The most difficult stage of this study is the choice
of network architecture. Notably, the process of choosing
an architecture and building a network is still not for-
malised, but is based mainly on heuristic technologies,
intuition, and experience of the researcher. For a long
time, the most common network architecture was models
based on multi-layer perceptron (MLP). Recently, how-
ever, due to the growth of computing power and the
development of cloud services, deep networks of other
architectures, namely CNNs and RNNs have become
very popular. If CNNs are more adapted to image pro-
cessing, then RNNs work better with time series.

Specific features of RNNs are that the connec-
tions between their elements form a directed sequence
or chain (Fig. 1). At each time t, not only the input values
(vector x(t)) but also the values of the parameters de-
scribing the internal state of the network at the pre-
vious time h(t-1) are fed to the network. This allows
processing a series of events over time. The advantage
of RNNs over MLPs is their ability to use their internal
memory to process sequences of arbitrary length. There-
fore, networks of this architecture are more suitable
for processing and predicting time series than direct
propagation networks, namely MLPs.

Delay

F )
Uh(t_l)

Figure 1. Simplified structure of a recurrent neural network

Source: compiled by the authors

One of the promising types of RNN architectures
that can factor in long-term time dependencies is “long
short-term memory” (LSTM) networks. Unlike con-
ventional RNNs, LSTMs are more efficient at predicting
time series in cases where important events are sepa-
rated by time lags with indefinite duration or bound-
aries. The deep neural network architecture proposed

by the authors of this study is based on the gated re-
current units (GRU) model [21], which is a modifica-
tion of the LSTM model. The advantage of this model
is that the performance of GRU-based networks is
comparable to LSTM, but they have fewer parameters
and therefore learn faster, requiring less data to train
and configure.
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For the software implementation of the models,
the authors used data mining and machine learning
methods using the Python and MQL5 programming
languages, Google Colaboratory cloud services, Keras
and Tensorflow libraries, and Pytorch.

Results and Discussion

For analysis, the authors took currency quotes of
EUR/USD and BTC/USD for 01.02.2017-10.08.2020
according to the Yahoo Finance service [22]. This par-
ticular segment of the time series of quotes was chosen
because analogous graphical patterns of behaviour of
exchange rate quotes (similar patterns) are observed
on the quote charts, marked with rectangles (Fig. 2).

The main purpose of the constructed graphical

model (Fig. 2) lies in a short-term forecast of the direc-
tion of change in the quote of a financial instrument
(growth or decline). The training window is seven days,
the forecast horizon is one day, the number of training
iterations (epochs) is 100, the training sample size is 90%
of the total number of quotes, according to the test
sample — 10%. Error (Fig. 3, 4(a)) and accuracy (Fig. 3,
4(b)) indicators of the models of daily (D1) EUR/USD
(Fig. 2) and BTC/USD (Fig. 3) quotes have similar
characteristics:

- the accuracy for the test sample remains at the same
level all the time and increases after the 60" epoch;

— the error for the training sample decreases and
the accuracy increases, which indicates that the models
are retrained.
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Figure 2. Charts of daily quotes of EUR/USD (a) and BTC/USD (b)
for 01.02.2017-10.08.2020

Source: compiled by the authors based on [22]
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Figure 3. Model error and accuracy charts for daily EUR/USD quotes
Source: compiled by the authors based on testing of built models
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Figure 4. Model error and accuracy charts for daily BTC/USD quotes
Source: compiled by the authors based on testing of built models

Since the authors used the constructed model to
solve the problem of binary classification (whether there
willbeagrowth ordeclinein thestudied indicatorin the
next period), the confusion matrix was used as a met-
ric for evaluating the efficiency (accuracy) (Table 1).
Table 1 presents: class P (positive) — growth of the in-
dicator; class N (negative) — decline in the indicator;
TP (true positive) — the model showed growth and there
was also factual growth; FP (false positive) — the model
showed growth, but there was a factual decline; TN (true
negative) — the model showed a decline and there was
also a factual decline; FN (false negative) — the model
showed a decline, but there was a factual growth.

Table 1. General structure of the confusion matrix

Output

data

P N

) P TP | FP
Projected data

N FN | TN

The following standard derived metrics were
used for further analysis and comparison of forecasting
models: accuracy (ACC) (1), the proportion of cor-
rectly classified positive objects (TPR) (2) and negative
classes (TPN) (3), balanced accuracy (BA) (4):

Acc=_P+TN (1)
P+N
TPR=— TP )
P
TN
TPN=— 1N
N (3)

TPR+TPN

BA= — (4)

These confusion matrices allow quantifying the
quality of the constructed model not only in general,
but also depending on the type of confusion. Table 2
demonstrates the number of confirmed forecasts in
the test sample of daily quotes EUR/USD (40 growth
and 34 decline in quotes) and BTC/USD (65 growth
and 28 decline in quotes).

Table 2. Confusion matrix of daily quotes
of EUR/USD and BTC/USD

EUR/USD Output data
Growth Decline
. Growth 40 16
Projected data _
Decline 13 34
BTC/USD Output data
Growth Decline
. Growth 65 21
Projected data :
Decline 19 28

Source: compiled by the authors based on the results
of using the built models

A graph was also used to evaluate the quality of
the model (Fig. 5), which displays the initial data of
the test sample and forecast data for a set of 50 time
series samples. The number of matches allows evaluating
the available opportunities for making decisions on
conducting trading operations with a positive result.
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Figure 5. Factual and projected value of the EUR/USD (a) and BTC/USD (b) daily quote dataset
Source: compiled by the authors based on the results of using the built models

a decrease in confusion. From the 20" epoch onward,
the accuracy is within the range of 58-62%, these data
are confirmed by the values in the confusion matrix
(Table 3). Accuracy for four-hour BTC/USD quotes
(Fig. 7) is within the range of 60-64%. However, even
though the accuracy is higher than that of the corre-
sponding EUR/USD model, the number of true negative
forecasts in the BTC/USD confusion matrix (Table 3)
does not substantially differ from false positive and false
negative forecasts (Fig. 8).

The next stage of analysing the quality of the
constructed model was the transition from daily quotes
to four-hour ones (H4 - 6 quotes per day). This increases
the amount of data in the training and test samples, and
the window for training the model is 42 periods (7 days),
the forecast horizon is 6 periods (1 day). Decisions on
trading operations are made every four hours for the
next 24 hours. According to the results obtained, the
accuracy indicators for four-hour EUR/USD quotes
(Fig. 6) increase to the 20" epoch, which correlates with
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Figure 6. Charts of confusion and accuracy of the four-hour EUR/USD quote model
Source: compiled by the authors based on testing of built models
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Figure 7. Charts of confusion and accuracy of the four-hour BTC/USD quote model
Source: compiled by the authors based on testing of built models
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Table 3. Confusion matrix of the four-hour EUR/USD and BTC/USD quote models

Output Output
EUR/USD data BTC/USD data
Growth Decline Growth Decline
. Growth 191 136 . Growth 344 138
Projected data - Projected data -
Decline 112 176 Decline 146 156

Source: compiled by the authors based on the results

of using the built models
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Figure 8. Factual and projected value of the EUR/USD (a) and BTC/USD (b)
four-hour quote dataset
Source: compiled by the authors based on the results of using the built models

At the last stage of forecasting quality analysis,
hourly quotes (H1 - 24 quotes per day) were selected
using the GRU deep network model. At the same time,
the amount of data in the training and test samples in-
creased 24 times compared to the daily quotes, while
the window for training the model was 168 periods
(7 days), and the forecast horizon was 24 periods (1 day).
Decisions on trading operations were made every hour
on the horizon of 24 hours. Accuracy indicators of the
hourly EUR/USD quote model (Fig. 9) for the entire
range of training iterations was within the range of
50-55%, which is less than the corresponding indicators
of the four-hour model. On the chart of the accuracy
of hourly BTC/USD quotes (Fig. 10), there is a delta

Model confusion

between the training and test samples, the accuracy of
which is within the range of 53-55% for the training
sample and 58-62% for the test sample, respectively.
Furthermore, in the confusion matrices for EUR/USD
and BTC/USD display a considerable number of false
positive forecasts, which are 2 times higher than true
negative forecasts. Figure 11 demonstrates this in the
form of discrepancies between the original and fore-
cast data. Table 4 presents the results of the confusion
matrix for hourly quotes. Evidently, there was a de-
crease in classification accuracy for hourly quotes: the
value of metric (1) was 0.53 and 0.6 for EUR/USD and
BTC/USD, respectively.

Model accuracy
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Figure 9. Charts of error and accuracy of the EUR/USD hourly quote model
Source: compiled by the authors based on testing of built models
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Figure 10. Charts of error and accuracy of the BTC/USD hourly quote model
Source: compiled by the authors based on testing of built models
Table 4. Confusion matrix of the EUR/USD and BTC/USD hourly quote models
Output Output
EUR/USD data BTC/USD data
Growth Decline Growth Decline
. Growth 922 397 . Growth 1526 392
Projected data - Projected data -
Decline 753 384 Decline 851 350

Source: compiled by the authors based on the results of using the built models
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Figure 11. Factual and projected value of the EUR/USD (a) and BTC/USD (a)

hourly quote dataset

Source: compiled by the authors based on the results of using the built models

The final results of applying the constructed
GRU deep network model to predict the EUR/USD

and BTC/USD exchange rates are presented in Table 5.

Table 5. Final results of the accuracy of the constructed models
EUR/USD

Period

D1

H4

H1

D1

BTC/USD
H4

H1

Total bars in the sample 1035 6195 24747 1335 7887 31374

Training sample 923 5531 22098 1193 7054 28062

Test sample 103 615 2456 133 784 3119

LSTM network metrics

Training sampling confusion 0.7594 0.6862 0.7043 0.6629 0.6855 0.7001
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Table 5, Continued

EUR/USD BTC/USD

Period D1 H4 H1 D1 H4 H1
Test sample confusion 0.6939 0.6901 0.6994 0.6328 0.6697 0.6900
Test sample accuracy 0.7184 0.5967 0.5318 0.6992 0.6250 0.6015
Training sample MSE 0.22322 0.23576 0.24905 0.20908 0.23442 0.24608
Training sample RMSE 0.47246 0.48555 0.49905 0.45725 0.48417 0.49606
Test sample MSE 0.21206 0.24075 0.24861 0.20454 0.23056 0.24130
Test sample RMSE 0.46050 0.49066 0.49861 0.45226 0.48017 0.49122
Confusion matrix

Accuracy (ACC) 0.71844 0.59674 0.53175 0.69924 0.63775 0.60147
True positive rate (TPR) 0.75471 0.63036 0.55044 0.77380 0.70204 0.64198
True negative rate (TNR) 0.68000 0.56410 0.49167 0.57142 0.53061 0.47169
Balanced accuracy (BA) 0.71735 0.59723 0.52105 0.67261 0.61632 0.55683

Note: D1 - Daily models, H1 - 24 quotes per day, H4 - 6 quotes per day
Source: compiled by the authors based on the results of using the constructed models

Analysis of the data in Table 5 suggests as fol-
lows: in general, the models demonstrated higher ac-
curacy when using the EUR/USD time series than for
the BTC/USD. The best results were obtained when
using daily quotes. When using four-hour and hourly
data, the accuracy on the test sample was higher than
on the training one. At the same time, no test data
was used during model training. One explanation for
this may be the effect of retraining the model. Mod-
els predict an uptrend (maximum value of the TPR
metric=0.75 for daily EUR/USD quotes) better than
a downtrend (maximum value of the TNR metric=0.68
for daily EUR/USD quotes).

In summary, the indisputable advantage of using
deep networks is their ability to find hidden complex
nonlinear patterns in data, as well as identify influential
factors (feature extraction). Their disadvantage is that,
theoretically, deep networks are essentially “event data
recorders’, and therefore it is quite difficult to analyti-
cally restore the functionality for which the forecast is
made. Therefore, the result of their work is too “opaque”

Conclusions

The study proved the prospects of applying deep neu-
ral networks of the GRU type to predicting the direc-
tions of changes in exchange rates. According to the
results of the analysis conducted by the authors of this
study, such models were effective both in predicting the
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