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A COMPREHENSIVE APPROACH TO BITCOIN
FORECASTING USING NEURAL NETWORKS ™

This paper provides a comprehensive approach to Bitcoin price, returns,
direction and volatility forecasting. It compares ARIMA and GARCH models to
neural network (NN) autoregression and Jordan NN in their forecasting perfor-
mances, using internal and external factors. Robustness of the results is verified
across bearish, bullish and stable market conditions. The results are not unam-
biguous considering price, returns or volatility forecasting, when compared using
different performance measures or through different periods. Return and volatil-
ity forecasting yields to stable results no matter the model or period observed.
NNs in general emerge as optimal for return and direction forecasting, ARIMAX
and NNARX for price forecasting, while for volatility forecasting all models yield
comparable results. Price forecasting yields the best prediction accuracies, while
JNNX performed poorly. However, the inclusion of other machine learning meth-
ods and/or different variables as well as recent crisis emerged from war circum-
stances can be seen as limiting factors.

Keywords: ARIMA, Bitcon, COVID-19, GARCH, Jordan neural network,
neural network autoregression

1. INTRODUCTION

Cryptocurrencies have attracted attention since the moment of their appear-
ance, and especially in the last few years after their first price peak in 2018 and
even more after their second and even higher peak in 2021. Numerous research
confirmed their feature of being an investment asset class (Liu and Tsyvinski,
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2018; Stensas et al., 2019; Gil-Alana et al., 2020). Additionally, Platanakis and
Urquhart (2020) and Li et al. (2021), among the others, proved their contribution
in terms of Markowitz diversification to portfolios including also other traditional
and/or alternative assets. Moreover, its role as a hedge and/or safe heaven has been
intensively analysed. The results indicate that cryptocurrencies can serve primar-
ily as a diversifier (Corbet et al., 2018; Stensés et al. 2019; Bouri et al., 2020).
However, some empirical research found their hedge and/or safe haven properties

in short investment horizons, for some specific assets or markets (Arneri¢ and
Mateljan, 2019; Stensas et al. 2019; Bouri et al., 2020).

Additionally, there are research trying to predict either cryptocurrency prices
(Indera et al., 2017; Poyser, 2017; Sovbetov, 2018; Jang and Lee, 2017; Fahmi et
al., 2018; Lahmiri and Bekios, 2019; Ji et al., 2019; Uras et al., 2020; Pabugcu et
al., 2020), volatility (Walther et al., 2019), returns (Polasik et al., 2015; Abu Bakar
and Rosbi, 2017; Liu and Tsyvinski, 2018; Azari, 2019) or direction (Greaves and
Au, 2015; Spilak, 2018; Ji et al., 2019). Nevertheless, the research confirmed that
the dynamics of cryptocurrency time series are quite complex, displaying extreme
observations, asymmetries, and several nonlinear characteristics that are difficult
to model and forecast.

This paper relies on findings documented in Sestanovié¢ (2021) where feed-
forward neural networks (FNNs) and logistic regression (LR) for Bitcoin direc-
tion forecasting, i.e. predicting whether the prices will go up or down in the next
trading day, are compared. Different internal and external factors mutually led to
high and stable accuracy of 62% no matter the period. Therefore, this paper uses
the variables extracted from Sestanovié (2021) as the best predictors. On the other
hand, it uses a comprehensive approach to find the appropriate model for price, re-
turns and volatility forecasting. It compares models using root mean squared error
(RMSE) and accuracy performance measures to reach the conclusion regarding
the optimal methodology for Bitcoin prediction.

Additionally, most commonly used ARIMA and GARCH models for prices/
returns and volatility forecasting are compared to NNs. Namely, due to unfulfilled
assumptions of cryptocurrency time series, 1.e. non-normality and nonlinearity, us-
ing linear parametric models is not suitable and leads to misinterpretation of the
influence of certain variables as well as inability to predict properly the dependent
variable. Therefore, NNs are viewed as nonlinear models with relaxed model as-
sumptions. FNNs are the most commonly used with a property of “the universal
approximator of any functional form of relationship between the observed variables”
(Hornik et al., 1989). They can estimate the dependent variable (output) with a high
degree of accuracy, enabled by their flexible but complex structure given the number
of independent variables (inputs), hidden layers and neurons, estimated parameters,
activation functions, learning algorithm and goal function. This paper presents and
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compares NNs for time series modelling and forecasting, i.e. NN autoregression
(NNAR) and Jordan NN (JNN). Most of NN structure is held constant while hid-
den neurons are varied to obtain the optimal NN which simultaneously has high
in-sample and out-of-sample performances via both RMSE and accuracy measures.

Previous research included only bullish or stable market conditions, while
the predictions in bearish markets and especially in crisis periods were not tested.
Therefore, this paper emphasises the comparison between different periods and mar-
ket conditions, including the COVID crisis. Moreover, the chosen sub-periods are
not selected arbitrary. Since arbitrary selection might lead to spurious results, the
Bai-Perron multiple structural break test is utilized to determine the appropriate sub-
periods. They coincided with different bullish, bearish and stable market conditions.

This paper contributes to the existing literature in several ways. Firstly, by
defining the appropriate NN model for Bitcoin price, returns and volatility fore-
casting which will be comparable to ARIMA and GARCH models as benchmarks
to test which of the models yields better predictive performances in terms of both
RMSE and accuracy. Secondly, by determining whether prediction in terms of
price, return or direction yield the optimal results. Thirdly, by determining the
optimal volatility estimator for NN model as well as in terms of forecasting the
volatility of cryptocurrencies using NNs. Finally, by comparing the results through
different periods based on nonarbitrary selection of sub-periods using Bai-Perron
multiple structural break test and by using Diebold-Mariano test of predictive ac-
curacies. Different periods included bearish, bullish and stable market conditions,
as well as including the recent COVID crisis.

The remainder of the paper is organized as follows. Section 2 provides litera-
ture review, Section 3 describes the data and methodology. Section 4 presents em-
pirical findings with discussion of the results. Finally, conclusions and directions
for future research are provided in Section 5.

2. LITERATURE REVIEW

Although the application of NNs in time series analysis is in its initial stage,
they are proven an excellent tool for time series forecasting. Khashei and Bijari
(2010) demonstrate that out of 96 studies, only in 18% of the cases traditional meth-
ods outperformed NNs while NNs have either performed well or outperformed in
72% of the cases. That is the reason of their immense application in forecasting
cryptocurrencies as well. Although they are extensively used for classification pur-
poses, this paper deals with their prices, returns and volatility forecasting.
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Using ARIMA models for Bitcoin forecasting led to high prediction errors
(Azari, 2019; Abu Bakar and Rosbi, 2017) since they are unable to capture sharp
fluctuations in prices. High prediction errors are reported for ARIMA models in
McNally (2018) who predicts Bitcoin and reaches error percentages of the RNN,
ARIMA, and LSTM models of 5.45%, 53.47%, and 6.87% respectively, i.e. RNNs
outperformed other linear and nonlinear models. Although, when used for short-
term predictions or in sub-periods in which the behaviour of the time series is
almost unchanged, ARIMA models can be an efficient tool (Azari, 2019).

Most research used NNs to predict cryptocurrency prices or returns. Indera
et al. (2017) demonstrate the ability of Non-Linear Autoregressive with Exogenous
Inputs (NARX) to predict Bitcoin using OHLC prices, together with Moving Av-
erage (MA) technical indicators of different intervals. However, without compari-
son to other models.

Further research compares different models to NNs. Fahmi et al. (2018) pre-
dict Bitcoin prices using internal factors while comparing Linear Regression (LR),
NNs, Bayesian LR and Boosted Decision Tree Regression. The results indicate
that regression-based models yield more usable predictions. However, they nei-
ther explain dataset where testing of the model is performed, nor provide detailed
explanation of the methodology. Jang and Lee (2017) show that Bayesian NN per-
forms better, compared to linear and nonlinear models, in predicting Bitcoin price
and explaining its high volatility, using internal and external predictors. Lahmiri
and Bekios (2019) implement LSTM and generalized regression NN (GRNN) to
forecast the prices of Bitcoin, Digital Cash and Ripple. LSTM predictability is sig-
nificantly higher compared to GRNN. Uras et al. (2020) forecast prices of Bitcoin,
Litecoin and Ethereum, using lagged OHLC prices and volumes while implement-
ing Simple and Multiple LR, as well as FNN and LSTM models. The best results
are obtained using more than one previous price and with both regression models
and LSTM, while NNs performed poorly. However, they used only in-sample com-
parisons and it is not unusual for LR to perform well in-sample. The model should
always be tested out-of-sample, i.e. part where NNs perform better. Ji et al. (2019)
compare deep NN (DNN), LSTM, convolutional NN, deep residual network, and
their combinations as well as support vector machine (SVM), gated recurring unit
(GRU) and linear/logistic regression for Bitcoin price prediction. GRU and linear/
logistic regression models performed worse or equal to SVM. The results show
that LSTM slightly outperformed other models for Bitcoin price prediction. DNN
performed the best for price direction prediction. They used internal factors to
predict Bitcoin prices and concluded that 20 inputs are sufficient for regression and
50 inputs for classification purposes. However, they used random sample splitting
instead of sequential which is not justifiable from econometric perspective, as well
as too many inputs. Dutta et al. (2020) used a fixed set of internal and external
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factors as exogenous and endogenous variables to predict daily Bitcoin prices and
show that GRU model performs better than traditional NNs and LSTM. Moreover,
RNN and LSTM perform better than traditional time series models in cryptocur-
rency price prediction. Additionally, Chen et al. (2020) predict Bitcoin price at dif-
ferent frequencies (i.e. daily and high-frequency). LR and Discriminant Analysis
(DA) for Bitcoin daily price prediction with high-dimensional features achieve an
accuracy of 66%, outperforming more complicated models. Random Forest, XG-
Boost, Quadratic DA, SVM and LSTM for Bitcoin 5-minute interval price predic-
tion are superior to statistical methods, with accuracy reaching 67.2%. Jalali and
Heidari (2020) predict the price of Bitcoin using the first order grey model (GM
(1,1)). GM outperformed RNN and BNN, however they never explained how they
are compared considering different methodology.

On the other hand, research on cryptocurrency volatility prediction is limited
while relying only on high frequency data (Zhang et al., 2021) or only on focusing
on GARCH-type methodology (Chu et al., 2017; Walther et al., 2019). The research
on stock market volatility prediction indicates the usefulness of NNs in volatility
prediction in comparison to other linear and nonlinear models. Donaldson and
Kamstra (1997) reveal that NNs capture volatility effects overlooked by GARCH-
type models. Mantri et al. (2010) conclude that there is no difference in the volatili-
ties estimated under the GARCH, EGARCH, GJR - GARCH, IGARCH and NN
models. In their later paper, Mantri et al. (2012) concluded that NN can be used as
a best choice for measuring the volatility of stock market., compared to ARCH and
GARCH models. Sarangi and Dublish (2013) prove that NN is ranked best with
minimum forecasting error, compared to GARCH family models. Arneric€ et al.
(2014) compared GARCH to JNN models in forecasting the conditional variance
of stock returns and confirm superiority of NNs versus other linear and nonlinear
models. However, Nybo (2021) indicates that the NNs should be used for predict-
ing volatility of assets with low volatility profiles, and GARCH models should be
used when predicting volatility of medium and high volatility assets. Due to the
lack of research on cryptocurrency volatility prediction with NN, this paper can
contribute to the existing research.

3. DATA AND METHODOLOGY

The Bitcoin daily closing prices, returns and volatilities obtained with Par-
kinsons’ and Garman-Klass volatility estimators are given in Figure 1. From the
appearance of Bitcoin in 2014 to 2017 the market was characterised by a slug-
gish movement of closing prices, as well as market capitalization and volumes.
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Therefore, the period of monotonous price movements and trading from their ap-
pearance to 2016 is excluded from further calculations. It is more interesting and
challenging to test the proposed model in more volatile periods. After a significant
peak at the end of the 2017 the prices dropped sharply at the beginning of the 2018,
followed by the intensive trading period characterized by high volatility. Continu-
ous fluctuations in Bitcoin prices remained until the end of 2019 but with rather
stable market conditions with both low returns and volatility. Beginning of the
year 2020 was characterised by a significant slump in prices due to the unknown
circumstances of COVID crisis and high volatility. However, the market recovered
fast and experienced a significant upward trend in the 2020 that continued in 2021,
maybe mostly because of its potential to hedge against inflation because of an in-
creased government spending during the COVID pandemic but also because some
of the companies announced using Bitcoin, instead of cash.

Figure 1

BITCOIN PRICES, RETURNS AND VOLATILITIES WITH
PARKINSONS” AND GARMAN-KLASS VOLATILITY ESTIMATORS
FROM APRIL 2016 TO APRIL 2021
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Based on different features of price, returns and volatility movements in dif-
ferent periods the dataset is divided into four sub periods. The selection is not
made arbitrary, but using the Bai-Perron (Bai and Perron, 2003) test for simultane-
ous estimation of multiple breakpoints. Based on Bitcoin closing prices in period
from 9.4.2016 to 9.4.2021 four breaks are selected. The first sub period training
set spans from 9.4.2016 to 27.11.2017, while the next 100 observations, i.e. until
7.3.2018 are used for testing. That way the prediction in the bearish market is
considered. The next training set spans from 9.4.2016 to 24.12.2018 and the next
100 observations, i.e. until 3.4.2019 are left for testing. That way the prediction
in stable market is considered. The third sub period for training is selected from
9.4.2016 to 24.9.2019 and the next 100 observations, 1.e. 2.1.2020 are selected for
testing. Finally, the data set from 9.4.2016 to 9.7..2020 is used for training and the
next 100 observations, i.e. until 17.10.2020 are used for testing. That way the pre-
diction in the bullish market is considered.

Bitcoin closing prices are retrieved from Coinmetrics (charts.coinmetrics.io/
network-data) and they are used to calculate the log returns. Closing prices and
log returns are given in Figure 1 in the two upper panels. However, for volatil-
ity forecasting, the problem was finding the optimal volatility estimator as the
dependent variable in NNs to be comparable to volatility obtained from GARCH
model. Although most of the empirical research indicate Garman and Klass (1980)
as the optimal OHLC (open-high-low-close or range-based) volatility estimator,
Raju and Rangaswamy (2017) prove the dominance of Yang and Zhang (2000)
estimator in terms of in-sample and out-of-sample forecasting accuracy. Yarovaya
et al. (2016), on the other hand, report inconclusive outcomes when examining the
Garman and Klass (1980), Parkinson (1980), and Rogers and Satchell (1991) esti-
mators. Additionally, Arneri¢ et al. (2018) provide evidence that in most emerging
economies the accuracy of Garman and Klass estimator does not significantly dif-
fer from Parkinson. Therefore, since there is no consensus in the literature about
the appropriate OHLC volatility estimator, Parkinson’s and Garman-Klass volatil-
ity estimators are selected and compared as an additional robustness check. They

are calculated as:
1 (1Y
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where PA, is the Parkinson’s volatility estimator at time ¢, while H, and L, are the
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where GK, is the Garman-Klass volatility estimator at time #, while additionally
C, and O, are the closing and opening prices of Bitcoin at time ¢. Both volatility
estimators are given in Figure 1 in the lowest two panels.

The independent variables selection was not straightforward either. Poyser
(2017) distinguishes between internal and external factors as cryptocurrency price
drivers. Supply and demand are among the others the main internal factors while
attractiveness, market trend, speculations, legalization, restrictions and macro-fi-
nance factors are external drivers. Most of the papers use the cryptomarket-related
or internal factors for prediction (Polasik et al., 2015; Sovbetov, 2018; Liu and
Tsyvinski, 2018; Jang and Lee, 2017; Spilak, 2018; Fahmi et al., 2018; Ji et al.,
2019). Indera et al. (2017), Fahmi et al. (2018) and Uras et al. (2020) in particular
use OHLC prices while Azari (2019) and Abu Bakar and Rosbi (2017) use only
past closing prices. Technical indicators are also used as predictors (Indera et al.,
2017; Spilak, 2018; Pabuccu et al., 2020). Moreover, majority of the papers confirm
the attractiveness as an important factor (Polasik et al., 2015; Sovbetov, 2018). Few
papers use macro-finance factors (Polasik et al., 2015; Sovbetov, 2018; Liu and
Tsyvinski, 2018; Spilak, 2018) and usually report the lack of statistical significance
if used in parametric models. Contrary, Walther et al. (2019) found that economic
activity is the most important exogenous volatility driver. This paper, however,
uses the internal and external factors extracted from Sestanovié (2021) for closing
price and return forecasting with NNs and ARIMAX models. Namely, NNs and
ARIMAX have besides lagged returns also 10 inputs that had high accuracy in
the most models. The internal factors, i.e. market capitalization, 30-days volatility,
total issuance, mean tx fee, mean hash rate, mean difficulty are retrieved from:
Coinmetrics (charts.coinmetrics.io/network-data). The macro-financial data (gold,
S&P500, VIX) are obtained from FRED database (fred.stlouisfed.org/) and at-
tractiveness from Google trends (trends.google.com/trends/). All the variables are
transformed to log-returns to become stationary, since NNs perform worse when
dealing with nonstationary time series. Ji et al. (2019) confirm that log values of
variables with extreme values yields better performances than using plain values.
Only attractiveness is not transformed using log-returns since it is available only
at weekly basis and that transformation would yield to lots of zeros. For volatility
forecasting and based on GARCH methodology, the Parkinson’s or Garman-Klass
volatility estimator from previous period along with squared mean corrected re-
turns with one-time lag, representing squared innovations, is used in NNs as inde-
pendent variables.

The most commonly used NN is FNN. Each input (independent variable) of
FNN is connected with all neurons in the hidden layer. Based on the cross-product
of input values and corresponding weights, the hidden neurons perform nonlin-
ear transformation using the activation function. Each neuron in the hidden layer
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is further connected with each neuron in the next layer. In a three-layered FNN
the next layer is the final, called the output layer. In the output layer the expected
values of the dependent variable are estimated. This represents the feedforward
stage. Expected values, i.e. outputs from the NN are compared to the observed,
i.e. target values and their difference represents the error term, i.e. residual. Er-
ror terms are used to adjust the network parameters in the backpropagation (BP)
stage, i.e. BP learning algorithm is used for parameter correction until a minimum
error is achieved. FNN, designed for the time series modelling and forecasting, is
NN autoregression (NNAR(p,k)) which has p lags of dependent variable as inputs
and k hidden neurons. If only one lag of dependent variable is used as input and
additional exogenous inputs are added to the model, the resulting NNARX(1,k,m)
has the following form:

k
3= 1| oot 2 0onS (Fen + i1+ A ) [ 3)

h=1

where y, is the output vector of a time series presenting dependent variable (in our
case Bitcoin prices or log returns), y,_, is dependent variable with one lag, x, is the
matrix with m additional exogenous inputs, while f(*) is the logistic activation func-
tions. The weights w_ and w_, denote constant terms of output and hidden neurons
respectively, where h=1,2,....k. The weights w, and w, denote the connections
between the p-inputs and s-hidden neurons and between the 4-hidden neurons and
the output respectively, while ¢, is an error term. nnetar function from forecast
package in R software by default choses number of lags of dependent variable and
number of hidden neurons. To get comparable results, the number of inputs is set
in advance and already explained, while the grid search of 2, 5, 10, 15, 25 and 50
hidden neurons is examined to be comparable to Sestanovié (2021).

If the feedback connection from outputs to inputs is added to a NNARX, the re-
sulting is a recurrent-type of NN, i.e. Jordan NN with exogenous inputs (JNNX):

k
1= 1| oot X 001 S (en+ i + A i+ 0t ) e, @
h=1

where w, represents the weight of the recurrent connection, i.e. connection of
the context unit to hidden neurons. JNNX given in eq. (3) incorporates AR term
(v,)» MA term (¢, ,) and different internal and external factors as exogenous in-
puts. This can be seen as ARIMAX model with one hidden layer and appropriate
activation functions. Analogously to NNARX model, since JNNX has additional
input, i.e. error term with one lag, it can be abbreviated as JINNX(1,k,1,m). Ad-
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ditional self-connected neuron keeps the content of the output that existed in the
previous network training, which is called the context unit. It represents the long-
term memory of the network. INNX uses a recursive algorithm that is similar to
the standard BP algorithm but requires multiple equations for weights corrections.
It also provides consistent and asymptotically normal estimators (Kuan and Liu,
1995). The premise is that JNNX can bypass the overfitting problem with less
parameters to estimate and at the same time satisfy the parsimony principle. In
order to train JINNX, the “in-sample” is additionally divided into 70% for training
and 30% for validation. Ad hoc settings include: initial functions randomization,
the standard BP algorithm, the functions are updated in topological order, the pat-
terns are presented in sequential order, the maximal number of iterations is 10000,
learning rate is 0.0001, intervals from which the initial network weights are ran-
domly selected is [-1, 1]), the context unit weight is set to 0.7 and the logistic and
linear activation functions are used in hidden and output layer respectively. All
variables are transformed using normalization function to enable the convergence
stability of the learning algorithm. After training, denormalization of the output
is performed to be comparable to the actual output values. The number of hidden
neurons (k) is varied in a grid search of 2, 5, 10, 15, 25 and 50 hidden neurons as in
NNARX model. INNXs are estimated using jordan function in RSNNS package
(R — Stuttgart Neural Network Simulator). The results of INNX are compared to
similar models, i.e. ARIMAX and NNARX models.

ARIMAX models are estimated in R using the auto.arima function in pack-
age forecast. This function returns the best ARIMAX model according to either
AIC, AICc or BIC value. ARIMAX model has therefore the same representation
as in eq. (3) if there is no hidden layers and activation function is linear.

FNNs and LR for direction forecasting from Sestanovié (2021) are reesti-
mated using Bai-Perron breaks to compare the results of returns, closing prices
and direction forecasting.

The standard GARCH (1,1) models, defined by Bollerslev (1986), are esti-
mated in R using rugarch package. For results to be comparable, NNAR and JNN
models are estimated using previously explained models in eq. (2) and (3) without
any additional exogenous inputs, where y, in this case are PA, and GK, - the Parkin-
son’s and Garman-Klass volatility estimators at time ¢ respectively, and indepen-
dent variables are volatility estimators from previous period along with squared
mean corrected returns with one time lag.

All models are compared through out-of-sample RMSE, i.e.

1 R
RMSE = |— (yt_yt)z’ (5)
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where y, and y, are the observed and predicted output values respectively and 7 is
the sample size. Additionally, Diebold-Mariano (DM) test (Diebold and Mariano,
1995) for predictive accuracy for each sub-period and each model in pairs is per-
formed for 1 and 7 days forecasting horizon. It formally compares RMSEs. How-
ever, other than standard comparison of the models using RMSEs, the accuracy
measure is calculated. The accuracy is a proportion of true positive (7P) and true
negative (TN) in the whole sample 7, i.e.

ace= TP+ ©)
n

where TP are correctly predicted positive returns and NP correctly predicted nega-
tive returns, i.e. accuracy measures the models’ ability to correctly predict di-
rection of Bitcoin movement. It is especially important in comparison between
models that have different units of measurement, where comparison using RMSE
is not possible.

4. RESULTS AND DISCUSSION

Results of ARIMAX, NNARX and JNNX models for one day ahead return
and closing prices forecasting are given through 2 measures: RMSE and accuracy
in Tables 1 and 2 respectively. Additionally, Table 3 presents the reestimated ac-
curacies from Sestanovi¢ (2021) with FNNs and Logistic regression using Bai-
Perron breaks. GARCH, NNAR and JNN models for one day ahead volatility
forecasting using both Parkinson’s and Garman-Klass volatility estimators are
compared only according to RMSE (Table 4). Results are presented for 4 selected
sub-periods. Only out-of-sample performance measures are given since all the
models performed well in-sample'. Additionally, DM test for predictive accuracy
for each sub-period and each model in pairs for 1 and 7 days’ prediction is given
in the lowest panel of the Tables 1, 2 and 4.

' In-sample results are available from the author upon reasonable request.
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Table 1

OUT-OF-SAMPLE RMSE, DM TEST AND ACCURACY MEASURES FOR 4
SELECTED SUB-PERIODS AND BITCOIN RETURNS

RMSE ACCURACY
NNARX
1 2 3 4 1 2 3 4
(k)
2 0.0773 | 00305 | 0.0329 | 0.0228 0.57 049 | 043 | 0.60
5 0.0772 | 0.0305 | 0.0331 | 0.0229 0.63 049 | 038 | 061
10 00772 0.0313 | 00343 | 0.0230 0.60 046 | 036 | 0.55
15 0.0757| 0.0304 | 0.0339 | 0.0226 0.63 048 | 039 | 0.3
25 0.0783| 0.0327 | 00352 | 0.0230 0.60 044 | 041 | 052
50 0.0802| 0.0353 | 0.0378 | 0.0254 0.55 044 | 042 | 052
JNNX
1 2 3 4 1 2 3 4
(k)

2 0.0774] 0.0417 | 0.0337 | 0.0287 0.58 051 | 048 | 045
5 0.0767 | 0.0416 | 0.0357 | 0.0297 0.54 045 | 044 | 051
10 0.0802 | 0.0396 | 0.0387 | 0.0320 0.56 053 | 0350 | 054
15 0.0781| 0.0421 | 00370 | 0.0382 0.58 059 | 046 | 046
25 0.0797| 0.0453 | 00418 | 0.0423 0.56 055 | 045 | 046
50 0.0814 | 0.0479 | 0.0476 | 0.0436 0.60 058 | 043 | 0.64

| 2 3 4 | 2 3 4
ARIMAX 0.0855| 0.0374 | 0.0407 | 0.0321 0.60 NA' | 050 | 044

OPTIMAL JNNX | NNARX | NNARX | NNARX | NNARX | JNNX | JNNX | JNNX
DM h=1 DM h=7
NNARX*INNX 031 | 2,684 | 065 | 349%* | 041 2.19%F | 0.62 | 3.33%**
NNARX*ARIMAX | 1.61 | 3.08%%* | 177% | 444%0% | 17% | 3.92%%% | 2 18%* | 2.81%**

JNNX*ARIMAX 151 0.62 1.76* 1.93* 1.74%* 066 | 1.98* | 144

Note: Sub-period defined based on Bai-Perron test, i.e. 1 - training (9.4.2016 - 27.11.2017), testing
(next 100 observations, i.e. until 7.3.2018; 2 - training (9.4.2016 - 24.12.2018), testing (next 100
observations, i.e. until 3.4.2019); 3 — training (9.4.2016 - 24.9.2019), testing (next 100 observati-
ons, i.e. until 2.1.2020); 4 — training (9.4.2016 - 9.7.2020), testing (next 100 observations, i.e. until
17.10.2020). k — number of hidden neurons. ' The model forecasted only positive returns. h — fo-
recasting horizon of DM test of 1 and 7 days. * p < 0.1, ** p < 0.05, *** p < 0.01, where p is the
p-value of DM test.

Source: the author in R
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Forecasting Bitcoin returns (Table 1) yields the most stable results no matter
the model and period observed. Namely, time series models as well as NNs per-
form the best when dealing with stationary time series. According to RMSE for re-
turn forecasting linear ARIMAX model performed the worse no matter the period,
although relatively comparable to JNNX in stable period. In turbulent times, no
matter the bearish or bullish period, both NN types were successful in predicting
Bitcoin returns, although with lower mistakes made in stable and bullish periods.
Even though NNARX performed better in 3 out of 4 periods, according to RMSE,
JNNX performed comparably well. DM test shows that NNARX model has sig-
nificantly lower RMSEs than ARIMAX in all sub-periods, while it is significantly
better than JNNX in only two sub-periods. JNNX performed significantly better
than ARIMAX in 3 out of 4 sub-periods. However, the highest accuracy of 64% is
reached with INNX in bullish period, although 63% accuracy reached by NNARX
in the same period is not unneglectable. In bearish period NNARX model had the
highest accuracy of 63%, in stable market conditions in period 2 JNNX reached
accuracy of 59%, while in period 3 all models performed poorly. With respect to
the number of hidden neurons in terms of RMSE performance measure, INNX
model confirms the ability of better or comparable results to NNARX with lower
number of hidden neurons (Sestanovié¢ and Arnerié, 2020).
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Table 2

75

OUT-OF-SAMPLE RMSE, DM TEST AND ACCURACY MEASURES FOR 4
SELECTED SUB-PERIODS AND BITCOIN CLOSING PRICES

RMSE ACCURACY
NNARX
1 2 3 4 1 2 3 4
(k)
2 480224 | 851.54 | 71095 | 210335 | 0485 | 0525 | 0495 0.420
5 571568 | 851.54 | 92055 | 2020.74 | 0485 | 0566 | 0.59 0455
10 6036.94 | 78238 | 1242.12 | 2024.83 | 0424 | 0586 | 0.657 0.455
15 561135 | 89832 | 97731 | 180652 | 0.535 | 0356 | 0.566 0.444
25 5906.1 | 19702 | 12124 | 19054 | 0485 | 0515 | 0.636 0455
50 607021 | 79859 | 114605 | 197606 | 0444 | 0335 | 0.556 0.505
JNNX
1 2 3 4 1 2 3 4
(k)
2 104958 | 38279 | 4339.1 | 59737 | 0455 | 0384 | 0455 0424
5 10482.6 | 38279 | 43859 | 59311 | 0455 | 0404 | 0465 0.485
10 105023 | 36940 | 43352 | 59323 | 0444 | 0465 | 0525 0444
15 104993 | 36209 | 4307.3 | 59357 | 0434 | 0444 | 0525 0.505
25 105124 | 37202 | 43920 | 58639 | 0465 | 0455 | 0475 0455
50 10466.6 | 3620.6 | 43335 | 58765 | 0455 | 0434 | 0515 0.515
1 2 3 4 1 2 3 4
ARIMAX 3696 360 1704 1641 0455 | 0576 | 0515 0.606
OPTIMAL ARIMAX | ARIMAX | NNARX | ARIMAX | NNARX | NNARX | NNARX | ARIMAX
DM h=1 DM h=7
NNARX*INNX | 57.36%%* | 9.55%** | §58*** | R9I*** | 2B.61%** | 401*** | 2RTF** | 2.62%*
NNARX*ARIMAX | 11.45%%% | 5.36%%* | 978%%* | 323*** | 342%%* | 155 | 274%* | 091
INNX*ARIMAX | 52.99%%* | 9.61*** | 931*** | 906*** |22.06%** | 3.93*** | 288 | 265%**

Note: Sub-period defined based on Bai-Perron test, i.e. 1 - training (9.4.2016 - 27.11.2017), testing
(next 100 observations, i.e. until 7.3.2018; 2 - training (9.4.2016 - 24.12.2018), testing (next 100
observations, i.e. until 3.4.2019); 3 — training (9.4.2016 - 24.9.2019), testing (next 100 observati-
ons, i.e. until 2.1.2020); 4 — training (9.4.2016 - 9.7.2020), testing (next 100 observations, i.e. until
17.10.2020). k — number of hidden neurons. h — forecasting horizon of DM test of 1 and 7 days. * p
<0.1,** p<0.05, ¥** p <0.01, where p is the p-value of DM test.

Source: the author in R



76 T. SESTANOVIC: A comprehensive approach to bitcoin forecasting using neural networks...
EKONOMSKI PREGLED, 75 (1) 62-85 (2024)

Forecasting Bitcoin prices (Table 2) reaches the highest accuracy of 65.7%
with NNARX model in period 3 which included Covid crisis, followed by 60.6%
accuracy obtained with ARIMAX in bullish market. The model with highest ac-
curacy in bearish and stable market is NNARX (53.4% and 58.6% respectively).
However, NNARX was the optimal model in 3 out of 4 periods according to ac-
curacy measure, while ARIMAX model performs better in bullish period. INNX
performed poorly compared to NNARX and ARIMAX, with both performance
measures in all sub-periods®. Namely, forecasting closing prices with INNX led to
rather high RMSEs no matter the period and no matter the hidden neuron selec-
tion. It is not clear why JNNX performed poorly in terms of RMSE for the Bitcoin
price prediction as opposed to returns forecasting since most of the empirical re-
search confirms the ability of recurrent NNs to successfully predict cryptocur-
rency prices (McNally, 2018; Dutta et al., 2020). Possible explanation for this is
that JNNX rather successfully predicts the movement of Bitcoin prices but with
significant volatilities. On the other hand, ARIMAX model emerges as optimal
although its predictions are close to the average and predicts mostly a flat line.
Therefore, these results should be taken with caution.

According to RMSE, ARIMAX model for closing price prediction is the
optimal in 3 out of 4 sub-periods. NNARX model is optimal in only period 3,
although according to DM test it performs comparably well to ARIMAX model
in bullish market. Azari (2019) confirms efficiency of ARIMA model for Bitcoin
prediction in stable and unchanged periods, as opposed to predictions in turbulent
events when they lead to large prediction errors (Azari, 2019; Abu Bakar and Ros-
bi, 2017). However, result of this research confirms the opposite, i.e. the success of
ARIMAX model in closing price predictions in bearish, bullish and stable market
conditions. The possible explanation is that ARIMAX model was estimated on
closing prices, but due to non-stationary time series the integration of order 1 was
performed to reach stationarity. NNARX and JNNX models used raw data, i.e.
non-stationary closing prices. The conclusion is that NNs do not predict well non-
stationary time series.

2 JNNX estimated for closing prices with standard parameters given in methodology part
provided even worse results. The results are given for the following parameters: in-sample is divided
into 90% for training and 10% for validation, learning rate is 0.001 and the context unit weight is
set to 0.9.
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Table 3

OUT-OF-SAMPLE ACCURACY FOR 4 SELECTED SUB-PERIODS AND
BITCOIN DIRECTION PREDICTION

ACCURACY
FNN
1 2 3 4
(k)
2 NA NA 0,39 NA
5 0,57 0,54 0,44 0,52
10 0,57 0,58 0,39 0,53
15 048 048 033 0,52
25 0,54 0,50 0,51 0,49
50 0,60 048 0,50 0,51
1 2 3 4
LR 0,59 0,49 0,40 0,61
OPTIMAL FNN FNN FNN LR

Note: Sub-periods defined based on Bai-Perron test, i.e. 1 - training (9.4.2016 - 27.11.2017), testing
(next 100 observations, i.e. until 7.3.2018; 2 - training (9.4.2016 - 24.12.2018), testing (next 100 obser-
vations, i.e. until 3.4.2019); 3 — training (9.4.2016 - 24.9.2019), testing (next 100 observations, i.e. un-
til 2.1.2020); 4 — training (9.4.2016 - 9.7.2020), testing (next 100 observations, i.e. until 17.10.2020).
k — number of hidden neurons. 1 The model forecasted only positive or negative returns.

Source: the author in R

When compared to the Bitcoin direction forecasting in Table 3 the return
forecasting yields to higher accuracies in all market conditions, except for the Pe-
riod 3 where the difference is negligible. This is not in line with the previous
research (Ji et al, 2019; Pabugcu et al., 2020) that proved direction forecasting to
be more effective.

On the other hand, forecasting Bitcoin closing prices led to much higher ac-
curacy compared to Bitcoin direction forecasting in Table 3 in all the observed
sub-periods, except for the first bearish period where direction accuracy was much
higher. Although Chen et al. (2020) point that it is easier for traders to make deci-
sions and follow direction forecasting and although it is shown to be more effective
in several research (Ji et al, 2019; Pabugcu et al., 2020), from this research one can
reach a conclusion that forecasting prices and returns incorporates much more data
and information than the simple direction forecasting.
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Table 4

OUT-OF-SAMPLE RMSE AND DM TEST FOR 4 SELECTED SUB-
PERIODS AND BITCOIN VOLATILITY WITH PARKINSON’S AND
GARMAN-KLASS VOLATILITY ESTIMATORS

Parkinson Garman-Klass
NNARX | 2 3 4 | 2 3 4
(k)
2 0.00827 | 0.00312 | 0.00916 | 0.00659 | 0.00798 | 000206 | 0.00249 | 0.00123
5 0.00833 | 0.00312 | 0.00847 | 000256 | 0.00926 | 000206 | 0.00256 | 000148
10 0.00683 | 0.00472 | 0.00324 | 0.00265 | 000729 | 0.00254 | 0.00273 | 0.00152
15 0.00886 | 0.00637 | 000341 | 000257 | 002600 | 000265 | 0.00290 | 0.00175
25 0.00895 | 0.00563 | 0.00385 | 0.00257 | 0.00809 | 000275 | 0.00284 | 000213
50 0.00904 | 0.00563 | 0.00485 | 0.00258 | 0.00907 | 0.00267 | 0.00305 | 0.00199
JNNX

© 1 2 3 4 1 2 3 4
2 0.00807 | 0.00424 | 000269 | 0.00248 | 0.00844 | 0.00275 | 0.00240 | 0.00202
5 0.00811 | 0.00424 | 0.00372 | 0.00296 | 0.00854 | 000275 | 000477 | 0.00400
10 0.00827 | 0.00669 | 0.00404 | 0.00574 | 0.00873 | 000261 | 0.00258 | 0.00224
15 0.00804 | 0.00217 | 0.00341 | 0.00161 | 0.00865 | 0.00339 | 000505 | 0.00525
25 0.00811 | 0.00243 | 0.00326 | 0.00203 | 0.00857 | 0.00397 | 0.00426 | 0.00484
50 0.00813 | 0.00241 | 0.00291 | 0.00166 | 0.00852 | 0.00275 | 0.00338 | 0.00364

| 2 3 4 | 2 3 4
GARCH 0.00694 | 0.00201 | 000326 | 0.00189 | 0.00906 | 0.00191 | 0.00349 | 0.00120
OPTIMAL NNAR | GARCH | NN JNN NNAR | GARCH | INN | GARCH

DM h=1
NNAR*JNN 172% | 10.73%%% | 378%** | QA42%*% | DAG¥** | 223%* 041 274wk
NNAR*GARCH | 022 8,00%** 0.08 3.88%k* 1.69* 0.62 2.97¥k% 0.28
JNN*GARCH 1.59 1.06 2.57%* 1.24 0.51 251%F | 348FFE | 2 60%%F
DM h=7
NNAR*JNN 1.83% | 605k | 380%kx | 20k | 2]2%* 147 0.51 1.98**
NNAR*GARCH 0.23 4.72%%% 0.04 144 1.89* 0.34 1.59 0.13

JNN*GARCH 2.17%% 0.70 1.13 0.53 1.13 2.04%* 1.56 2.51%*

Note: Sub-period defined based on Bai-Perron test, i.e. 1 - training (9.4.2016 - 27.11.2017), testing
(next 100 observations, i.e. until 7.3.2018); 2 - training (9.4.2016 - 24.12.2018), testing (next 100
observations, i.e. until 3.4.2019); 3 — training (9.4.2016 - 24.9.2019), testing (next 100 observati-
ons, i.e. until 2.1.2020); 4 — training (9.4.2016 - 9.7.2020), testing (next 100 observations, i.e. until
17.10.2020). k — number of hidden neurons. h — forecasting horizon of DM test of 1 and 7 days. * p
<0.1,** p <0.05, *** p < 0.01, where p is the p-value of DM test.

Source: the author in R
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Volatility forecasting is obtained with NNAR, JNN and GARCH models,
meaning that no additional exogenous inputs are used. The results of Parkinson’s
and Garman-Klass volatility estimators are compared to test the estimators and to
verify robustness of the results (Table 4). Only in period 2 for Parkinson’s volatility
estimator is GARCH model significantly better than NNs. For Garman-Klass esti-
mator GARCH is the optimal model in period 2 and 4, however it is significantly
better than JNN, but performs comparably well to NNAR model. For Parkinson’s
volatility NNAR model is the optimal for bearish market and JNN in bullish mar-
ket conditions as well in period 3 of relative stability. For Garman-Klass volatility
NNAR model is also the optimal one for bearish market and JNN in bullish mar-
ket conditions. However, GARCH models are not outperformed by the NN models,
as they have comparable results if DM test is included. The conclusion regarding
the stability of the results for volatility forecasting in general can be reached. Only
the first sub-period yielded higher RMSEs which can be explained by relatively
small sample size. The stability of the results no matter the estimator used is also
confirmed.

This research partially confirms the finding of Mantri et al. (2010) that there
is no difference in volatilities estimated with different GARCH-type and NN mod-
els. On the other hand, more research confirmed the ability of NNs in general to
capture the volatility effects overlooked by GARCH-type models leading to better
volatility forecasts (Donaldson and Kamstra, 1997; Mantri et al., 2012; Sarangi
and Dublish, 2013; Arneri¢ et al., 2014). Namely, the results depend on the sub-
period and the used NN model. Reasons behind twofold conclusions in literature
and in this paper should be further investigated while considering other NN-types
or modified structure of the proposed models as well as the inclusion of other ex-
ogenous inputs as in Walther et al. (2019). However, this can be explained by the
distinct features of cryptocurrencies as opposed to the behaviour of stocks, cur-
rencies and precious metals (Liu and Tsyvinski, 2018), as well as because of their
relative isolation from other financial and economic assets (Corbet et al., 2018).
The conclusion regarding GARCH model is that the traders, financial analysts and
economists may remain indifferent while choosing the model for the volatility
estimation and forecasting. That could be explained by Nybo (2021) who indicates
that the NNs should be used for predicting volatility of assets with low volatility
profiles, and GARCH models should be used when predicting volatility of medium
and high volatility assets like Bitcoin.

Finally, using lower number of hidden neurons in all the NN models is rec-
ommended, no matter the return, prices or volatility forecasting. NNs with up to
15 hidden neurons yield optimal results, while additional neurons lead to overfit-
ting problem. Using forecasting horizon of 1 or 7 days in DM test does not lead to
significant difference in the results and conclusions.
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5. CONCLUSION

This paper provides a comprehensive approach to Bitcoin price, returns and
volatility forecasting using NNAR and JNN while comparing them to the most
commonly used benchmarks, i.e. ARIMA and GARCH models. It incorporates
exogenous internal and external factors for return and price forecasting. For vola-
tility forecasting plain models are tested. The results are compared using different
performance measures while the robustness of the results is additionally verified
across different periods, including bearish, bullish and stable market conditions.
The results indicate using lower number of hidden neurons in all NN models yields
better results, while forecasting horizon of 1 or 7 days does not lead to significant
difference in the results and conclusions. However, the results are not unique and
unambiguous when considering price, returns, direction or volatility forecasting,
when comparing them using different performance measures and through differ-
ent periods. Namely, forecasting Bitcoin returns and volatility yields stable results
no matter the model and period observed. The exception is the first period with
stable but relatively higher RMSEs due to the small sample size and bearish period
On the other hand, forecasting Bitcoin prices yields unstable RMSEs but the best
prediction accuracies. The worst results are obtained with ARIMAX model for
return forecasting and with JNNX for price forecasting. On the other hand, due to
non-stationary time series of closing prices, the NNs could not predict well as op-
posed to ARIMAX model that performed well due to incorporated integration in
the model. Nevertheless, NNARX model was also successful in predicting Bitcoin
prices. In turbulent times, no matter the bearish or bullish period, both NN types
were successful in predicting Bitcoin returns, although NNARX performed sig-
nificantly better according to DM test in bullish market. When compared through
accuracy measure, the results indicate opposite, i.e. dominance of JNNX in bull-
1sh and stable market, and dominance of NNARX in bearish market. In terms of
accuracy for price prediction, NNARX outperformed the others in bearish and
stable market conditions, while ARIMAX dominated in bullish period. No matter
the estimator GARCH model can be seen as optimal in stable period, while NNAR
model dominates in bullish market. JNN also performs well in stable pre Covid
crisis periods for both estimators. However, the results among the models are com-
parable and not significantly different especially in stable and bullish periods. This
calls for further investigation in terms of the inclusion of more exogenous volatility
drivers.
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SVEOBUHVATAN PRISTUP PREDVIDPANJU BITCOINA POMOCU
NEURONSKIH MREZA

Sazetak

Ovaj rad pruza sveobuhvatan pristup predvidanju cijena, prinosa, smjera i vo-
latilnosti Bitcoina. Prediktivne sposobnosti ARIMA i GARCH modela se uspore-
duju s autoregresijskom 1 Jordanovom neuronskom mrezom (NM), koristeci unu-
tarnje 1 vanjske Cimbenike. Robusnost rezultata verificira se u uvjetima pada, rasta
1 stabilnosti trziSta. Rezultati nisu jednoznacni s obzirom na predvidanje cijena,
prinosa ili volatilnosti, te kada se usporeduju pomocu razlicitih mjera performansi
ili kroz razliCita razdoblja. NM opcenito su optimalne za predvidanje prinosa i
smjera, ARIMAX 1 NNARX za predvidanje cijena, dok za predvidanje volatilno-
sti svi modeli daju usporedive rezultate. Predvidanje cijena donosi najbolju to¢nost
predvidanja, dok JNNX imaju najloSije rezultate. Medutim, ukljucivanje drugih
metoda strojnog ucenja i/ili razli¢itih varijabli, kao 1 nedavne krize proizasle iz
ratnih okolnosti mogu se smatrati ograni¢avaju¢im ¢imbenicima.

Kljucne rijeci: ARIMA, Bitcon, COVID-19, GARCH, Jordanova neuronska
mreZa, autoregresijska neuronska mreza



