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This paper uses data sampled at hourly and daily frequencies to predict Bitcoin returns.
We consider various advanced non-linear models based on a multitude of popular
technical indicators that represent market trend, momentum, volume, and sentiment.
We run a robust empirical exercise to observe the impact of forecast horizon, model
type, time period, and the choice of inputs (predictors) on the forecast performance of
the competing models. We find that Bitcoin prices are weakly efficient at the hourly
frequency. In contrast, technical analysis combined with non-linear forecasting models
becomes statistically significantly dominant relative to the random walk model on
a daily horizon. Our comparative analysis identifies the random forest model as the
most accurate at predicting Bitcoin. The estimated measures of the relative importance
of predictors reveal that the nature of investing in the Bitcoin market evolved from
trend-following to excessive momentum and sentiment in the most recent time period.
© 2021 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.
1. Introduction

The recent literature documents that one of the main
rivers of Bitcoin fluctuations has been a series of specu-
ative bubbles (Adcock & Gradojevic, 2019; Cheah & Fry,
015; Corbet et al., 2018; Geuder et al., 2019; Hafner,
018; Hencic & Gouriéroux, 2015). To illustrate the ex-
reme nature of Bitcoin volatility, it is worthwhile to
ote that from 2013 to 2017 its price surged by al-
ost 2800%, reaching a peak of US$19,783 in December
017, and then it plunged to nearly US$3,000 in sub-
equent months. Surprisingly, in 2019, the Bitcoin price
ebounded and climbed above US$10,000. The volatile
ature of Bitcoin returns has experienced additional chal-
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lenges from increased government regulation of crypto-
assets (e.g., China and Russia), which inserted more
uncertainty into Bitcoin trading.1

Such excessive price movements marked by persis-
tence and structural breaks (Bouri et al., 2019a; Thies &
Molnár, 2018) make forecasting Bitcoin/U.S. dollar
(BTC/USD) exchange rates a formidable task. Moreover,
given that traditional fundamental variables used in asset
valuation (e.g., financial statements) are not available for
Bitcoin, the panel of potential predictors in a Bitcoin
forecasting model shrinks substantially. Typically, when
fundamental analysis is not feasible, scholars and prac-
titioners resort to technical analysis (Kaucic, 2010) or
autoregressive time-series econometric models such as
autoregressive integrated moving average (ARIMA)- or
generalized autoregressive conditional heteroscedasticity
(GARCH)-type models. The latter models may
include external variables (e.g., the ARMAX model) and,

1 Quite recently, based on the multifractal spectrum and generalized
Hurst exponent analyses, Kukacka and Kristoufek (2020) emphasized
higher complexity in Bitcoin prices relative to the S&P 500 index.
r B.V. All rights reserved.
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for the purpose of Bitcoin forecasting, previous studies
proposed the following predictors: stock market returns,
exchange rates, gold and oil returns, interest rates, in-
ternet trends (Baur et al., 2018; Dyhrberg, 2016; Kang
et al., 2019; Panagiotidis et al., 2018), blockchain informa-
tion (Jang & Lee, 2018), news surprises (Gronwald, 2015),
money supply and internet searches (Kristoufek, 2015),
market and investor sentiment (Baig et al., 2019; Karale-
vicius et al., 2018), trading volume (Balcilar et al., 2017;
Bouri et al., 2019b), economic policy uncertainty (Demir
et al., 2018), macroeconomic factors (Polasik et al., 2015),
and the VIX (Adcock & Gradojevic, 2019).2

Only a select few papers performed technical analysis
of Bitcoin prices. Recently, Corbet et al. (2019) tested
the profitability of the moving average and the trad-
ing range break-out technical indicators in the Bitcoin
market at the one-minute frequency. The results from
this study were mixed and generally inconclusive. Sim-
ilarly, Nakano et al. (2018) assessed the profitability of
a deep learning artificial neural network (D-ANN) model
with technical indicators over the 2016–2018 period. The
Bitcoin forecasts were generated at a 15-minute horizon
and the trading strategy combined more technical indi-
cators than Corbet et al. (2019). They found that certain
technical trading strategies were able to yield positive ex-
cess returns relative to the buy-and-hold strategy, while
assuming realistic transaction costs. As a complementary
study, Adcock and Gradojevic (2019) employed an ANN
model with technical indicators and produced forecasts
at a daily horizon on the 2011–2018 data span. The ev-
idence from this work indicated that backpropagation
ANNs dominated various competing models in terms of
their point and density forecast accuracy.3

Another strand of literature concerns the application
of ANNs and related non-linear techniques in Bitcoin
forecasting and trading. In an influential study that was
methodologically related to Adcock and Gradojevic (2019)
and Nakano et al. (2018), Atsalakis et al. (2019) concep-
tualized a neuro-fuzzy trading system with lagged Bitcoin
prices taken as the model’s inputs. Their model improved
upon the buy-and-hold strategy not only in Bitcoin daily
trading but also for other cryptocurrencies. Related to
this contribution, Lahmiri and Bekiros (2019) relied on
an (autoregressive) D-ANN model to demonstrate its ef-
fectiveness at forecasting daily returns on Bitcoin, Digital
Cash, and Ripple. Jang and Lee (2018) were among the
first scholars to utilize ANNs for the time-series modeling
and forecasting of Bitcoin. Their work used daily data
for non-technical trading predictors (blockchain informa-
tion, stock market indices, exchange rates, commodity
prices) and identified Bayesian ANNs as the most ap-
propriate model for predicting the Bitcoin prices. In the
same vein, Kristjanpoller and Minutolo (2018) proposed a
variety of hybrid ANN-GARCH-type models to forecast the
volatility of BTC/USD exchange rate returns. The forecast

2 An excellent overview of the up-to-date research on cryptocur-
rencies can be found in Petukhina et al. (2020).
3 Similar recent research efforts that demonstrated the usefulness

of technical analysis in BTC/USD trading include (Gerritsen et al.,
2020), Huang et al. (2019), and Miller et al. (2019).
2

superiority of different model variants was confirmed for
the horizons of 10, 22, and 44 days.

The current paper complements and extends the pre-
vious contributions.4 First, we focus on the statistical
nd directional values of Bitcoin forecasts based on an
xtensive panel of popular technical indicators that have
ot been covered before. Second, to understand how our
roposed model forecasts intraday and interday, the tech-
ical predictors were constructed on both an hourly and
daily basis. For this purpose, we utilize the most re-

ent data set of BTC/USD observations (2015–2019) and
nalyze the impact of market regimes—as reflected in the
nformativeness of individual technical indicators—on the
odel’s forecast performance. More importantly, since we
oncentrate on technical indicators that represent mar-
et trend, momentum, sentiment, and volume, our ap-
roach uncovers certain time-series, stylized facts about
TC/USD exchange rate fluctuations that might be of value
o investors, government policymakers, and regulators.
n contrast, the complexity of other studies (e.g., Corbet
t al., 2019; Jang & Lee, 2018, and Nakano et al., 2018)
recludes such lessons because it is difficult to interpret
heir results economically. In order to identify the nature
f Bitcoin ‘‘market regimes’’, we quantify the relative im-
ortance of technical trading predictors over sequential
ime periods by using the methods of pseudo-weights (Qi
Maddala, 1996) and feature importance in the ran-

om forest model. Such quantitative assessment of each
redictor’s non-linear importance in the models is what
lso distinguishes our paper from the extant work in the
ield. Finally, we assess the statistical significance of the
orecast improvements produced by advanced non-linear
odels (feedforward D-ANN, support vector machine, and

andom forest), relative to the benchmark models (ran-
om walk, ARMAX). To the best of our knowledge, such
n exhaustive and robust empirical analysis that com-
ines technical indicators and sophisticated (deep learn-
ng) modeling techniques on both intraday and interday
ata has not been undertaken in the relevant hitherto
iterature.5

Our findings can be summarized as follows: (1) when
ata are sampled at a daily frequency, D-ANN and the ran-
om forest models based on technical indicators produce
tatistically significant out-of-sample forecast improve-
ents for BTC/USD exchange rate returns, relative to the
enchmark models (random walk and ARMAX); (2) when
ata are sampled at an hourly frequency, the Bitcoin mar-
et is generally efficient in the weak sense, irrespective
f time period tested; (3) the degree of predictability of
ourly BTC/USD exchange rate returns is closely related to

4 This paper can also be seen as a continuation of the exchange
rates literature (see, e.g., Dooley & Shafer, 1984; Menkhoff, 1997, 2010;
Taylor & Allen, 1992) that explores the value of technical indicators for
classical currency pairs.
5 Our work also nicely complements the very recent contribution

by Chen et al. (2021) that relies on a completely different set of
predictors, such as blockchain information and macroeconomic and
financial time series. Although certain non-linear methods used in Chen
et al. (2021) are similar to the current paper, their research is focused
only on daily data, whereas the economic interpretation of their results
is not analyzed.
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market volatility (i.e., market regime); (4) the statistical
importance of predictors of hourly BTC/USD exchange
rate returns depends on a market regime; and (5) the
Bitcoin market was driven primarily by its trend and
momentum during the 2015–2017 period, while the last
couple of years have been dominated by the psychological
tendencies of the market (fear, greed, Google searches,
and volume).

The structure of this paper is as follows: Section 2
eviews the applications of ANN-based models in finance
nd presents the methods employed for our forecasting
xercises; Section 3 describes the data; Section 4 lays out
he results; and the final section concludes the paper and
uggests a further research agenda.

. Methodology

.1. ANNs in finance

The poor forecast performance of many linear financial
odels (see, e.g., Hsieh, 1989) has stimulated increased
cholarly interest in non-linear models such as ANNs. In
seminal paper, Hornik et al. (1989) established that
ultilayer feedforward ANNs represent a class of univer-
al functional approximators. This spurred further stud-
es that tackled financial applications of ANNs. Refenes
nd Azema-Barac (1994) investigated ANN applications
n financial asset management. Wittkemper and Steiner
1996) studied systematic risk for German stocks with
NNs. Donaldson and Kamstra (1997) constructed a semi-
arametric non-linear GARCH model based on feedfor-
ard ANNs to forecast the volatility of stock returns. In
echnical analysis applications, Hans and van Griensven
asper (1998), Gençay and Stengos (1998), and Fernández-
odríguez et al. (2000) indicated that utilizing past buy–
ell signals of foreign exchange rates and stock prices
n a feedforward ANN improves profitability and out-
f-sample generalizations. Franses and Draisma (1997)
roposed a method based on ANNs to investigate when
nd how seasonal patterns in macroeconomic time series
hange over time. Yang et al. (1999) used probabilistic
NNs in bankruptcy prediction. Blake and Kapetanios
2000) proposed a test for ARCH that uses ANNs. Heine-
ann (2000) investigated how adaptive learning of ra-

ional expectations may be modeled with the help of
NNs. In the pricing of option contracts, Hutchinson et al.
1994), Garcia and Gençay (2000), and Gradojevic et al.
2009) demonstrated that feedforward ANNs can be suc-
essfully used to estimate a pricing formula for options,
ith good out-of-sample pricing and delta-hedging per-

ormances.
In more recent works, Zhang and Qi (2005) found

hat ANNs were unable to model time-series seasonal-
ty directly and that ignoring seasonal or trend patterns
ould result in poor forecasting accuracy. Fischer and
rauss (2018) and Krauss et al. (2017) relied on D-ANNs
nd several other non-linear models to predict directional
ovements and test the profitability of the constituent
tocks of the S&P 500 index. Furthermore, various trad-
ng and portfolio selection strategies that involve ANNs
ere examined by Bekiros and Georgoutsos (2008), Ad-
ock (2010), Sermpinis et al. (2013), and Sermpinis et al.
3

(2021). Also, Geppert et al. (2010) investigated the prob-
ability of the deletion of a firm from the S&P 500 index
in an ANN-guided framework, while Mselmi et al. (2017)
used ANNs in the context of financial distress prediction.6

2.2. Feedforward deep artificial neural network (FF-D-ANN)

To explain the concept of an FF-D-ANN model, we
assume that Bitcoin returns at time t + 1 (BRt+1) are
orecasted by k predictors (or inputs) that are represented
y technical indicators (xit , i = 1, . . . , k), and that this

mapping is a non-linear function (φ) whose parameters
will be estimated (i.e., BRt+1 = φ(x1t , x2t , . . . , xkt )). The
parameters are called connection weights (αij and βj) and
node biases (αj0 and β0). Fig. 1 shows the structure of an
FF-D-ANN model that is used to approximate the non-
linear mapping. It consists of three building blocks: the
input layer (where predictors are fed into the model),
hidden layers (where the functional approximation or
learning takes place), and the output layer (where the
Bitcoin prediction is generated).

If we initially assume that the model architecture in-
volves only one hidden layer with q computational ele-
ments (nodes or neurons), the FF-D-ANN model is esti-
mated as

BRt+1 = φ

(
β0 +

q∑
j=1

βjψ

(
αj0 +

k∑
i=1

αijxit
))

(1)

In this example, q is the number of hidden nodes,
where the single hidden and the output layers are char-
acterized by two flexible classes of non-linearities: ψ and
φ, respectively. αij and βj denote appropriate connection
weights between the adjacent layers. Subscripts 0 for
α and β stand for the biases. When it contains multi-
ple hidden layers, this model is also called a multilayer
perceptron (MLP). In such a case, Eq. (1) becomes more
complex with more non-linearities nested in each other.
Nevertheless, the logic of transforming inputs into each
node by taking their weighted average, adding biases, and
non-linearly transforming the sum (that is passed forward
to the subsequent layer’s nodes) still applies. It is worth-
while to stress that a multilayered model structure with at
least two hidden layers is what facilitates ‘‘deep learning’’
in practical applications (Lahmiri & Bekiros, 2019). In our
model design, we rely on complex D-ANN models that
are able to extract the predictive information from a large
number of inputs (lagged technical indicators), while uti-
lizing a deep structure in the hidden layers with a large
number of hidden nodes.

The training algorithm is Adam, a deep learning first-
order gradient-based optimizer based on adaptive esti-
mates of lower-order moments. It is computationally ef-
ficient and suitable for large data sets with many param-
eters to estimate. The default parameters follow those
provided by Kingma and Ba (2015). The activation func-
tion types used in the hidden layers are sigmoid, with
the linear function in the output layer. To control for

6 Please refer to Tkáč and Verner (2016) for an extensive survey of
ANNs in business.
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Fig. 1. Feedforward deep learning artificial neural network (FF-D-ANN) model. Notes: The FF-D-ANN forecasting model is a non-linear mapping
from the inputs or predictors (k technical indicators sampled at time t: xkt ) to the output (BTC/USD exchange rate returns sampled at time t + 1:
Rt+1). The model, also known as a multilayer perceptron (MLP), is generally composed of three segments: an input layer, multiple hidden layers,
nd an output layer. Each circle is a computational element or node (‘‘neuron’’) that is connected to all other nodes in adjacent layers by connection
eights. Computational elements take a weighted average of its inputs, add a parameter (node bias), non-linearly transform the sum, and pass it to
ubsequent layers.
verfitting, we use a 10% dropout. Validation data are
sed to select the optimal model architecture. The model
ill set apart 10% of the training data, will not train on it,
nd will evaluate the loss (i.e., mean-squared error) and
ny model metrics on this data at the end of each epoch.
f, during the last five epochs, the monitored quantity
validation loss) has no improvement, the training will be
topped.

.3. Support vector machine (SVM) model

An SVM is a supervised learning model for prediction
nd classification, introduced by Vapnik (1999). The basic
dea of this algorithm applied for a non-linear regression
roblem (i.e., SV regression—SVR) can be described by
wo steps: (a) transform training samples into a space
f higher dimension using a non-linear mapping func-
ion; and (b) perform linear regression in the space of
igher dimension in order to separate the data samples.
ransforming data from the original to the new (higher-
rder) feature space is performed using a predetermined
ernel function. The kernel function is defined as the dot
roduct of input vectors (xit , i = 1, . . . , k) from the orig-

inal space. It is assumed that the kernel function enables
computations of points in the new feature space without
explicitly calculating the unknown non-linear mapping
(φ(x1t , x2t , . . . , xkt )). In this implementation, we employ a
second-order polynomial for the form of the initial kernel
function (K (xt , x)). This function can be redefined by a
normalization, as given by the following expression:

K (xt , x) =
K (xt , x)

√ (2)

K (xt , xt )K (x, x)

4

The normalization of the kernel function can be viewed
as a simultaneous rescaling of data rows and columns to
obtain a matrix with all diagonal entries set to one (Graf &
Borer, 2001). In the second step of the SVR algorithm, we
perform data separation by constructing linear regression
in the higher-dimensional feature space:

f (x) = ωTφ(x) + b, (3)

where f (x) represents regression model function regarded
as a hyper-plane in the new feature space, ω represents
the weight vector of a hyper-plane, and b is a bias term.
This SVR model is formulated as a convex programming
problem. The optimization goal is to determine the trade-
off between the flatness of f (x) while making sure that
it has at most an ϵ deviation between the obtained tar-
gets and training data outputs. This means that the loss
function ignores any training data close to the model
prediction. In our work, we use the SVR implementation
given by Shevade et al. (2000). The ϵ parameter of the
ϵ-insensitive loss function is set to 0.001.

2.4. Random forest (RF) model

A random forest (RF) is an ensemble machine learn-
ing technique introduced by Breiman (2001). It consists
of a collection of regression trees whose averaged out-
puts determine the final prediction of the ensemble. RF
learning is based on an extension of bootstrap aggrega-
tion (bagging) using random features subspace selection.
Through a bagging procedure, each tree in the ensem-
ble has randomly selected portions of training samples
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(with replacement) from the original data set. However, in
order to avoid possible correlations between constituent
random trees and enhance the estimation performance
of the RF model, the idea of a random features subspace
is introduced. As a result, each tree is grown on the
basis of a randomly chosen input subset. For each node,
the splitting algorithm searches over a subset of selected
features to determine the best split point. The algorithm
continues splitting new nodes until a stop criterion is
reached, e.g., when the number of instances of the node
is less than a preset number. The RF growth during the
learning process is determined by two parameters: the
size of the features subset used in each regression tree,
and the number of trees that form the forest. In our
implementation, we select the features subset size as the
first integer lower than log2k + 1, where k is the number
of inputs (xit , i = 1, . . . , k), while 100 trees were adopted
to build the RF structure.7

In the process of constructing each decision tree by
plitting its nodes into descendant ones, the RF learn-
ng algorithm uses the classification and regression trees
CART) learning algorithm (Breiman et al., 1984), which
dopts the Gini index as the impurity-based measure
classification), or a ‘‘goodness of fit’’ measure (regres-
ion). In the regression context, a typical splitting crite-
ion is the sum of squared residuals at the node where
he optimal cut-off point is determined on the basis of
n evaluation of splits between every distinct pair of
onsecutive values. For a given input vector x, the final
RF regression prediction f̂ (x) represents the unweighted
average of the predictions of all regression trees:

f̂ (x) =
1
J

J∑
j=1

ĥj(x), (4)

where ĥj(x) is the predicted output of the jth regression
tree (j = 1, . . . , J). The sum of squared residuals calcu-
lated when constructing regression trees can be associ-
ated with each input feature at each split in a regression
tree and used to measure the amount of variance. That
is, computing the sum of the variance reductions across
all splits in each tree and averaging this measure across
all trees in the RF gives the value of relative importance
of an input feature. The features with the largest average
variance reduction are considered the most important.
Feature importance in the form of variance reduction is
commonly used to identify the contribution of individual
predictors toward explaining the output of the RF predic-
tion model. Such an approach will assist us in obtaining
the economic interpretation of our results.

3. Data

We obtain our data from the Bloomberg Terminal and
use the hourly sampling frequency for the BTC/USD ex-
change rate at time t (Bt ). The data set spans the pe-
riod from May 11, 2015 to March 7, 2019 (excluding

7 We do not empirically restrict the maximum depth of the tree,
because we find that the RF model’s forecast performance is not
sensitive to reasonable choices such as 10 or 20 levels.
5

weekends8). We construct hourly returns by taking the
natural log-difference of Bt : BRt = ln(Bt ) − ln(Bt−1), t =

, . . . , 24, 517, for a total of 24,517 observations. Fig. 2
isplays the hourly Bt data, along with structural break
oints (denoted by solid red lines) identified by sequen-
ially applying the Zivot–Andrews test (Zivot & Andrews,
992) on the subsets of data. The break points between
he five Bitcoin market regimes are visually sensible and
re located on the following dates: November 4, 2015;
une 12, 2017; December 17, 2017; and November 14,
018. It is worthwhile to note that these breaks represent
he emergence of substantial drops in the Bitcoin price
hat are attributed to the rising interest in Ethereum
June 12, 2017) and the possibility of stricter worldwide
overnment regulation (December 17, 2017).
Table 1 reports the summary statistics for the hourly

TC/USD exchange rate returns across the subsamples.
everal important differences between the five subsam-
les can be observed. First, the average return is positive
nd increasing over the first three subsamples, and then it
ecomes negative following the bubble burst on Decem-
er 17, 2017. The standard deviation of returns, depicted
n the bottom panel of Fig. 2, is lower for the first two
ubsamples, but, after it almost doubles in subsample 3,
t gradually declines, remaining relatively high until the
ample is exhausted. In addition, excess kurtosis can be
ound in all subsamples, which indicates the ‘‘extreme’’
ature of Bitcoin trading. The skewness coefficient in-
reases from excess (negative) skewness in subsample
to a slightly positive value (0.3037) in subsample 3,
hich can be interpreted as a growing Bitcoin optimism

n the period before the crash. The sign of the skewness
oefficient reverts back to negative values in subsamples
and 5.
The daily data set covers the period from April 1, 2013

o June 28, 2019. The sample size of BTC/USD exchange
ate returns, while controlling for the availability of tech-
ical indicators, is 1529 observations. The average daily
itcoin return is 0.00314 (median value: 0.00227) and the
tandard deviation is 0.05348 or 5.348%. The skewness
oefficient is close to zero (−0.0044) and the sample
xhibits excess kurtosis (25.24). The hourly and daily data
re divided into estimation or training data (90%) and
ut-of-sample or testing data (10%). The training part of
ach sample and subsample is, chronologically, the first
0% of the data, while the testing observations are taken
s the most recent (i.e., chronologically last) 10% of the
ata. For model calibration (validation), we use 10% of the
stimation data.
As indicated above, the predictors are a set of the most

epresentative and popular technical indicators that are
isted in Table 2.9 They are defined as follows (Kirkpatrick
Dahlquist, 2016):

8 Bitcoin markets experience periods of very low activity on week-
ends (Petukhina et al., 2020). Moreover, on certain weekends, Bitcoin
price movements follow the so-called ‘‘Bart Simpson’’ trading pattern,
when the price climbs on Friday, remains stable for the weekend, then
dips on Monday. Source: BNN Bloomberg.
9 Searching for an ‘‘optimal’’ non-linear model specification based

on technical indicators is beyond the scope of the current paper and is
thus left for future research. Rather, the intention is to demonstrate
that technical analysis combined with complex non-linear models
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Fig. 2. BTC/USD exchange rate and volatility of returns. Notes: The data are hourly (May 11, 2015 to March 7, 2019). Top panel: BTC/USD exchange
rates (24,523 observations). Bottom panel: Volatility of the BTC/USD exchange rate returns (24,523 observations). Vertical red lines indicate break
points found sequentially according to the Zivot–Andrews test for structural breaks (Zivot & Andrews, 1992). (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)
Table 1
Summary statistics for hourly BTC/USD exchange rate returns.
Variable Obs. Mean Median Std. Dev. Min Max Skewness Kurtosis

BTC/USD returns

Subsample 1 3,091 0.00021 0.00008 0.00670 −0.1342 0.0708 −2.3139 80.63
Subsample 2 10,288 0.00017 0.00018 0.00772 −0.1562 0.1290 −1.0011 64.96
Subsample 3 3,286 0.00056 0.00068 0.01284 −0.1521 0.1435 0.3037 25.50
Subsample 4 5,845 −0.00018 −0.00002 0.01128 −0.1356 0.1078 −0.3250 21.91
Subsample 5 2,007 −0.00023 0.00005 0.00954 −0.1418 0.0690 −1.3817 38.40

Notes: Subsample 1 is from May 11, 2015 to November 4, 2015 (3098 observations), subsample 2 is from November 4, 2015 to June 12, 2017
(10,288 observations), subsample 3 is from June 12, 2017 to December 17, 2017 (3286 observations), subsample 4 is from December 17, 2017 to
November 14, 2018 (5,845 observations), and subsample 5 is from November 14, 2018 to March 7, 2019 (2003 observations).
1. Moving Average Crossover. Let mn
t denote the time

t value of a moving average rule of length n. Conse-
quently, mn

t is calculated by mn
t = (1/n)

∑n−1
i=0 Bt−i,

when t ≥ n. Then, the moving average crossover
indicator is MA(n1, n2) = mn1

t − mn2
t , where n1

and n2 are the short and the long moving averages,
respectively. When the crossover indicator becomes
positive (negative), a potential positive (negative)
trend change is signaled. The rules used in this paper

can be useful for forecasting and identifying the underpinnings of
Bitcoin fluctuations. In some preliminary exercises, recursive forecast-
ing schemes and more parsimonious non-linear model architectures
already showed promise.
6

are given in Table 2. Such combinations of n1 and n2
were found to be profitable in the technical trading
literature (e.g., Gençay & Stengos, 1998).
2. Moving Average Convergence-Divergence: MACD2.
The MACD represents the difference between the
12- and 26-period exponential moving averages
(EMAs). The Signal is a 9-period exponential mov-
ing average of the MACD. MACD2(12,26,9) is the
difference between the MACD and the Signal. Essen-
tially, as the Signal line crosses above (below) the
differential, the interpretation is made that the price
pattern is entering a new phase of positive (nega-
tive) acceleration. The EMA of length n at time t is
recursively calculated as EMAn

= k(B − EMAn ) +
t t t−1



N. Gradojevic, D. Kukolj, R. Adcock et al. International Journal of Forecasting 39 (2023) 1–17
Table 2
Technical indicators (predictors).
Technical indicator Interpretation

Moving Average Crossover: MA(1,50) Trend
Moving Average Crossover: MA(1,200) Trend
Moving Average Crossover: MA(5,200) Trend
Moving Average Crossover: MA(2,200) Trend
Moving Average Crossover: MA(1,150) Trend
Moving Average Convergence-Divergence: MACD2(12,26,9) Momentum
Rate of Change: ROC(10) Momentum
Rate of Change: ROC(50) Momentum
Rate of Change: ROC(200) Momentum
Relative Strength Index: RSI(14) Momentum
Relative Strength Index: RSI(20) Momentum
Relative Strength Index: RSI(50) Momentum
Stochastics/Williams%R: WLPR(14) Momentum
Stochastics/Williams%R: WLPR(20) Momentum
Stochastics/Williams%R: WLPR(50) Momentum
On-Balance-Volume: OBV(20) Volume/market sentiment
On-Balance-Volume: OBV(50) Volume/market sentiment
On-Balance-Volume: OBV(100) Volume/market sentiment
Fear & Greed: FG(4) Market sentiment
Fear & Greed: FG(10) Market sentiment

Notes: The first column specifies the predictors (inputs) that are used in the forecasting models. The
numbers in the parentheses represent the total number of past periods (data points) used in the
calculation of technical indicators. The second column explains what each technical indicator measures.
‘‘Trend’’ is a directional movement of prices that remains in effect long enough to be identified and
exploited; ‘‘momentum’’ measures percentage changes in the price movements over a period of time;
‘‘volume’’ measures how anxious traders are to establish or close out their positions; ‘‘market sentiment’’
assesses the prevailing psychological tendencies of the market.
EMAn
t−1, where k is the smoothing constant and t ≥

n. A simple mn
t is used for the first period’s EMA

calculation.
3. Rate of Change. Similar to the MACD2, the rate
of change (ROC) is a momentum indicator. It mea-
sures how much a price has changed over a given
number of past (n) periods. It is calculated at time
t as ROCn

t = (Bt − Bt−n)/Bt−n (for t ≥ n). A
steadily increasing ROC above the zero line indicates
increasing momentum. We utilize short- (ROC10

t ),
intermediate- (ROC50

t ), and long-term (ROC200
t ) mo-

mentum measures as predictors.
4. Relative Strength Index. This is another momentum
indicator that is based on the ratio of the aver-
age ‘‘up’’ movements to the average ‘‘down’’ move-
ments over a period of time (n periods). It is defined
(at time t) as RSInt = 100 − [100/(1 + [AUPSnt /
ADOWNSnt ])], where AUPSnt (ADOWNSnt ) is a simple
mn

t of the up (down) movements in Bt over the past
n periods (for t ≥ n). When RSI > 70, this indi-
cates an overbought condition, and when RSI < 30,
this is an oversold condition. Based on Kirkpatrick
and Dahlquist (2016), we use the ROC14

t , ROC20
t , and

ROC50
t that are supposed to perform well over the

short to medium term.
5. Stochastics/Williams%R. This is a momentum indi-
cator that can be thought of as an inverted stochas-
tic oscillator. The Williams%R compares the current
close with the high that occurred during the time
window of n periods. Thus, the formula for the
Williams%R at time t (for t ≥ n) is as follows:
WLPRn

t = [(max(Bt , . . . , Bt−n+1) − Bt )/(max(Bt , . . . ,
Bt−n+1) − min(Bt , . . . , Bt−n+1))] × 100. When the
indicator is between −20 and zero the price is over-

bought, and when the indicator is between −80 and

7

−100, the price is oversold. We apply the same logic
as for the RSI and construct WLPR14

t , WLPR20
t , and

WLPR50
t for the Bitcoin predictors.

6. On-Balance-Volume. This is a volume indicator that
measures how anxious traders are to establish or
close out their positions (Neely et al., 2014). The on-
balance-volume (OBV n

t ) indicator at time t (for the
previous n time periods, when t ≥ n) is calculated
in the following manner: if Bt > Bt−1 (Bt < Bt−1), the
current Bitcoin volume is added to (subtracted from)
the cumulative total. In theory, OBV n

t changes should
precede price changes. We focus on the short- to
medium-term Bitcoin movements and add OBV 20

t ,
OBV 50

t , and OBV 100
t to the set of predictors.

7. Fear & Greed. This technical indicator assesses
the prevailing psychological tendencies of the mar-
ket. Fear & Greed (FG) is a proprietary indicator
from Bloomberg calculated in a way that it oscil-
lates around a zero base line. Positive (negative)
values of the indicator identify when price volatility
is supporting a bullish (bearish) trend. There is a
sensitivity factor used to smooth out the oscillator.
Higher numbers (7–10) are used for longer-term
analysis, and lower numbers (2–4) as a shorter-term
indication. We use FG(4) and FG(10) as our predic-
tors.

We complement the set of 20 technical indicators from
Table 2 with two additional predictors: global spot Bitcoin
volume, and the Google search trend index. The volume
of Bitcoin transactions is defined as all worldwide trans-
actions valued in U.S. dollars. The Google search trend
index was constructed from the worldwide Google search

trend history with the keyword ‘‘Bitcoin’’. Both inputs
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Table 3
Augmented Dickey–Fuller (ADF) unit root t-tests.
Variable (hourly) t-stat Lags(f) Variable (daily) t-stat Lags(f)

BRt (BTC/USD returns) −49.420* 9 BRt (BTC/USD returns) −11.342* 7
MA(1,50) −21.946* 19 MA(1,50) −5.567* 18
MA(1,200) −8.197* 8 MA(1,200) −3.807** 16
MA(5,200) −11.596* 19 MA(5,200) −3.768** 48
MA(2,200) −9.616* 20 MA(2,200) −3.858** 15
MA(1,150) −9.268* 29 MA(1,150) −3.174*** 16
MACD2(12,26,9) −35.489* 9 MACD2(12,26,9) −8.681* 19
ROC(10) −22.350* 49 ROC(10) −5.068* 32
ROC(50) −12.418* 59 ROC(50) −5.035* 9
ROC(200) −7.987* 19 ROC(200) −3.974* 41
RSI(14) −23.147* 9 RSI(14) −6.354* 1
RSI(20) −20.096* 9 RSI(20) −5.380* 1
RSI(50) −13.560* 9 RSI(50) −3.571** 1
WLPR(14) −27.634* 25 WLPR(14) −9.562* 1
WLPR(20) −25.946* 25 WLPR(20) −8.106* 1
WLPR(50) −20.543* 24 WLPR(50) −4.883* 1
FG(4) −34.562* 9 FG(4) −9.451* 18
FG(10) −23.056* 9 FG(10) −7.388* 19
Google search trend −4.168* 70 Google search trend −4.499* 9
Bitcoin volume −17.968* 46 Bitcoin volume 39.090* 0
OBV(20) changes −29.055* 39 OBV(20) changes −11.197* 9
OBV(50) changes −28.681* 70 OBV(50) changes −10.718* 19
OBV(100) changes −22.768* 70 OBV(100) changes −12.076* 9

Notes: The critical values are: *−3.960 (1%), **−3.410 (5%), ***−3.120 (10%).
were measured over a period of time (hourly and daily)
and they were included based on their predictive power
documented by Panagiotidis et al. (2018) and Balcilar
et al. (2017). We consider them global market sentiment
indicators.

Lastly, following a referee’s recommendation,10 we
perform standard Dickey–Fuller unit roots tests on all
variables, based on the entire data set. Some technical
indicators are computed from the levels of the BTC/USD
exchange rate and this might lead to troublesome non-
stationary predictors. If some of the predictors are found
to be non-stationary, transforming them to achieve sta-
tionarity could be a viable option to solve the problem.

Table 3 displays the augmented Dickey–Fuller (ADF)
unit root t-test statistics, along with their optimal lag
orders for each predictor. For the majority of cases, the
null hypothesis of non-stationarity is rejected at the 1%
significance level and there is no need to transform any
of the predictors. It is important to stress that the OBV
technical indicator is by definition considered in first dif-
ferences and is stationary as such. Also, to our knowledge,
the predictors did not undergo any revisions during their
construction and visual data inspection did not show any
jumps or inconsistencies.

4. Empirical results

4.1. Hourly data

We run our predictive models based on the data break-
down from Table 1. Our goal is to compare the forecast
performance of the competing models (FF-D-ANN, SVM,
RF, RW, and ARMAX) on each subsample; that is, we
attempt to link the accuracy of out-of-sample predictions

10 The authors are grateful to Amir Atiya (Editor), the Associate
Editor, and an anonymous referee for their very useful comments.
8

of BTC/USD exchange rate returns to the temporal regimes
of the market. The random walk (RW) model is specified
as follows:

BRt = α + ϵt , ϵt ∼ ID(0, σ 2), (5)

where BRt denotes the BTC/USD exchange rate log-returns.
We generally set α = 0, except when we have to assess
the directional accuracy of the RW model, because a
‘‘driftless’’ RW model always predicts a zero return.

The optimal model architecture (obtained from the
validation data) for the FF-D-ANN model is ‘‘22–100–
30–10–1’’, i.e., three hidden layers with 100, 30, and 10
neurons, respectively.11 The RF and SVM models were
specified as explained in Section 2. Table 4 shows the sta-
tistical accuracy reflected in the mean squared prediction
error (MSPE) values as well as the directional accuracy
(Sign)12 of the models that were tested on out-of-sample
data.

What immediately stands out in Table 4 is the rel-
ative inability of all non-linear models to statistically
significantly improve upon the random walk model. This
is generally the case when both forecast performance
criteria are considered in all subsamples. Hence, it can
be concluded that the Bitcoin market is efficient in the
weak sense at the hourly time horizon. We conjecture
that intraday data are potentially subject to jumps, intra-
day periodicity, and microstructure noise, leading to poor
forecasts of the BTC/USD exchange rate returns
(Banulescu-Radu et al., 2016). A few interesting stylized

11 This choice of architecture also worked well on the daily data.
Additional adjustments to the number of neurons and layers did not
produce any significant forecast improvements.
12 We calculate the Sign statistic ex-post as the percentage of
correctly forecasted directions of exchange rate movements, on the
basis of the forecasts for the returns and the actual out-of-sample
returns.
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Table 4
Comparison of predictive models (hourly data).

Subsample:
(MSPE)
(Sign)

1 2 3 4 5 All data

FF-D-ANN 13.123 11.616 32.379 1.185 1.525 11.276
52.75 46.64 47.25 49.48 49.25 48.38

SVM 14.060 11.874 34.422 1.136 1.396 11.754
24.59 40.33 49.08 22.94 24.37 34.06

RF 17.839 52.847 32.379 1.450 1.651 29.246
37.21 42.85 43.90 35.78 35.32 39.98

RW 13.200 11.597 31.988 1.109 1.320 11.190
59.54 56.85 55.62 48.54 50.24 54.50

ARMAX(1,1) 14.035 13.118 31.918 1.137 1.411 11.939
51.78 52.77 60.18 46.66 46.76 51.69

Notes: The predictive performance is observed for the last 10% hourly
observations of each subsample as specified in Table 1. The Sign [%] and
MSPE (×10−5) statistics are used for the out-of-sample (testing) data.
The top entry in each cell is the MSPE, with the Sign statistic reported
below it. We list both statistics for each competing model across five
subsamples (1, 2, . . . , 5) and the total sample (All data). The models
hat are considered are (1) Feedforward Deep Artificial Neural Network
FF-D-ANN), (2) Support Vector Machine (SVM), (3) Random forest (RF),
4) the random walk (RW) model, and (5) ARMAX(1,1) model.

acts, however, emerge from Table 4. The predictive per-
ormance of all models in subsample 3 (which exhibits
he highest mean return and volatility) is the worst.
n the subsequent two subsamples covering the 2017–
019 data, the volatility decreases, while the mean return
ecomes negative. This substantially improves the fore-
ast performance of all models. It can be noted that the
essimism and negative momentum contained in hourly
eturns after the bubble peaked in December, 2017 was
ore predictable when compared to the price surge that
as in effect from 2015–2017.
Next, to understand the origins of Bitcoin fluctua-

ions across the subsamples, we calculate the feature
mportance for each predictor in the RF model. The first
olumn of Table 5 lists the predictors, and the remain-
ng columns show the corresponding feature importance
alues in each time period (1, . . . , 5). First, it is appar-

ent that the trend and momentum indicators drive the
BTC/USD exchange rate returns in the first two sub-
samples (from mid-2015 to mid-2017). The two most
important features in subsample 1 are MA(5,200) and
ROC(200), which suggests that longer trend and momen-
tum (and, to a smaller extent, ‘‘greed’’) were responsible
for the quick rise of Bitcoin. In the second subsample,
short- to medium-term trend (MA(1,50)) and momentum
(ROC(10), ROC(50)) gained more importance. Moreover,
there are indications that market sentiment came into
play during this period (FG and Google search trend). In
addition to the momentum, in the third subsample (from
mid- to late-2017), the attention switched more towards
market sentiment indicators (FG and volume), while the
trend became unimportant. This phenomenon was rein-
forced in the last two subsamples (2018–2019) where
Google search trend and volume were the dominant fea-
tures. Clearly, the burst of the Bitcoin bubble introduced

an additional layer of uncertainty to the market. We

9

Table 5
Relative contribution of inputs (hourly data).
Predictors (xit ) Subsample:

(Feature importance-RF)

1 2 3 4 5

MA(1,50) 0.0405 0.0558 0.0455 0.0450 0.0447
MA(1,200) 0.0433 0.0442 0.0388 0.0470 0.0443
MA(5,200) 0.0501 0.0460 0.0466 0.0468 0.0472
MA(2,200) 0.0475 0.0435 0.0416 0.0432 0.0459
MA(1,150) 0.0453 0.0416 0.0418 0.0441 0.0447
MACD2(12,26,9) 0.0485 0.0490 0.0485 0.0442 0.0448
ROC(10) 0.0468 0.0544 0.0584 0.0436 0.0420
ROC(50) 0.0493 0.0570 0.0598 0.0451 0.0568
ROC(200) 0.0546 0.0508 0.0497 0.0484 0.0562
RSI(14) 0.0410 0.0391 0.0395 0.0377 0.0364
RSI(20) 0.0405 0.0377 0.0411 0.0359 0.0359
RSI(50) 0.0398 0.0387 0.0443 0.0373 0.0384
WLPR(14) 0.0466 0.0428 0.0449 0.0451 0.0406
WLPR(20) 0.0434 0.0428 0.0422 0.0411 0.0407
WLPR(50) 0.0446 0.0436 0.0413 0.0399 0.0460
FG(4) 0.0498 0.0481 0.0479 0.0481 0.0439
FG(10) 0.0445 0.0484 0.0474 0.0482 0.0423
Google search trend 0.0457 0.0499 0.0432 0.0787 0.0658
Bitcoin volume 0.0465 0.0460 0.0504 0.0516 0.0535
OBV(20) 0.0440 0.0404 0.0433 0.0450 0.0420
OBV(50) 0.0446 0.0395 0.0418 0.0414 0.0454
OBV(100) 0.0459 0.0394 0.0407 0.0417 0.0415

Notes: Feature importance is extracted from the estimated RF model
(values that are greater than 0.0495 are reported in bold). Larger values
denote more significant predictors. Subsamples (1, . . . , 5) are specified
in Table 1.

attribute the source of the uncertainty to psychological
forces that drove Bitcoin movements in the past couple
of years.

4.2. Daily data

As mentioned in the previous section, the daily data set
contains 1529 observations (22 inputs and 1 output). To
assess the forecast performance of the competing models,
we hold the last 10% or 153 observations out of sam-
ple. We consider whether the competing models13 can
outperform the RW model in terms of MSPE and the per-
centage of correctly predicted directions of Bitcoin price
changes (Sign). We use the Diebold–Mariano test (Diebold
& Mariano, 1995) to test the null hypothesis that there is
no difference in the MSPE of two alternative models (in
our case of the RW and the four alternative models).14

Table 6 shows the forecast performance of the com-
peting models. We find strong evidence of the one-day-
ahead predictability of BTC/USD exchange rate returns.
All competing models are able to statistically significantly
improve upon a simple random walk model in terms
of both (MSPE and Sign) measures. The best-performing

13 We do not include GARCH-type specifications in the set of compet-
ing models, as they are typically used for modeling price volatility. In
fact, when we used the GARCH-M(1,1) model with technical indicators
for (daily) point BTC/USD exchange rate forecasting, its performance
was statistically similar to the RW model. The results are available by
request from the authors.
14 More information on this forecasting framework can be found
in Gradojevic and Yang (2006).
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Table 6
Comparison of predictive models (daily data).

Statistic

Sign [%] MSPE (DM)

FF-D-ANN 100.00 1.337 (−5.054*)
SVM 80.39 1.949 (−1.674**)
RF 100.00 1.252 (−4.003*)
RW 58.17 2.298
ARMAX(1,1) 97.38 1.762 (−4.824*)

Notes: For the entire data range (22 inputs, 1 output), 1,529 obser-
vations, we allocate 80% training, 10% validation, 10% testing (last
153 days). The Sign [%] and MSPE (×10−3) statistics are used for
the out-of-sample (testing) data. The models that are considered
are (1) Feedforward Deep Artificial Neural Network (FF-D-ANN), (2)
Support Vector Machine (SVM), (3) Random forest (RF), (4) the random
walk (RW) model, and (5) ARMAX(1,1) model. The Diebold–Mariano
(DM) test statistics (Diebold & Mariano, 1995) are reported in the
parentheses below MSPEs, where applicable. The critical values are
±1.64 and ±2.58 for a confidence level of 90% and 99%, respectively.
(*) and (**) indicate the DM statistic is significant at 1% and 10%
significance level, respectively.

model is an RF that produces almost 50% lower out-of-
sample MSPE than the RW model. Additionally, its sign
prediction is remarkable, with 100% accuracy (Fig. 3). Sim-
ilar outstanding performance is achieved by the FF-D-ANN
model. A surprising finding is that the SVM underper-
formed relative to the ARMAX model. In all, the results
demonstrate the empirical validity of the choice of techni-
cal indicators as predictors. Also, in relation to the results
obtained from hourly data, it appears that lowering the
data frequency to daily data effectively resolves the prob-
lem of poor intraday forecast performance that is likely
due to microstructure frictions and other market shocks
occurring at high frequencies.15 The predictors—in com-
bination with sophisticated non-linear methods—become
very informative at the daily forecast horizon, resulting in
extremely high forecast accuracy.

In this part of our empirical analysis, the method of
pseudo-weights proposed by Qi and Maddala (1996) is
adapted to identify the non-linear economic importance
of the inputs of the FF-D-ANN model. More precisely, the
weighted average of the input weights is used to find
the marginal contribution of each input variable to the
output. The formula for a pseudo-weight for the ith input
(PWi, i = 1, . . . , k) of an FF-D-ANN with n hidden layers
can, in general, be written as

PWi =

q1∑
j1=1

q2∑
j2=1

...

qn∑
jn=1

αij1αj1j2 ...αj(n−1)jnβjn , i = 1, . . . , k

(6)

where q1, q2, . . . , qn is the number of nodes in each of the
n hidden layers; αij1 denotes connection weights between
the input layer and the first hidden layer (i.e., between
the ith input node and the jth1 first hidden layer node);
αj1j2 , . . . , αj(n−1)jn denote connection weights between the
adjacent hidden layers; and βjn represents the connection

15 Banulescu-Radu et al. (2016) tackle this problem by pre-filtering
high-frequency data to account for the presence of jumps, intraday
periodicity, and microstructure noise.
10
weights between the last (nth) hidden layer (jthn hidden
ayer node) and the output layer (single node).

The first two columns of Table 7 display all 22 inputs
long with their corresponding estimated (in-sample)
seudo-weights (PWi, i = 1, . . . , 22). On the whole data
ange of more than six years of observations, it transpires
hat Bitcoin fluctuations have been in large part driven by
arket sentiment, followed by price momentum. Fear &
reed (FG) appears to be the most dominant predictor of
TC/USD exchange rate returns on a daily horizon.
Feature importance values, extracted from the RF

odel and listed in the last column of Table 7, comple-
ent the evidence from pseudo-weights. In general, fea-

ure importance also attributes the most predictive power
o the price momentum (ROC) and market sentiment
ontained in volume (OBV). However, both measures of
he relative importance of inputs suggest that trend indi-
ators are not very informative for Bitcoin forecasting.16
his is in accord with the speculative nature of Bitcoin
rading, which is very sensitive to investors’ pessimism
nd optimism about the future.

.3. Robustness exercises

We begin our robustness analysis with evidence on the
omparative predictive performance of daily and hourly
odels over the same time period. Then, we turn to
xpanding the set of competing models in terms of both
ethodology and additional predictors. Overall, the re-
ults demonstrate the predictive dominance of the RF
odel with technical indicators and the effective federal

unds rate as the appropriate inputs.
Considering that the hourly and daily data start and

nd at different points in time, it is not obvious whether
sing the same time periods for training and testing sam-
les would produce different results. Also, by defining
recise dates for both data frequencies, we would be
ble to directly compare the forecast performance of the
odels and improve the reading experience. We per-

orm such a comparison on the maximum possible sample
verlap for both data frequencies, that is, for the period
rom May 11, 2015 to March 7, 2019. This amounts to
4,517 observations at the hourly horizon and 999 ob-
ervations at the daily horizon. We fix the training set
which includes the validation set) to the period from
ay 11, 2015 to October 19, 2018, while the testing set

uns from October 20, 2018 to March 7, 2019. Based on
his data breakdown, the daily (hourly) training set is
99 (22,079) observations and the daily (hourly) out-of-
ample testing set is 100 (2,438) observations. Table 8 lists
he forecast performance measures pertaining to the RF
nd RW models.
Before we delve into further discussion, it is important

o note that the MSPE figures are of a different order of
agnitude for daily and hourly data, whereas those for

he hourly data are naturally smaller. Hence, we compare
he relative (MSPE) performance of the RF models to the

16 Gradojevic and Gençay (2013) show that moving average indica-
tors are imperfect filters with a ‘‘nonzero phase shift’’, which means
they are typically late at identifying turning points.
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t

Fig. 3. RF model’s forecast performance. Notes: The RF model uses 22 inputs (lagged technical indicators) and predicts BTC/USD exchange rate
returns. The in-sample size is 1529 observations, and we hold the last 153 days out of sample.
Table 7
Relative contribution of inputs (daily data).
Predictors (xit ) Pseudo-weights (PWi) Feature importance (RF)

MA(1,50) −0.0007 0.0386
MA(1,200) −0.0014 0.0360
MA(5,200) −0.0014 0.0440
MA(2,200) −0.0016 0.0419
MA(1,150) −0.0013 0.0356
MACD2(12,26,9) 0.0053 0.0399
ROC(10) −0.0102 0.0566
ROC(50) −0.0146 0.0448
ROC(200) −0.0166 0.0501
RSI(14) 0.0477 0.0487
RSI(20) 0.0052 0.0458
RSI(50) 0.1105 0.0487
WLPR(14) 0.1101 0.0499
WLPR(20) 0.1339 0.0496
WLPR(50) 0.3054 0.0394
FG(4) 0.3053 0.0454
FG(10) 0.3050 0.0380
Google search trend 0.2898 0.0437
Bitcoin volume 0.2898 0.0453
OBV(20) 0.2898 0.0541
OBV(50) 0.2898 0.0540
OBV(100) 0.2898 0.0488

Notes: The PWi (i = 1, . . . , 22) values are found by using Eq. (6), given the estimated
(trained) FF-D-ANN model (in-sample). Feature importance is extracted from the esti-
mated RF model (values that are greater than 0.0495 are reported in bold). Larger values
denote more significant predictors.
RW models for daily and hourly data. However, the Sign
statistics are directly comparable.

For the daily data, the results resemble those from
Table 6. The Sign performance of the RF model is as-
ounding again, with accuracy of 98%, whereas the sign
11
accuracy of the RW model is below 50%. Moreover, the
RF model improves the RW model’s MSPE statistics by
about 46%. In contrast, the evidence for the hourly data
shows that the RF model performs poorly and its MSPE
is about 43% worse relative to that of the RW model. In
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Table 8
Comparison of daily and hourly models.

Statistic

Sign [%] MSPE

RF (daily) 98.00 9.42
RW (daily) 45.00 17.19
Ratio RF/RW 2.17 0.54

RF (hourly) 28.34 1.08
RW (hourly) 41.73 0.75
Ratio RF/RW 0.68 1.43

Notes: For the data range from May 11, 2015 to March 7, 2019 (22
inputs, 1 output), which amounts to 24,517 hourly observations and
999 daily observations, we allocate 80% training, 10% validation, 10%
testing (last 100 days or 2,438 h). The Sign [%] and MSPE (×10−4)
statistics are used for the out-of-sample (testing) data. The models that
are considered are (1) Random forest (RF) and (2) the random walk
(RW) model. ‘‘Ratio RF/RW’’ denotes the relative performance of the
RF model to the RW model.

addition, the pricing accuracy of both RW and RF models
is weak, with the Sign statistics lower than 50%. Notably,
the relative performance based on the ‘‘Ratio RF/RW’’
statistics resembles Table 4, although the performance of
both the RW and RF models in Table 8 is significantly
worse. This can be explained by the fact that the hourly
model from Table 8 forecasts a substantially greater num-
ber of data points than the daily model (and also greater
than in Table 4), which is computationally more demand-
ing. Moreover, both in-sample and validation data sets are
much larger for the hourly model over the whole period
from May 11, 2015 to March 7, 2019. Forecasting based
on a long in-sample data period of hourly observations
might include potentially uninformative historical data
from obsolete market regimes and that could deteriorate
the predictive performance of the hourly model.

Next, we consider alternative competing models for
the original model specifications with 22 predictors. Given
the dominant forecast accuracy at the daily horizon, the
focus is on this data frequency. We estimate the following
models:

• AR(1) model;
• lasso regression;
• ridge regression;
• elastic net regression;
• unobserved components model with stochastic

volatility (Stock & Watson, 2007).
The top panel of Table 9 lists the Sign and MSPE statis-

tics for the testing data. We also test the null hypothesis
that there is no difference in MSPE between the RF and
the alternative models, and we display the DM statistics
(Diebold and Mariano, 1995) in parentheses. We esti-
mate lasso, ridge, and elastic net regressions by using
the coordinate descent algorithm, which involves two
stages (Friedman et al., 2007). In the first stage, we es-
timate the tuning parameters (α and/or λ) with ten-fold
cross-validation on the in-sample data.17 In the second
stage, from the estimates of the tuning parameters, we
estimate the vector of regression coefficients, and then
generate out-of-sample forecasts.

17 We generally follow Friedman et al. (2010) by allowing the tuning
parameters to be found using cross-validation.
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The results show that the RF model produces the
most accurate one-day-ahead forecasts of the BTC/USD
exchange rate returns at the 1% significance level. In other
words, the RF model is able to statistically significantly
improve upon the competing models. In addition, the RF
model is dominant in predicting the direction of BTC/USD
exchange rate changes. Of the alternative model specifi-
cations, the lasso and elastic net models show the most
promise. Their forecast performance is comparable to that
of the SVM model in Table 6. The top panel (A) of Fig. 4
visually confirms the evidence in Table 9. Indeed, the
forecasts generated by the RF model follow the actual out-
of-sample data relatively closely. Meanwhile, the lasso
and the AR(1) models seem to be less adaptable and
produce a smoother approximation of the data.

Following this, we expand the panel of predictors with
lagged BTC/USD log-returns and fundamentals (i.e., macro-
financial data specific to the U.S. and global indicators to
proxy the world risk appetite). The fundamental predic-
tors available on a daily basis include the effective federal
funds rate (EFFR), the nominal FRB dollar index (NFRB),
and the VIX.18 Also, based on several lag-order selection
statistics, we include seven lags of the BTC/USD exchange
rate returns into our expanded set of predictors (de-
noted LAG1,. . . ,LAG7). Henceforth, we assess the forecast
performance of the expanded model with 32 predictors.
Measures of the forecast accuracy of the competing mod-
els are presented in the bottom panel of Table 9. We
find it important to stress that the size of our data set
slightly shrank (from 1529 to 1370 observations), due to
the unavailability of market fundamentals on certain days.

The bottom panel of Table 9 suggests that the ex-
panded model with 32 predictors estimated by the RF
model easily delivers superior forecast accuracy relative
to the competing models. The MSPE (Sign) figures gener-
ated by the RF model are statistically significantly below
(above) the respective values for the AR(1) and the un-
observed components with stochastic volatility (UC-SV)
models, as well as for the ridge (RIDGE), lasso (LASSO),
and elastic net (ELASTIC) regressions with 32 predictors.
More insight is obtained when the RF model with 22
predictors (RF22) is compared to the RF model with 32
predictors (RF32). It is shown that the additional variables
improve the out-of-sample predictive power of the RF
model in terms of the MSPE by about 30%.

The bottom panel (B) of Fig. 4 contains the out-of-
sample forecasts from the best models (RF32 and ELAS-
TIC) versus the naive benchmark (AR(1)) and actual data
(marked by a black dashed line). The AR(1) model’s fore-
casts exhibit more ‘‘smoothing’’ than the forecasts of other
models that are more successful in keeping with the pat-
tern of actual BTC/USD exchange rate returns. Again, the
RF model is the most accurate in tracking fluctuations in
the target variable without overfitting.

In regards to the relative importance of predictors,
the values in Table 10 reveal that the effective federal
funds rate (EFFR) and on-balance-volume (OBV) are the
top ranked features. They are followed by the feature

18 The null hypothesis of non-stationarity for the log-differences of
these additional time series was rejected at the 99% significance level.
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Fig. 4. Comparative forecast performance. Notes: In Panel A: The models with external variables use 22 inputs (lagged technical indicators) and
predict BTC/USD exchange rate returns. The in-sample size is 1529 observations, while we hold the last 153 days out of sample. In Panel B: The
models with external variables use 32 inputs (lagged technical indicators and additional inputs) and predict BTC/USD exchange rate returns. The
in-sample size is 1370 observations, while we hold the last 137 days out of sample.

13
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Table 9
Comparison of additional models (daily data).

Statistic

Sign [%] MSPE (DM)

22 inputs:
RF 100.00 1.252
AR(1) 62.09 2.236 (−3.951*)
RIDGE 70.58 2.176 (−3.666*)
LASSO 93.46 1.979 (−3.177*)
ELASTIC 93.46 1.983 (−3.188*)
UC-SV 64.05 2.248 (−3.720*)

32 inputs:
RF32 100.00 1.500
RF22 100.00 1.987 (−2.486**)
AR(1) 63.50 2.412 (−4.898*)
RIDGE 68.61 2.356 (−4.619*)
LASSO 91.97 2.169 (−4.164*)
ELASTIC 90.51 2.149 (−4.081*)
UC-SV 64.23 2.584 (−4.759*)

Top panel: For the entire data range (22 inputs, 1 output), 1,529 observations, we allocate
80% training, 10% validation, 10% testing (last 153 days). The models that are considered
are (1) AR(1), (2) Ridge regression (RIDGE), (3) Random forest (RF), (4) Lasso regression
(LASSO), (5) Elastic net regression (ELASTIC) and (5) unobserved components model with
stochastic volatility (UC-SV). Bottom panel: For the entire available data range (32 inputs,
1 output), 1,370 observations, we allocate 80% training, 10% validation, 10% testing (last
137 days). The models that are considered are (1) AR(1), (2) Ridge regression (RIDGE),
(3) Random forest (RF32) with 32 predictors, (4) Lasso regression (LASSO), (5) Elastic net
regression (ELASTIC), (5) unobserved components model with stochastic volatility (UC-
SV), and (6) Random forest with the original 22 predictors (RF22). The Sign [%] and MSPE
(×10−3) statistics are used for the out-of-sample (testing) data. The Diebold–Mariano
(DM) test statistics (Diebold & Mariano, 1995) are reported in the parentheses below
MSPEs, where applicable. The critical values are ±1.96 and ±2.58 for a confidence level
of 95% and 99%, respectively. (*) and (**) indicate the DM statistic is significant at 1% and
5% significance level, respectively.
importance values for the ROC input. We conclude that
in addition to price momentum and market sentiment
predictors, macro-finance variables such as the effective
federal funds rate have been informative for predicting
Bitcoin price movements in recent years. The finding that
interest rates are important predictors of Bitcoin returns
is in line with, e.g., Koutmos (2020).

5. Conclusions

Accurate forecasting in an excessively volatile and
regime-switching market such as the Bitcoin market can
be a daunting task, especially at high frequencies. By using
advanced non-linear models and technical analysis, this
paper examined the predictability of BTC/USD exchange
rate returns on hourly and daily forecast horizons. First,
we defined five temporal Bitcoin market regimes and
analyzed the out-of-sample hourly forecast performance
of the competing models on each regime. The results
indicated that the Bitcoin market is weakly efficient at
the hourly frequency. Within the context of subsam-
ples and market regimes, we revealed that the Bitcoin
market evolved from one dominated by trend-following
and momentum to a market that is driven by senti-
ment indicators such as fear, greed, volume, and Google
search trends.19 Essentially, in addition to the evidence

19 A similar pattern was found by Cheng et al. (2019), who showed
how investors in the last quarter of 2017 overreacted to a firm’s
speculative disclosure of a potential foray into Blockchain technology.
14
of cross-sectional momentum effects in cryptocurrencies
(see, e.g., Liu et al., 2020), we emphasized the increasing
importance of time-series momentum effects in recent
years. Finally, we documented that the degree of market
efficiency varies over time as predicted by the adap-
tive markets hypothesis (Khuntia & Pattanayak, 2018; Lo,
2004).

When moving from hourly to daily data, we uncov-
ered strong predictability based on both statistical and
directional accuracy measures. Our horse race for forecast
performance resulted in a non-linear RF model as the
absolute winner. It managed to statistically significantly
improve upon a simple random walk model, yielding the
astounding out-of-sample directional accuracy of 100%.
In general, all non-linear predictive models performed
exceptionally well, which testifies to the validity of our
particular choice of technical indicators for predictors.
Naturally, in future research it would be worthwhile to
expand the panel of technical indicators, as well as alter-
native cryptocurrencies, and cover more data frequencies,
subject to data availability at high frequencies. Further-
more, we would like to investigate not only the time-
series properties of the Bitcoin market but also how
traders interact in the frequency domain. It is of the
utmost importance to understand the exchange of in-
formation and microstructure interactions between low-
frequency and high-frequency Bitcoin traders.

An intriguing extension of the current paper could be
to gain an additional glimpse inside the machine learning
‘‘black-box’’ through marginal predictor impact on the
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Table 10
Relative contribution of inputs (daily data, 32 predictors).
Predictors (xit ) Feature importance (RF)

EFFR 0.1653
DOBV(100) 0.1576
DOBV(50) 0.1168
DOBV(20) 0.1156
ROC(200) 0.0419
ROC(50) 0.0350
RSI(14) 0.0323
ROC(10) 0.0312
RSI(20) 0.0294
MA(5,200) 0.0259
RSI(50) 0.0255
LAG1 0.0186
LAG6 0.0174
LAG7 0.0173
Google search trend 0.0162
NFRB 0.0138
LAG2 0.0134
VIX 0.0134
Bitcoin volume 0.0129
LAG4 0.0123
LAG3 0.0122
FG(4) 0.0110
WLPR(14) 0.0093
WLPR(20) 0.0080
MA(1,150) 0.0073
WLPR(50) 0.0066
FG(10) 0.0064
MA(2,200) 0.0062
MA(1,200) 0.0055
MA(1,50) 0.0053
MACD2(12,26,9) 0.0053
LAG5 0.0034

Notes: Feature importance is based on variance reduction, ranked in de-
scending order, extracted from the estimated RF model with 32 predictors.
Larger values denote more significant predictors.
C

C

C

C

C

odel’s output, as in Gu et al. (2020). It would be helpful
o understand how a change in one of the predictors
ffects the output. This would also shed new light on the
conomic interpretation of the findings.
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