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Abstract: This research conducted a thorough investigation of Bitcoin volatility patterns using three
interrelated methodologies: R/S investigation, simple moving average (SMA), and the relative
strength index (RSI). The paper jointly employes the above techniques on volatility range-based
estimators to effectively capture the unpredictable volatility patterns of Bitcoin. R/S analysis, SMA,
and RSI calculations assess time series data obtained from our volatility estimators. Although
Bitcoin is known for its high volatility and price instability, our analysis using R/S analysis and
moving averages suggests the existence of underlying patterns. The estimated Hurst exponents
for our volatility estimators indicate a level of persistence in these patterns, with some estimators
displaying more persistence than others. This persistence underscores the potential of momentum-
based trading strategies, reinforcing the expectation of additional price rises after declines and vice
versa. However, significant volatility often interrupts this upward movement. The SMA analysis
also demonstrates Bitcoin’s susceptibility to external market forces. These observations indicate that
traders and investors should modify their risk management approaches in accordance with market
circumstances, perhaps integrating a combination of momentum-based and mean-reversion tactics
to reduce the risks linked to Bitcoin’s volatility. Furthermore, the existence of robust patterns, as
demonstrated by our investigation, presents promising opportunities for investing in Bitcoin.

Keywords: Bitcoin; cryptocurrency; econometric analysis; volatility estimators; fractional Brownian
motion; trading strategies; adjusted rescaled range analysis

MSC: 37M10

1. Introduction

Bitcoin has notably influenced the conventional financial sector, with its price fluc-
tuations attracting significant attention from asset managers and portfolio risk managers.
This digital currency has experienced various abrupt high levels of volatility, prompting a
need for a thorough econometric analysis to understand and predict its price behavior and
underlying influencing factors such as regulatory changes, technological advancements,
and macroeconomic variables. Exploring the Bitcoin’s price through econometric models
allows for a structured analysis of patterns and potential causality in its volatility dynamics,
contributing to more informed decision-making processes among investors and policymak-
ers. Bitcoin’s influence is expanding, reaching various economic sectors, so understanding
its volatility dynamics is critical for predicting potential impacts for investors [1]. As a
result, a detailed examination of its volatility is a necessary endeavor to chart the course of
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cryptocurrencies in the broader financial system [2]. However, conducting an analysis of
Bitcoin volatility is not without challenges. Volatility is an integral part of the research con-
ducted because the purpose of this paper is to understand Bitcoin price dynamics. Firstly,
the concept of volatility must be defined. Volatility is defined as a unit of measurement
of market risk and has the potential to cause great concern to all individuals who have
some form of market participation or not [3]. However, according to Floros et al. (2020) [4],
volatility is a variable that is difficult to observe, making it almost impossible to predict its
impact on financial markets [5]. Also, volatility plays a key role in the financial sector and
everyone’s interest is focused on the level and nature of volatility [6,7]. Finally, over the
years, volatility may change leading to modeling with stochastic models [8,9]. Moreover,
the market’s immaturity, characterized by a lack of established theoretical frameworks
and stringent regulations, adds complexity to modeling efforts. Additionally, Bitcoin’s
well-known volatility presents a challenge in creating models that can accurately capture
its price dynamics without being unduly influenced by large values. Acknowledging these
challenges is fundamental to ensure that the resulting insights are not only robust but also
relevant in the practical context. Given the fact of this irregular behavior of Bitcoin, it is
necessary to examine and codify better potential trends in Bitcoin data. Trend analysis is a
powerful tool for investors to take advantage from patterns of price dynamics structure or
manage accordingly their portfolios.

There is a gap in the literature for applying trend analysis on Bitcoin using various
volatility estimators. To address the above research gap, we capture the volatile nature
of Bitcoin prices through range-based volatility estimators. We then employ three basic
methods for detecting trends in the behavior of the volatility estimators, R/S-analysis (the
Hurst exponent), Simple Moving Average (SMA), and the Relative Strength Index (RSI).
The Hurst exponent is a widely used statistical measure which quantifies the long-term
memory of the time series and helps investors to manage their portfolio [10]. This type of
exponent quantifies its result through the following three financial strategies: momentum-
based strategy, random walk, and mean-reversion strategy. The momentum-based strategy
detects price trend dynamics, and then investors try to take advantage of the continuous
trends in the market. Random walk indicates an uncorrelated (random) time series, and the
mean-reversion strategy reflects that asset price volatility will return to the long-term level
after a large event. In addition, investors might diversify their portfolios based on the Hurst
exponent values, considering a mix of momentum-based and mean-reverse strategies and
keeping away from risky investments determined by random walk. Risk aversion is also
the main objective of the additional methodologies examined in this paper.

As we mentioned before, Bitcoin has experienced extreme levels of volatility and may
be sensitive to the exogenous conditions. Therefore, by applying R/S Analysis, Moving
Averages, and RSI on Bitcoin’s volatility, we examine how these mechanisms react to this
sensitivity produced by exogenous factors. In addition, we investigate how these mecha-
nisms illustrate the irregular behavior of Bitcoin’s volatility. For this reason, the purpose of
this work is to provide to investors a better understanding of volatility dynamics, creating
in this way more effective trading strategies and portfolio risk management. Thus, this
paper contributes to the research area of financial mathematics using advanced quantitative
techniques, by (i) employing various volatility estimators instead of prices solely using
intraday data, for capturing the volatility dynamics in cryptocurrency markets—intraday
data allow to us to offer a better understanding of market behavior within shorter time
frames, (ii) combining multiple volatility estimators allowing for a holistic understanding
of cryptocurrency market behaviors and dynamics, (iii) incorporating multiple analyti-
cal methodologies which may in turn enhance our understating of cryptocurrency price
volatilities, by capturing multiple facets of cryptocurrency price behavior and assessing
their potential risks and trend persistence over a time horizon such as clustering effects
and volatility persistence.

Note that the connection of R/S analysis and range-based estimators has been studied
by [10]. But in our case, the contribution in the sense of financial mathematics is due to the



Mathematics 2024, 12, 1719

30f16

expansion of the volatility measures (i.e., the method of range-based estimators) on SMA
and RSI methods. In this way, we extracted a specific type of time-series applied on SMA
and RSI methods. The results from these three methods, in combination with the volatility
measures, captures potential diverse financial situations which helps investors to manage
and diverse their strategy and their portfolio.

This is also a contribution to the general literature of pattern analysis. In addition, we
apply the method of volatility measures to Bitcoin price data, which are extremely sensitive
to exogenous conditions. This is one more novelty of this work, related to the financial
part. More precisely, this paper contributes to the research area of financial mathematics
by (i) employing volatility estimators instead of prices solely, for capturing the volatility
of cryptocurrency price volatilities, (ii) combining multiple volatility estimators allowing
for a holistic understanding of cryptocurrency market behaviors and dynamics, (iii) incor-
porating multiple analytical methodologies which may in turn enhance our understating
of cryptocurrency price volatilities, by capturing multiple facets of cryptocurrency price
behavior and assessing their potential risks and trend persistence over a time horizon.

2. Literature Review

The recent literature in financial markets, particularly focusing on cryptocurrencies,
demonstrates a growing interest in understanding market dynamics through advanced
econometric analysis and mathematical modeling. These studies collectively contribute to a
more nuanced comprehension of market behavior, risk management, and trading strategies
in the volatile and complex world of cryptocurrencies. Schelling’s (2019) exploration of
the linear-quadratic ergodic control problem using fractional Brownian motion, especially
in the context of rough volatility models, highlights the significant impact of transaction
costs on portfolio strategies [11]. This is particularly relevant in cryptocurrency markets,
where rough volatility is a common characteristic, and transaction costs can significantly
influence investment decisions.

The empirical study by Zhou and Liu on foreign exchange prices, utilizing Brownian
motion theory, provides valuable insights into currency price behaviors [7,12]. Their
approach, which involves comparing simulated and actual prices, underscores the potential
of Brownian motion theory in predicting price movements in cryptocurrencies, a market
known for its unpredictability and rapid price changes.

Bianchi’s (2012) work on the Efficient Market Hypothesis and its challenges, especially
in the realm of behavioral finance, offers a comprehensive framework for understand-
ing market efficiency amidst investor behavior [13]. This perspective is crucial in the
cryptocurrency market, where investor sentiment and behavior play a pivotal role in
price fluctuations.

The workshop by Graham, Thiery, and Beskos on statistical modeling for stochastic
processes, with a focus on fractional Brownian motion in high-frequency trading and asset
pricing, is particularly pertinent to cryptocurrencies [14]. High-frequency trading is a
dominant aspect of cryptocurrency markets, and understanding its implications is key to
developing effective trading strategies.

Wang’s (2018) investigation into the asymptotic behavior of hedging errors in models
related to geometric fractional Brownian motion sheds light on the risks and strategies
associated with hedging in cryptocurrency markets [15]. This study is vital for investors
and traders who are navigating the complex risk landscape of cryptocurrencies.

The research by Caglar, Bahtiyar, and Altintas (2014) on parameter estimation in
agent-based stock price models, involving long-range dependence and self-similarity, is
applicable to the cryptocurrency market [16]. Their findings help in understanding the
collective behavior of market participants, a critical factor in the highly interconnected and
community-driven cryptocurrency ecosystem.

Qin’s research on a two-date consumption model with continuous trading, where
information is revealed through an Ornstein—-Uhlenbeck bridge, illuminates the impact
of heterogeneous beliefs on asset pricing. In the cryptocurrency market, where diverse



Mathematics 2024, 12, 1719

4of 16

investor beliefs and information asymmetry are prevalent, this study provides valuable
insights into price dynamics.

J. Qiu’s (2018) application of R/S analysis in analyzing SME board stock price move-
ments and developing a trading strategy based on the Hurst index introduces the fractal
market hypothesis as a novel approach to cryptocurrency market analysis [7,17,18]. This
perspective offers a fresh lens through which to view and interpret the complex patterns
and trends in cryptocurrency prices.

Lastly, Sun and Dong’s (2023) use of fractional Brownian motion to model energy-
switching costs in the context of carbon allowance trading demonstrates the adaptability of
stochastic optimization models [19]. This approach can be applied to similar trading mecha-
nisms in cryptocurrency markets, particularly in the context of environmental sustainability
and carbon footprint considerations. In addition, and given the fact that the Bitcoin price
has irregular behavior, forecasting its volatility is pivotal for traders, investors, and the
general financial community. The work of [20] is looking for the most suitable model of the
Bitcoin volatility forecast among several GARCH and two heterogeneous autoregressive
models. Finally, EGARCH and APARCH were more effective than the others. GARCH
and EGARCH models have been used by the study of [21] in order to examine Bitcoin
volatility behavior while examining if social network sentiment and the S&P500 index (and
also the VIX index) have an impact on Bitcoin volatility. They found that in speculative
periods, Bitcoin volatility is irregular and that in stable periods S&P500 and VIX returns and
sentiment have an impact on Bitcoin volatility. In [22], the authors study the effect of the
introduction of Bitcoin futures on Bitcoin return and volatility based on realized volatility
and GARCH model pre- and post-futures. The work of [23] shows that the volatility of
Bitcoin prices is extreme and almost ten times higher than the volatility of major exchange
rates. In [24], the authors mainly focus on the role of jumps in forecasting Bitcoin volatility
using linear and nonlinear mixed data sampling models.

Let us now point out some of the limitations of our methodology. The employed
methodological approach however suffers inefficiencies associated to the limitations of each
one of the employed tools. The limitations of the R/S analysis method involve the method’s
(i) sensitivity to data with non-stationary behaviors [25], (ii) inefficiency to provide reliable
estimations of the Hurst exponent, for small size datasets [26], (iii) assumption of a fractal
data structure [27], and (iv) sensitivity to changes in the dataset’s sequence [28]. Regarding
the SMA model employed, its critical limitations are associated to the model’s (i) lag behind
current market conditions, which may in turn lead to delayed signals for market entry or
exit [29], (ii) inability to quickly adapt to rapid price changes [30], (iii) assignment of equal
weights to all past data, thus not fully facilitating the significance of the information of the
most previous data, and justifying why SMA may be less effective in the case of choppy
markets [31]. Finally, for the RSI method, its limitations are associated to the model’s
(i) potential premature signaling of overbought or undersold conditions when the markets
are characterized by strong trends [32], (ii) potential to produce false signals in non-trending
or range bound markets [33], (iii) requirement of additional technical indicators and models
for avoiding misleading interpretations of the model’s results [34].

Future research perspectives should focus on addressing the identified limitations of
the models employed in our proposed methodological approach. Specifically with respect
to the R/S analysis, and for addressing its non-stationarity limitation, an adaptive fractal
analysis can be jointly employed for dynamically adjusting the model’s parameters [35].
Regarding the small dataset limitation of R/S analysis, machine learning algorithms such as
random forests, decision trees, and support vector machines could be used in combination
with bootstrapping and synthetic data generation techniques [36]. Finally, regarding the
third limitation of the R/S analysis associated to its sensitivity to dataset sequence changes,
wavelet decomposition can be employed to assess time series at different scales [37]. For
SMA, future research perspectives should focus on the development of adaptive weighted
SMA variations that adjust the weights to emphasize to more recent historical data [38], or
even the combination of SMAs with simple exponential moving averages to improve signal
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responsiveness [29]. Finally, for the RSI analysis, future research perspectives could involve

(i) the modification of the RSI function to conduct conditional checks before providing

overbought or oversold signals [39] and (ii) the additional consideration of macroeconomic

indicators along with sentiments from news and social media for improving the accuracy

of predictions [31].

The critical analysis of the examined literature reveals the following research gaps:

e  While individual studies have focused on specific technical indicators like R/S Analy-
sis, SMA, and RS, there is a gap in research that integrates these tools comprehensively
to analyze cryptocurrency prices and trends in combination with various volatility
estimators;

e  Research on the long-term memory of cryptocurrency markets using tools like the
Hurst exponent and its implications for market efficiency is still nascent. More studies
are needed to understand how these aspects affect trading strategies in the cryptocur-
rency context;

e  There seems to be a lack of research tools that combine various statistical and econo-
metric tools to develop comprehensive risk management strategies tailored to the
unique characteristics of Bitcoin’s volatility dynamics.

This paper addresses the above research gaps as follows:

e Integration of Multiple Technical Indicators: By employing a combination of R/S
Analysis, SMA, and RSI, our paper provides a comprehensive approach to analyz-
ing cryptocurrency dynamics and trends in function of volatility estimators. This
integrated methodology offers a more holistic view of market dynamics than studies
focusing on individual indicators;

e Long-Term Memory and Market Efficiency in Cryptocurrencies: By utilizing tools like
the Hurst exponent, our paper delves into the long-term memory of Bitcoin markets
and its implications for market efficiency. This helps in developing trading strategies
that are better suited to the cryptocurrency market’s behavior;

e  Comprehensive Risk Management Strategies: The combination of various statistical
and econometric tools in this paper aids in the development of comprehensive risk
management strategies for cryptocurrency trading, addressing the high volatility and
unpredictability of these markets.

3. Methodology of Bitcoin Volatility Behavior Analysis

In this section we present the mathematical background of different methodologies
for detecting patterns in Bitcoin volatility time series. The first mathematical tool, i.e.,
R/S analysis, employed for assessing the existence of trends in Bitcoin’s behavior. R/S
analysis, or rescaled range analysis, is a statistical method used to detect and analyze the
persistence, or long-term memory, of time series data. The primary purpose of this analysis
is to determine the degree of correlation within a time series and to identify whether the
series exhibits a random walk, mean-reverting, or trending behavior. The mathematical
analysis of R/S will be based on the works of Szostakowski (2019) and Roel F. Ceballos and
Fe F. Largo as analyzed below [40,41].

Let the time series X of length N divided into sub-period of length d, where n is an
integral divisor of N. Then we calculate the mean value such that:

m=-) X, (1)

Then we normalize the data as the following Equation (2):

Yi = X;—m, ()
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fort=1, - n, returning in this way the cumulative time series Z where:

Then, the respective range will be: Ry, = max(Zy,---,Zy) — min(Zy,--- ,Zn) and
after that we rescale the range by using the standard deviation Sy:

R Rn
(s), s @

Finally, we can estimate the Hurst exponent through R/S analysis:
R H .
E( =] =cn", for the constant ¢ independent of n. (5)
n

Let us now distinguish the different results of the different cases of H. For example,
if H = 1/2, then the series is uncorrelated, that is the series is characterized by random
behavior. f H < 1/2 (0 < H < 0.5), then we have the case of anti-persistence in the time
series, that is, it has the tendency to return to the long-term mean. On the other hand,
if H > 1/2 (0.5 < H < 1) then the time series has a positive long-term autocorrelation
(persistent series) [42].

The second step of our analysis involves the employment of simple moving average
(SMA) analysis on volatility estimators to identify potential trading signals and discern
underlying price trends. By calculating short-term (1-h) and long-term (24-h) SMAs, we can
smooth short-term volatility and reveal significant trend movements over time [43]. The
1-h SMA closely follows the actual price jump data, providing insight into the immediate
market reactions, while the 24-h SMA offers a broader view, highlighting the more sustained
and significant trend patterns. Crossover points between these two SMAs are particularly
telling; an upward crossing of the short-term SMA over the long-term SMA signals a
potential entry point or ‘buy’ signal, suggesting an emerging bullish trend. Conversely,
a downward crossing indicates a potential exit point or ‘sell’ signal, implying a bearish
trend development [44]. These signals are instrumental for traders and analysts who
rely on technical analysis to make informed decisions about market entry and exit points.
The application of SMA analysis to volatility estimators thus serves as a valuable tool
for understanding market dynamics and developing strategic trading actions based on
historical price behavior [45]. Mathematically, SMA is calculated by using the t-th time step
of the most recent n values (a past window of size n) as described by the following equation:

1 18
SMA¢n = H{Xt + X1+ F th(nfl)} = Hzxtf(ifl), (6)
i=1

where n belongs to the integer set (n € Z), and X; represents the data of the i-th time
step [46—48].

The final third step of our methodological approach involves the development of the
Relative Strength Index. Through the employment of this index, investors identify whether
an asset, in this case Bitcoin, is in an overbought or oversold condition. When the RSI
value is high (typically above 70), it suggests that Bitcoin may be overbought, indicating
a potential reversal or correction in price. Conversely, when the RSI is low (typically
below 30), it suggests that Bitcoin may be oversold, indicating a potential rebound in
price. Moreover, it helps traders and analysts assess the strength and speed of price
movements [49]. When Bitcoin experiences a rapid price jump, the RSI can help gauge
the momentum behind that jump. A sharp increase in the RSI can indicate strong buying
pressure and bullish momentum, while a sharp decrease can indicate strong selling pressure
and bearish momentum. If the RSI shows a divergence from the actual price movement, it
can be a signal that a trend reversal might be imminent [50]. For example, if Bitcoin’s price
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exhibits higher highs, but the RSI is reveals lower highs, it is called bearish divergence,
which may suggest a potential price drop [51]. Finally, RSI can help traders manage risk.
For instance, if Bitcoin has experienced a series of price jumps, and the RSI is consistently
in overbought territory, it may caution traders against entering long new positions, as
it suggests that a correction might be overdue [52]. The formula for RSI is presented

below [53]:
100

Average

RSI = 100 — —.
gain
Average, .
Averagegain
Average, .
We now describe the methodology used to extract volatility measures used in this
study. First of all, we mention some important assumptions. The value P follows a
simple continuous stochastic process called Brownian motion and as a result, the log-price

p = In(P) follows a similar process Brownian motion with zero drift and diffusion o.

Here we can define that RS = relative strength =

dp, = odBy (7)

The subsequent assumption pertains to the non-volatility of the diffusion parameter
o throughout the day, even though o varies from one day to another. We designate a
day as the unit of time. Through observation, we find that in the above equation, the
diffusion parameter resembles the standard deviation of returns, indicating normalization,
thus rendering it unnecessary to differentiate between quantities. The basic variables are
subsequently defined in the following equations as: “Open” stands for the daily opening
price, “Close” denotes the daily closing price, “High” represents the highest daily price,
and “Low” indicates the lowest daily price. These variables are crucial for computing
returns, namely Open-to-Close, Open-to-High, and Open-to-Low. (Refer to Table 1 for
descriptive statistics.)

Table 1. Descriptive Statistics of Bitcoin Prices.

Open High Low Close
count 3421.0 3421.0 3421.0 3421.0
mean 14,804.1 15,149.2 14,432.4 14,814.9
std 16,322.8 16,712.6 15,885.8 16,324.6
min 176.9 211.7 171.5 178.1
25% 922.2 940.0 915.8 922.0
50% 8315.7 8509.1 8140.9 8309.3
75% 24,640.0 25,190.3 24,225.1 24,664.8
max 67,549.7 68,789.6 66,382.1 67,566.8
Paose = In(Close) — In(Open) (8)
Pmax = In(High) —In(Open) ©)
Pmin = In(Low) — In(Open) (10)

where p ... represents the return which is a random normally distributed variable with
mean 0 and variance (volatility) o2

C ~ N(o, 0'2> (11)
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We aim to evaluate the volatility 62, which is not directly observable, using three
observable variables: variables p_ ., Pmaxs @14 Prin- 1t is important to highlight that p? .,
serves as an unbiased estimator of o2:

E(Plise) = 07 (12)

“u_
S

In the following equation, the initial volatility estimator, denoted by
is outlined below:

for “simple”,
22
05 = Pdlose (13)
Given the inherent noise in the simple estimator, we seek a more reliable alternative.
The volatility derived from the difference between upper and lower price points relative
to the closing price offers substantial information. Additionally, valuable insights can be
gleaned from the high and low prices. It is widely recognized that the range distribution,
represented by d = p, . — ppin Of the Brownian motion, determines the difference between
higher and lower prices [54]. During the day, we define P(y) as the probability that the
difference d < y is practicable:

(n+1)y

P(Y) = i (1)n+1n{Erfpclose(m) - 2Erfpclose (\;2%) + Erfpclose((n_\/%)y)} (14)

—

n=

1

where:
Erfpclose =1- Erf(Y) (15)

where Erf(y) represents the error function. We utilize the Parkinson (1980) distribution for
the calculation (for p > 1):

E(dP) - jﬁr(p;l) (1 - :p> U(p—1)(262) (16)

where I'(y) and ((y) represent the gamma function and the Riemann zeta function, respectively.

Forp =1:
E(d) = V8no (17)

and for p = 2:
E(d2> = 4In(2)0? (18)

Based on Equation (18), Garman and Klass (1980) suggested a new volatility estima-

tor [55]: ,
(pmax — pmin) (19)

4In2

The base estimator relies solely on the difference between p_ .. — p,.i, Suggesting that
a more precise estimator could be achieved by incorporating all available information [55].
However, seeking a minimum variance estimator based on p .., Pmaxs @1d Prin, POSEs
a persistent challenge, as it presents an infinite-dimensional problem. This challenge is
addressed by imposing constraints on estimators that are functions of p .., Prmaxs a4 Prin
known as analytical estimators. The subsequent equation defines the minimum analytical
variance estimator, which is:

o2 —
03 =

2
O_2GKprecise = 0'511(pmax - pmin) —0.019 (pclose (pmax + pmin) - zpmaxpmin) - 0‘38313310303 (20)

We note that the right term (cross-products) is deemed insignificant, prompting us to
introduce a more suitable estimator in the following equation:

—

O—ZGK = 0'5( )2 - (211’12 - 1)pglose (21)

Pmax ~ Pmin
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Equation (13) presents the volatility estimator known as Garman-Klass, denoted as
GK [55]. The GK estimator offers a notable advantage over other estimators, as it represents
the optimal combination with the lowest variance between two fundamental estimators: a
simple estimator and the Parkinson volatility estimator [4].

Meilijson (2009) introduces a novel estimator characterized by the smallest vari-
ance [56]. This estimator is defined in Equation (22) as follows:

02, = 0.27402 + 01602 + 0.3650% + 0.203 (22)
where:
61 = 2| (Phnax — Phiose)” + Plow (23)
03 = 2(Pryax — Pldose ~ Phnin) Prose (24)
, N
S (pmazlnzpilo;ipmm 25)
where p; .. = Pelose’ Pmax = Pmax Pmin = Pmin if Patose > 0and Pljoce = —Peioses Pmax =

~Pmin- p;nin = “Pmax if Petose < 0-
The following Equation (26) presents the RS estimator and with this estimator arbitrary
drift is allowed:

0—%{8 = Pmax (pmax - pclose) + pmin(pmin - pclose> (26)

4. Numerical Implementation

The applicability of the developed methodologies is evaluated in the case of 3421 daily
open, high, low, and close bitcoin data from September 2014 to January 2024.

The descriptive statistics table for Bitcoin prices over 3421 observations reveal insights
into the cryptocurrency’s trading behavior. The average opening price (Open) is USD
14,804.1, with a high degree of volatility as indicated by a standard deviation of USD
16,322.8. The opening prices ranged from a minimum of USD 176.9 to a maximum of USD
67,549.7, with the median at USD 8315.7. This wide range suggests significant fluctuations
in Bitcoin’s opening prices over the observed period. Similarly, the highest price (High)
during the trading period averages at USD 15,149.2, with a standard deviation of USD
16,712.6, highlighting the volatile nature of Bitcoin’s value. The high prices span from as
low as USD 211.7 to as high as USD 68,789.6. The lowest trading prices (Low) also show
considerable variability, with an average of USD 14,432.4 and a range from USD 171.5
to USD 66,382.1. The closing prices (Close) closely mirror the opening prices in terms of
average (USD 14,814.9) and volatility (standard deviation of USD 16,324.6), ranging from
USD 178.1 to USD 67,566.8. The quartile values across all categories further illustrate the
wide dispersion and the skewed distribution of Bitcoin prices, with a significant jump in
values from the 25th percentile to the 75th percentile, indicating that a substantial portion of
the price points are clustered at the lower end of the spectrum but with a long tail extending
to much higher values.

The first step of our numerical analysis involved the implementation of R/S analysis,
or rescaled range analysis, in order is to identify whether the series exhibits a random walk,
mean-reverting, or trending behavior. Table 2 provides the derived hurst exponent values,
for each one of the derived volatility estimators

Table 2. Hurst exponent values for each Bitcoin volatility estimator.

— — — —

2 2 2 2
Op OGK oM ORs

Hurst Exponent 0.636 0.590 0.586 0.632

The Hurst exponents calculated for the four volatility estimators indicate persistence
in the time series data. This suggests that all series tend to continue their current trends
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over time. Estimators 1 and 4 exhibit a stronger persistence, implying a higher likelihood
of maintaining their trends. In contrast, estimators 2 and 3 also show persistence but to
a lesser extent. Such characteristics are particularly relevant in financial markets, where
these trends might inform momentum-based trading strategies, highlighting the potential
for increases to be followed by further increases and decreases by further decreases [57].
Regarding the second step of our methodological approach, Figures 1-4 depict daily

predicted vs actual two-period SMAs for the examined four 0}2), (%K, cr%/l, and Uﬁs Bitcoin
volatility estimators (VEs) used in this study. The two periods were optimally determined

using the minimum mean absolute percentage error (MAPE) criterion.

VE 1
— Actual
i —== Predicted SMA 2 Periods
0 500 1000 1500 2000 2500 3000 3500

Figure 1. Daily actual vs. predicted 0'123 volatility data.

VE_2
—— Actual
§ === Predicted SMA 2 Periods
0 500 1000 1500 2000 2500 3000 35I00

Figure 2. Daily actual vs. predicted 0‘2GK volatility data.
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Figure 3. Daily actual vs. predicted O'%A volatility data.
VE_4

— Actual

—=~- Predicted SMA 2 Periods
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Figure 4. Daily actual vs. predicted 0%{5 volatility data.

The SMA not only reveals underlying market trends but also potentially signals
critical moments for investors to enter or exit the market. For VE_1 and VE_4, whose
SMA curves suggest a more gradual and consistent market movement, a rising SMA could
be interpreted as a sign of increasing market stability or an impending upward trend,
offering a potential entry signal for long-term investors. Conversely, a declining SMA
might indicate decreasing volatility, potentially serving as an exit signal for those looking
to capitalize on peak market movements before a period of consolidation.VE_2 and VE_3,
characterized by their sharper volatility spikes, present a different scenario. An upward
trend in their SMAs might signal increasing market uncertainty or the start of a volatile
period, possibly serving as an exit signal for risk-averse investors or an entry signal for
those seeking to capitalize on market turmoil. Alternatively, a downward trend in the
SMA could indicate a subsiding of volatility, potentially signaling a safer entry point for
investors waiting for market stabilization or a cue for exiting to those who have capitalized
on the preceding volatility.
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The nuanced predictive value of the SMA across these estimators suggests that while
they may not offer precise predictions, the direction and trend of the SMA can serve as a
strategic guide. Investors might use increases in the SMA as indicators to hedge against
anticipated volatility or to prepare for a strategic entry into the market, depending on their
risk tolerance and investment horizon. Conversely, decreases in the SMA could inform
decisions to lock in gains before a potential decrease in market activity or to enter the
market during periods of expected stability.

The results derived from the implementation of the final third methodological ap-
proach, namely the RSI, on our data are summarized in the following Figure 5.

RSl of VE_1
100 — RSIVE_1
80
$ 60
g
@ |
-4
40
20
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Time Period
RSI of VE_2
100 — RSI_VE_2
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o 60 Il
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)
< 40
20
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0 500 1000 1500 2000 2500 3000 3500
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RSI of VE_3
100 — RSIVE_3
80
v 60
=
K
@
= 40
20
0
0 500 1000 1500 2000 2500 3000 3500
Time Period
RSI of VE_4
100 —— RSIVE_4
80
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o
2
2
2 a0
20
0
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Time Period

Figure 5. RSI analysis of volatility estimators.

The key insights derived are summarized as follows:
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1. Overbought Conditions: Volatility Estimator VE_1 exhibits the highest average over-
bought events, followed by VE_2, VE_3, and VE_4. This suggests that VE_1 tends to
reach overbought conditions more frequently, indicating periods where the asset may
be considered overvalued according to this estimator;

2. Oversold Conditions: VE_4 shows a tendency for the highest average annual oversold
events, suggesting it more frequently reaches conditions considered to be undervalued.
This might indicate a propensity for VE_4 to experience significant valuation drops or
higher volatility, leading to potential buying opportunities as per this metric;

3. Momentum Fluctuations: VE_1 and VE_3 demonstrate a higher frequency of sharp
increases, indicating more frequent sudden valuation changes according to these
estimators. For sharp decreases, the distribution across the volatility estimators is
more varied, with VE_2 and VE_4 showing slightly higher tendencies for these events.
This indicates that VE_2 and VE_4 may experience more pronounced volatility in
terms of sharp valuation decreases;

4. Risk Management Insights: VE_1, exhibiting frequent overbought events and sharp
increases, suggests this estimator might be more prone to rapid valuation changes.
Consequently, risk management strategies that take into account VE_1’s characteristics
might need to prepare for more frequent transitions between overvalued conditions
and potentially rapidly changing market sentiments.

5. Discussion

In this study, we embarked on a comprehensive analysis of Bitcoin volatility trends,
employing three interconnected methodologies: R/S analysis, Simple Moving Average
(SMA), and the Relative Strength Index (RSI). The descriptive statistics reveal significant
fluctuations in Bitcoin prices within the period studied, underscoring the cryptocurrency’s
well-documented volatility. This volatility is characterized by large swings, as evidenced by
the spread between the 25th and 75th percentiles. Despite Bitcoin’s inherent price instability
and the large volatility values observed, our findings from the R/S analysis and moving
averages indicate the presence of underlying trends. The Hurst exponents calculated for our
volatility estimators suggest a persistence in these trends, with some estimators showing
stronger persistence than others [9]. This persistence indicates a potential for momentum-
based trading strategies, affirming the idea that price increases are likely to be followed by
subsequent increases, and vice versa for decreases. Periods of high volatility occasionally
disrupt this momentum, obscuring the underlying trend dynamics, particularly in the
intervals between 2000-3000- and 3000-3500-time units. The SMA analysis further reveals
Bitcoin’s sensitivity to external market conditions. For instance, the market sentiment at the
close of trading, as depicted in our figures, encapsulates the culmination of daily trading
activities, news, and events. This end-of-day sentiment contrasts with the sentiment at
the opening, peak optimism during the session, and the lowest confidence points, each
represented by different price points. These insights suggest that traders and investors need
to adapt their risk management strategies in response to market conditions, potentially
incorporating a mix of momentum-based and mean-reversion strategies to mitigate the risks
associated with Bitcoin’s volatility. Moreover, the presence of strong trends, as evidenced
by our analysis, offers optimistic prospects for investing in Bitcoin. These trends not
only highlight the cryptocurrency’s dynamic behavior but also suggest the feasibility of
employing specific financial strategies for profit maximization or risk avoidance. Our RSI
analysis, in particular, points to frequent overbought conditions, indicating times when
Bitcoin might be considered overvalued, and underscoring the importance of sharp price
movements in informing investment decisions. In summary, our discussion underscores
the complex interplay between Bitcoin’s volatility, market trends, and the influence of
external factors on its price dynamics. By leveraging R/S analysis, SMA, and RSI, investors
can gain deeper insights into Bitcoin’s market behavior, enabling more informed trading
and investment strategies amidst the cryptocurrency’s unpredictable fluctuations. Future
research perspectives could involve the inclusion of additional variables that could have
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an impact on Bitcoin prices such as macroeconomic indicators and volumes. Moreover,
extending our analysis to additional cryptocurrencies could provide broader generalized
insights for the digital crypto market.
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