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Cryptocurrencies, gold, and WTI crude oil 
market efficiency: a dynamic analysis based 
on the adaptive market hypothesis
Majid Mirzaee Ghazani*  and Mohammad Ali Jafari 

Introduction
The substantial growth of cryptocurrencies has attracted considerable attention from 
investors and policymakers in recent years. As of June 5, 2019, this growth topped 2216 
cryptocurrencies in market capitalization and volume of trade, and the top three coins, 
Bitcoin, Ethereum, and Ripple, together accounted for more than 70 percent of the mar-
ket share (Cryptocurrency Market Capitalizations 2019).

One of the critical issues yet to be analyzed is whether the dynamic behavior of crypto-
currencies is predictable, which would be inconsistent with the efficient market hypoth-
esis (EMH), according to which prices should follow a random walk (see Fama 1970). 
Long-memory techniques can be applied for this purpose. In the meantime, numerous 
studies have provided evidence of the persistent behavior of asset prices (see Caporale 
et al. 2016)1 and have also found that this behavior varies over time, but few studies have 
focused on the cryptocurrency market. One of the few exceptions is the work of Bouri 
et al. (2016), who discovered long memory properties in the volatility of Bitcoin.
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This study examined the evolving oil market efficiency by applying daily historical 
data to the three benchmark cryptocurrencies (Bitcoin, Ethereum, and Ripple), gold, 
and West Texas Intermediate (WTI) crude oil. The data coverage of daily returns was 
from August 2015 to April 2019. We applied two alternative tests to examine linear 
and nonlinear dependency, i.e., automatic portmanteau and generalized spectral tests. 
The analysis of observed results validated the adaptive market hypothesis (AMH) in all 
markets, but the degree of adaptability between the data was different. In this study, 
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ent window lengths (50, 100, and 150 days) on the test statistics, which was consistent 
with the findings of AMH.
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Most of the existing studies concerning market efficiency in financial assets have 
accepted weak-form efficiencies (see Fama 1970). The notion of efficient financial mar-
kets is a well-established topic in finance and economics. The concept of market effi-
ciency was discussed over the past five decades since Fama (1970) first introduced the 
renowned EMH concept. In earlier years of analyzing the market efficiency; it focused 
on stochastic processes of asset price fluctuations. The reasoning behind market effi-
ciency was that asset prices in an efficient market should follow a random-walk pro-
cess because all available information about the prices was already mirrored in the asset 
price. Therefore, asset prices could not be forecasted based on a recent series of data. 
Thus, gathering information in an efficient market would not be effective because new 
information would immediately change its price. Grossman and Stiglitz (1980) argued 
that a perfect market is unfeasible because if prices expressed all available information, 
traders would have no incentive to obtain costly information. In other words, if a market 
shows weak-form efficiency, then returns are not forecastable and must be independent 
of each other (Fama 1970). In contrast, if prices are forecastable and dependent, traders 
can utilize them to obtain abnormal profits.

Several papers have shown that asset prices do not accompany random walks and that 
price fluctuations are forecastable (Fama and French 1988). Diverse trading strategies 
can be utilized based on these forecasted variances in returns (Jegadeesh and Titman 
1993). This finding has caused a burgeoning of literature to scrutinize the viability of the 
EMH notion in different countries (see Opong et al. 1999; Borges 2010). These studies 
have applied statistical tests to assess whether a market is efficient over some predeter-
mined periods with the result that market efficiency can be used under all-or-nothing 
circumstances. A dispute exists between recent literature and EMH because studies have 
found that market oddities do exist as returns have a dependent feature (see Shahid and 
Mehmood 2015). These studies have demonstrated that the stock exchanges have some 
abnormal profits. A theoretical approach has confirmed this dispute, as Grossman and 
Stiglitz (1980) debated that it is impracticable for a capital market to be perfectly effi-
cient because investors would have no advantage to obtain costly information if markets 
were efficient and profit-making opportunities were not available. Regarding the aspect 
of the impossibility of a perfectly efficient market, Campbell et al. (1997) suggested rela-
tive efficiency rather than perfect efficiency, which causes an oscillation from testing the 
market’s efficiency from an all-or-nothing condition to evaluate it over the period.

Moreover, these findings and recently developed empirical literature have indicated 
that market efficiency changes over time (see Lim and Brooks 2011). These studies have 
challenged the viability of the EMH and suggest that it does not regularly hold.

This continued debate about the EMH has been furthered by reasoning from behavio-
ral finance specialists about the central assumption of the EMH (the rationality perspec-
tive of investors).

Furthermore, Lo (2004) expanded on behavioral biases based on Simon’s (1955) 
concept of bounded rationality. Bearing in mind the sociological attitude of the EMH 
argument, an alternative approach may be required rather than the standard deductive 
method of neoclassical economics, which is bounded by rationality. A new approach was 
suggested by Farmer and Lo (1999), and Farmer (2002) applied evolutionary concepts to 
financial markets. Lo (2005) disputed that moving to a state of equilibrium was neither 
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likely to happen nor assured at any point in the future periods. Undoubtedly, it is errone-
ous to assume that the market has to adjust its position toward a stable equilibrium state 
or a perfect efficiency. Alternatively, the new paradigm (suggested in follows), offers 
more sophisticated market dynamics, such as cycles, crashes, trends, bubbles, and other 
developments in the financial market, resulting in market inefficiency (Lo 2005).

On this subject, Lo (2004) proposed the concept of the adaptive market hypothesis 
(AMH) to assert that market efficiency and inefficiencies coexist in a reasonably consist-
ent manner. Moreover, the AMH permits market efficiency to oscillate over time and 
does not suggest an all-or-nothing arrangement.

The AMH borrows from the notion of evolution in biology and bounded rational-
ity (Simon 2000) and debates that, by rational entities, the processes of competition, 
learning, and natural selection push prices to approach their efficient values. As market 
participants adjust to an evolving environment, they count on heuristics to build their 
investment choices.

The AMH offers an essential theoretical foundation to bring together behavioral 
models with EMH to explain the anomalies. Note that numerous examples indicate 
the breaches of rationality that conflict with market efficiency (e.g., overconfidence, 
loss aversion, mental accounting, overreaction, and other behavioral biases). As long as 
there may be arbitrage opportunities in the market, these anomalies would disappear 
as they are detected and used by the market participants, and new opportunities may 
arise. These conducts are consistent with an evolutionary model of individuals adapting 
to a changing environment through simple heuristics. In addition, the occurrences that 
alter financial market situations (e.g., crashes, bubbles) influence participants’ psycho-
logical process in the market through which they absorb the new information into prices 
(Charles et al. 2012).

Considering these arguments, in this study, we assessed the market efficiency’s evo-
lutionary behavior in regard to selected cryptocurrencies, gold, and West Texas Inter-
mediate (WTI) oil prices in the AMH framework. We selected gold and WTI crude oil 
along with cryptocurrencies for the following reasons: In the finance literature, differ-
ent roles have been expressed for gold, including a surrogate currency, a hedging tool 
against inflation, and a safe-haven asset, as well as its use in achieving greater risk diver-
sification in investors’ portfolios. These factors have received increased attention from 
policymakers, portfolio investors, and risk managers. Another asset that investors are 
usually interested in is crude oil, which is an essential commodity that also has been 
commonly used to hedge against economic risks. The rise of commodity financializa-
tion since 2005 (Lei et al. 2019; Chen et al. 2018; Tang and Xiong 2012) and the impact 
of oil price changes on the real economy and financial markets have been investigated 
extensively in the literature (Hamilton 1996; Jones and Kaul 1996; Kilian and Park 2009). 
In addition, WTI crude oil is a benchmark in this area and is also a critical component in 
most energy and commodity indices in financial markets.

Literature review
A critical implication of the AMH is that individual preferences adjust over time, and 
accordingly, the risk premia are likewise time-varying. This phenomenon brings in a 
testable hypothesis that the autocorrelation in return series has a time-varying structure 
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and is conditioned to the financial market’s circumstance (Kim et al. 2011; Baur et al. 
2012). Identical results for the AMH are expressed in the framework of other asset mar-
kets, such as energy derivatives (Hall et al. 2017), foreign exchange (Charles et al. 2012), 
and real estate investment trust (REIT; Zhou and Lee 2013).

Noda (2016) analyzed the AMH in Japanese stock markets (TOPIX and TSE2) and 
measured the degree of market efficiency by applying a time-varying model. The 
obtained results showed that (1) the degree of market efficiency changed over time in 
the two markets, (2) the level of market efficiency of the TSE2 was lower than that of the 
TOPIX in most periods, and (3) the evolving behavior was recognizable in the market 
efficiency of the TOPIX index, but that of the TSE2 was not. Finally, the findings backed 
the AMH for the more qualified stock market (TOPIX) in Japan.

Numapau Gyamfi (2018) analyzed the return predictability of two stock indices (the 
GSEFSII and the GSEALSH) on the Ghana stock market. This study analyzed results 
from a return series in 2011–2015 by applying the generalized spectral (GS) test, the 
wild-bootstrapped automatic variance ratio test, and the automatic portmanteau (AP) 
Box–Pierce test. The obtained results showed that the GSEALSH index was more fore-
seeable than the GSEFSII index in all of the tests. Moreover, the author concluded that 
his findings were consistent with the AMH.

Some of the recent research has focused on analyzing the market efficiency of cryp-
tocurrencies, and benchmark financial assets and interconnections have been stated. 
Urquhart (2016) studied the Bitcoin market from its beginnings in 2010 to mid-2016 and 
suggested that the market was inefficient, but it moved closer toward efficiency in time. 
Nadarajah and Chu (2017) disputed these results and concluded that the market was, in 
fact, efficient. Bariviera (2017) applied the detrended fluctuation analysis (DFA) method 
to check dependence properties of the Bitcoin price and found a trend toward efficiency 
and that the volatility of Bitcoin had long-term memory throughout the sample period.

Wei (2018) evaluated the connection between liquidity and market efficiency in 456 
different cryptocurrencies. His work showed that Bitcoin returns showed signs of effi-
ciency, but several cryptocurrencies still displayed inefficiency in their prices. Moreover, 
the results of this study indicated that liquidity played a vital role in the market efficiency 
and return predictability of new cryptocurrencies.

Caporale et al. (2018) examined the market efficiency in the cryptocurrency market by 
checking data persistence. They applied the four leading cryptocurrencies (Bitcoin, Lite-
coin, Ripple, and Dash) over the sample period, i.e., 2013–2017. Their findings suggested 
that this market showed persistence and that its degree fluctuated over time. Therefore, 
based on the predictability of data, they inferred that the market was inefficient, and 
traders could attain abnormal profits in this situation.

Khuntia and Pattanayak (2018) evaluated the AMH and return predictability in the 
Bitcoin market. They applied two different methods to capture time-varying linear and 
nonlinear dependence in Bitcoin returns. Their finding was that the market efficiency 
changed with time and confirmed the AMH in the Bitcoin market.

Kristoufek (2018) examined the efficiency of two Bitcoin markets and their evolving 
behavior over time. They applied the efficiency index of Kristoufek and Vosvrda (2013), 
which involved numerous types of (in)efficiency measures. Their study’s notable finding 
was that there was strong evidence of both Bitcoin markets remaining mostly inefficient 
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between 2010 and 2017 with the exceptions of several periods (after the observation of a 
bubble-like price increase).

Zhang et al. (2018) verified the issue of informational efficiency in the cryptocurrency 
market by evaluating nine forms of cryptocurrencies (i.e., Bitcoin, Ripple, Ethereum, 
NEM, Stellar, Litecoin, Dash, Monero, and Verge) according to efficiency tests. The 
empirical results in their study exhibited inefficiency in all of these cryptocurrencies 
markets.

Corbet et al. (2018) examined the interactions between three well-known cryptocur-
rencies and various other financial assets. They found evidence of the relative isolation 
of these assets from the financial and economic assets. In addition, their results showed 
that cryptocurrencies may offer diversification benefits for investors with short invest-
ment horizons and that time variation in the linkages reflect external economic and 
financial shocks.

Gajardo et al. (2018) applied multifractal adjusted detrended cross-correlation analy-
sis (MF-ADCCA) to investigate the presence and asymmetry of the cross-correlations 
among the major currencies and Bitcoin, the Dow Jones Industrial Average (DJIA), the 
price of gold, and the crude oil market. They observed that multifractality existed in 
every cross-correlation studied and that there was an asymmetry in the cross-correla-
tion exponents in the data. Bitcoin showed more significant multifractal spectra than the 
other currencies on its cross-correlation with the WTI, gold, and the DJIA. The authors 
concluded that Bitcoin had a different relationship with stock market indices and com-
modities, which should be considered when investing.

Ghazani and Ebrahimi (2019) investigated the existence of the AMH by utilizing daily 
returns from 2003 to 2018 for three crude oils: Brent, WTI, and Organization of the 
Petroleum Exporting Countries (OPEC) basket. The findings indicated that the WTI and 
the Brent oil markets had the topmost efficiency levels. OPEC basket behavior demon-
strated that by moving toward longer window lengths, the extent of compliance with 
AMH decreased.

Jin et  al. (2019) argued that in a system containing three commonly used hedging 
assets (i.e., Bitcoin, gold, and crude oil), they would be able to recognize which one was 
more informative in clarifying price oscillations. Three different methods, multifractal 
detrended cross-correlation analysis (MF-DCCA), information share (IS) analysis, and 
multivariate GARCH (MVGARCH), were utilized to reach this goal. The results illus-
trated that (1) the MF-DCCA suggested that multifractality existed in the cross-correla-
tions among the three hedging assets, and Bitcoin was more prone to price fluctuations 
than gold and crude oil markets. (2) The dynamic correlations between gold and crude 
oil markets were almost positive, whereas those between Bitcoin and gold and between 
Bitcoin and oil markets were nearly negative.

Kang et  al. (2019) utilized wavelet coherence and dynamic conditional correlations 
(DCCs) to analyze the hedging and diversification properties of Bitcoin prices in regard 
to gold futures. They examined whether the bubble patterns in gold futures prices could 
be utilized to hedge against the same behavior in the Bitcoin market in the short-term, 
and vice versa. They also examined whether each could be employed to manage and 
hedge the overall market and the sector downside risk of the other asset or commodity. 
The wavelet coherence results indicated a relatively high degree of comovement across 
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the 8- to 16-week frequency band between Bitcoin and gold futures prices for the 2012–
2015 time period.

Noda (2020) investigated whether the market efficiency of selected cryptocurren-
cies (Bitcoin and Ethereum) changed over time based on the AMH. He measured the 
extent of market efficiency by applying a time-varying model that did not have any type 
of dependency upon sample size, unlike prior studies that utilized common approaches. 
The empirical findings indicated that (1) the extent of market efficiency fluctuated with 
time in the markets, (2) the level of Bitcoin’s market efficiency was higher than that of 
Ethereum over most of the periods, and (3) a market with high market liquidity was 
evolving. Generally, the findings supported the AMH for the most well-established cryp-
tocurrency market.

Tran and Leirvik (2020) applied a method to quantify the level of market efficiency, the 
so-called adjusted market inefficiency magnitude (AMIM; see Tran and Leirvik 2019). 
They showed that the level of market efficiency in the five largest cryptocurrencies 
was highly time-varying. Their study noted two reasons for this phenomenon. First, by 
applying a longer sample than previous studies and, second, by implementing a robust 
measure of efficiency, they were able to determine directly whether the efficiency was 
significant. They concluded that Litecoin was the most efficient cryptocurrency, and 
Ripple was the least efficient one.

Tripathi et  al. (2020) investigated the AMH for 21 major global market indices for 
1998–2018. They employed quantile-regression methodology to scrutinize the market 
efficiency of 16 financial markets. The findings showed that the returns in higher quan-
tiles were negatively autocorrelated, and those in lower quantiles were positively auto-
correlated. In general, market efficiency seemed to be time-varying and conditioned to 
the state of the market. Moreover, the analysis suggested significant evidence supporting 
the AMH for a considerable number of financial markets.

Varghese and Madhavan (2020) investigated the long memory dynamics in crude oil 
markets from an AMH perspective. In doing so, they selected the three benchmark 
crude oils, namely, WTI, Brent, and Dubai crude prices, for a rolling Hurst exponent 
analysis. Their findings showed the WTI market to be the most efficient, followed by the 
Brent and Dubai markets. Furthermore, by applying an extensive dataset of more than 
36 years, they realized crude oil markets to be efficient most of the time and to be inter-
posed only with transitory and short-lived periods of market inefficiency.

This study’s main contributions are as follows: First, we tested the AMH on bench-
mark cryptocurrencies and gold and WTI crude oil to analyze the return predictability 
of the data by employing well-known linear and nonlinear statistical techniques. These 
techniques could distinguish any time-varying serial dependence in the conditional 
mean, support an unidentified form of conditional heteroskedasticity, and confirm the 
fluctuating conduct of efficiency. Second, we implemented a "rolling sample" approach 
with different window lengths of time instead of an appointed event approach (which is 
usually faced with criticism).

The remainder of this study is organized as follows: “Methodology” section cites the 
methodology of the study. “Data and summary statistics” section shows the data and rel-
evant descriptive analysis. The analysis of the research results is given in “Analysis of the 
empirical results” section, and finally, “Conclusion” section concludes the study.
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Methodology
The generalized spectral test

The GS test (Escanciano and Velasco 2006) is a nonparametric test used to detect the 
presence of linear and nonlinear dependencies in a stationary time series.

The GS test contemplates dependence at all lags; this test statistic is robust to condi-
tional heteroscedasticity and is also reconcilable against a family of uncorrelated non-
martingale series. Some analysts, such as Charles et al. (2012), have conducted Monte 
Carlo tests to analyze contrasts among small sample properties of other tests follow-
ing the martingale difference hypothesis (MDH). They concluded that the GS test 
showed greater power under nonlinear dependence and had more empirical power 
than other tests; therefore, the GS test is a powerful test for returns predictability.

We pursued the GS test as applied in Lazăr et  al. (2012): Let  Yt be a stationary 
return time series. According to the MDH, returns are not forecastable. Hence,  Yt is 
a martingale difference sequence when we cannot forecast its value in the future. We 
examined the null hypothesis of a martingale difference sequence of the return series 
against the alternative hypothesis by applying a pairwise method:

Let ϕθ
(

y
)

= E
[

(Yt − µ)eixYt−θ
]

 be a nonlinear gauge of conditional mean depend-
ence, where y ∈ R . The exponential weighting function is utilized to determine the 
conditional mean dependence in a nonlinear time series. Consequently, the previous 
null hypothesis is consistent with ϕθ

(

y
)

= 0 for all θ ≥ 1.
Escanciano and Velasco (2006) applied the following GS distribution function:

The sample estimate of H turns into

where ϕ̂θ = (n− θ)−1
∑n

t=1+θ

(

Yt − Y n−θ

)

eixYt−θ and 
√
(1− θ/n) is a sample finite cor-

rection factor. Therefore, the GS distribution function under the null of MDH evolves 
into H

(

ψ , y
)

= ϕ0
(

y
)

ψ . This test emanated from the difference between Ĥ
(

ψ , y
)

 and 
Ĥ0

(

ψ , y
)

 = ϕ0
(

y
)

ψ , as follows:

We applied the Cramer-von Mises norm in Eq.  (4) to examine the distance of 
Sn
(

ψ , y
)

 to zero for all potential values of ψ and y:

H0 : mθ

(

y
)

= 0 for all θ ≥ 1; mθ

(

y
)

= E[Yt − µ]

H1 : P
(

mθ

(

yt−θ

))

�= 0 > 0 for some θ ≥ 1.

(1)H
(

ψ , y
)

= ϕ0
(

y
)

ψ + 2

∞
∑

θ=1

ϕθ
(

y
)

[sin(θπψ)/θπ ]; ψ ∈ [0, 1].

(2)Ĥ
(

ψ , y
)

= ϕ0
(

y
)

ψ + 2

n−1
∑

θ=1

√

(1− θ/n)ϕ̂θ
(

y
) sin (θπψ)

θπ
,

(3)Sn
(

ψ , y
)

=
√

n
/

2

[

Ĥ
(

ψ , y
)

− Ĥ0

(

ψ , y
)

]

=
n−1
∑

θ=1

√

(n− θ)ϕ̂θ
(

y
)

√
2 sin (θπψ)

θπ
,
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where the weighting function W (·) fulfills any moderate conditions.
If the standard normal cumulative distribution function is considered to be a weight-

ing function, the following test statistic D2
n results:

The null hypothesis of the martingale difference hypothesis is rejected when the values 
of D2

n are substantial. The p values of the test statistic D2
n are captured by the procedure 

presented in Escanciano and Velasco (2006). Accordingly, the p value of the test statis-
tic is estimated as the proportion of D∗2

n  , which is higher than D2
n . This test statistic is a 

bootstrap approximation of D2
n , which is specified in the work of Escanciano and Velasco 

(2006).

Automatic portmanteau test

To adapt to the conditional heteroscedasticity generally exhibited by financial returns, 
Lobato et al. (2001) altered the AP test developed by Box and Pierce (1970) as follows:

Yt represents the returns of financial time series, and 
τ̂ 2θ = 1

n−θ

∑n
t=1+θ

(

Yt − Y
)2
(Yt−θ − Y )2 is the autocovariance of Yt . Furthermore, k is 

the optimal lag order endorsed based on the Akaike information criterion (AIC) and the 
Bayesian information criterion (BIC). The AP test is characterized as follows:

The AP is a data-dependent test that selects the optimal lag (through information cri-
teria) and is robust to heteroscedasticity; its usage requires no wild bootstrap. The auto-
matic portmanteau (AQ) statistic asymptotically trails the Chi-square distribution with 
one degree of freedom under the null hypothesis of no return predictability.

Data and summary statistics
We conducted a statistical analysis of the data. The data included daily prices for three 
benchmark cryptocurrencies (i.e., Bitcoin, Ethereum, and Ripple) as well as data for one 
of the benchmark crude oils (WTI) and gold prices. The information for cryptocurren-
cies was acquired from Coinmetrics.io, and the data spanned the period from August 7, 
2015, to April 23, 2019. Additionally, the daily returns were determined as percentages 
according to a logarithmic difference in prices: rt = (lnpt − lnpt−1) ∗ 100.

(4)D2
n = ∫

R

1
∫
0

∣

∣Sn
(

ψ , y
)∣

∣

2
W

(

dy
)

dψ =
n−1
∑

θ=1

(n− θ)
1

(θπ)2
∫
R

∣

∣ϕ̂θ
(

y
)∣

∣

2
W

(

dy
)

,

(5)

D2
n =

n−1
∑

θ=1

(n− θ)

(θπ)2

n
∑

t=θ+1

n
∑

s=θ+1

(Yt − Y n−θ )
(

Ys − Y n−θ

)

exp

[

−1

2
(Yt−θ − Ys−θ )

2

]

.

(6)Q∗
k = n

k
∑

θ=1

ρ̃2
θ ; ρ̃2

θ = γ̂ 2
θ

/

τ̂ 2θ
.

(7)AQ∗
k̂
= n

k̂
∑

θ=1

ρ̃2
θ
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The summary statistics of returns are shown in Table 1. All of the data displayed positive 
skewness and negative Bitcoin returns. In this case, the skewness of Ripple was noticeable 
and indicated its marked difference from the other cryptocurrencies. Moreover, kurtosis 
was significant for all of the data and indicated a leptokurtic manner; however, it was abso-
lutely meaningful for Ripple, which confirmed excess kurtosis. This information showed 
that the return series were distributed far from normal and the significance of the Jarque–
Bera test statistics confirmed this finding (which also was recognizable for the Ripple data). 
The values of the Ljung–Box test statistics for returns and squared returns presented by 
Q(·) and Q2(·) , respectively, revealed that the serial correlation was significant for all of the 
data.

The results of the unit root tests for the data are depicted in Table 2. All of the calculated 
numbers for the augmented Dickey–Fuller (ADF) and Phillips–Perron (PP) test statistics 
presented stationarity at the 1% significance level. To test for the evolution of market effi-
ciency, we applied a rolling-window technique. The rolling window technique is a useful 
approach that can test the robustness of empirical results, which is essential for time-series 
models (Swanson 1998). In this study, we selected three different window lengths: 50, 100, 
and 150 days.

Table 1 Summary statistics of returns

*Represent the result is significant at the 1% level. Q(n) and Q2(n) denote the quantity of the Ljung–Box test statistics for 
returns and squared returns, respectively, distributed as χ2 with n degrees of freedom, where n is the number of lags used.

Bitcoin (BTC) Ethereum (ETH) Ripple (XRP) Gold WTI

Mean 0.0009 0.0017 0.0011 6.45E−05 0.0002

Median 0.0010 − 0.0003 − 0.0013 5.83E−05 0.0005

Maximum 0.0971 0.1752 0.4391 0.0203 0.0491

Minimum − 0.0877 − 0.1389 − 0.2613 − 0.0147 − 0.0351

Std. Dev 0.0168 0.0287 0.0317 0.0032 0.0102

Skewness − 0.1401 0.4561 3.0383 0.3524 0.2688

Kurtosis 7.8487 7.4705 42.4475 6.2588 5.3591

Jarque–Bera 1331.780* 1174.454* 89,940.09* 468.7668* 226.3693*

Q(5) 4.6100 13.076 33.345 4.8267 5.1512

Q(10) 14.885 16.568 52.000 20.872 9.1836

Q2(5) 133.33 195.93 188.63 26.530 219.74

Q2(10) 194.73 229.16 211.44 35.624 347.43

Table 2 Results of unit root tests for return values

*Significant at 1% level
a Augmented Dickey–Fuller test statistics
b Phillips–Perron test statistics

Test statistic Bitcoin (BTC) Ethereum (ETH) Ripple (XRP) Gold WTI

ADFa − 36.454* − 34.545* − 22.688* − 32.371* − 31.401*

PPb − 36.484* − 34.749* − 38.301* − 32.369* − 31.417*
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Analysis of the empirical results
We next examined the status of changing market conditions in terms of efficiency. The 
number of observations rejected2 the test’s null hypothesis, as shown in Table  3. The 
evaluation of the obtained results and the comparison of the behavior of data concerning 
market efficiency for each of the variables was essential according to two aspects: First, 
we could identify and monitor the behavior of market efficiency through the changing 
window lengths for the data (from 50 to 150 days), which in some ways expressed the 
evolutionary approach to the concept of efficiency. Second, we could compare the data 
and analyze market efficiency based on the two different methods (linear and nonlinear) 
mentioned in the study.

Accordingly, the following figures show each of the variables’ behaviors in terms of 
market efficiency. Figure 1 expresses the variation in the number of observations,3 and 
the results showed the market’s inefficiency. As the figure reveals, some data, such as 
Bitcoin, Ripple, and WTI, moved along with the increasing window length toward an 
improved market efficiency situation. This phenomenon was evident in Bitcoin. For the 
other data (including Ethereum and gold), we found a declining trend in market effi-
ciency, which was specifically noticeable as the study’s time window increased from 100 
to 150 days.

As shown in Fig. 2, we examined the market’s behavior at a 10% significance level. A 
review of the results in this case compared with the previous cases suggested that the 
gold and the Ethereum market conditions still deviated from the efficient state. This phe-
nomenon was remarkable regarding the gold returns, whereas the market efficiency of 
Ethereum changed slowly with increasing window length. Bitcoin’s behavior as the win-
dow length increased from 100 to 150 days indicated that the market was moving from 
the efficient condition, as this momentum decreased.

The results shown in Fig. 3 refer to the number of observations that rejected the GS 
test’s null hypothesis at a significance level of 5%. As can be understood from the plots, 

Table 3 The number of observations that reject the null hypothesis for the corresponding test 
statistic

* The number calculated at 5 percent significant level
** The number calculated at 10 percent significant level

Test statistic Assets 50 100 150

0.05* 0.1** 0.05 0.1 0.05 0.1

Automatic
Portmanteau
(AQ)

Bitcoin (BTC) 29 62 23 45 1 30

Ethereum (ETH) 21 47 20 50 62 67

Ripple (XRP) 76 192 90 151 16 87

Gold 89 154 89 180 154 243

WTI 142 171 46 88 12 41

Generalized spectral
(GS)

Bitcoin (BTC) 22 81 43 129 49 116

Ethereum (ETH) 71 168 89 218 164 314

Ripple (XRP) 52 147 52 136 63 140

Gold 25 69 37 92 47 86

WTI 14 53 28 49 10 41

2 Represents the inefficiency of the market.
3 Indicates the rejection of the null hypothesis of the test statistic at a significance level of 5%.
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the results’ examination suggested that by increasing the time window length from 50 
to 150  days, the market moved toward an inefficient condition (except for WTI). The 
Ethereum market took a more evident form. The number of observations that rejected 
the null hypothesis of the GS test increased from 89 in the 100-day window to 164 in 
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Fig. 1 Analyzing the behavior of market efficiency by AQ tests statistics at 5 percent significant level
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Fig. 2 Analyzing the behavior of market efficiency by AQ tests statistics at 10 percent significant level
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150-day mode; however, for three other data sets (i.e., gold, Ripple, and Bitcoin), the 
changing pace among the various periods was small.
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Fig. 3 Analyzing the behavior of market efficiency by GS tests statistics at 5 percent significant level
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Fig. 4 Analyzing the behavior of market efficiency by GS tests statistics at 10 percent significant level
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Figure  4 illustrates the GS test’s relevant results at a significance level of 10%. The 
behavior of the market varied over two different periods (50–100 and 100–150  days) 
and pertained to two series of data (gold and Bitcoin). Therefore, in the period from 50 
to 100 days, we found the related market distances from the efficient condition. With 
an increase in the time window from 100 to 150  days, however, the situation slightly 
improved. Ethereum, in this case, as before, also encountered a reduction in its market 
efficiency.

Analysis of the evolving behavior of market efficiency

This section evaluated the study results based on the two different methods (AQ and 
GS test statistics). The results were investigated in various time windows (50–150 days) 
to measure the degree of conformity of these results with the AMH. Additionally, by 
comparing the results of each study’s data, we can better understand the relevance of the 
relationship between markets and their alignment. The evolutionary behavior of the data 
with respect to market efficiency and in different periods has been studied based on this 
idea. We first analyzed the results based on the AQ method.

Evaluation of the results based on the AQ method

Bitcoin Figures 5, 6 and 7 examine the changing p values over the three different peri-
ods. As shown in Fig. 5, the market efficiency of Bitcoin was evolving (over the 50-day 
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Fig. 5 The evolving p values of AQ test statistic checked for the Bitcoin (BTC) in 50-day window length
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window), and by looking carefully at the initial and the last observations, this phenome-
non was noticeably visible. In previous observations, we detected that the level of market 
inefficiency was significant.

Ethereum The evolutionary behavior of the market efficiency of Ethereum was visible. 
As shown in Fig. 8, the market experienced an oscillatory trend in terms of efficiency 
(inefficiency), and this iterative trend was visible in all observations. In 100- and 150-day 
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Fig. 7 The evolving p values of the AQ test statistic checked for Bitcoin (BTC) in 150-day window length
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Fig. 8 The evolving p values of the AQ test statistic checked for Ethereum (ETH) in 50-day window length
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intervals (Figs. 9, 10), this trend was apparent in the last observations, and as shown in 
Fig. 10, the market remained inefficient within the 150-day window.
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Fig. 10 The evolving p values of the AQ test statistic checked for the Ethereum (ETH) in 150-day window 
length
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Fig. 11 The evolving p values of the AQ test statistic checked for the Ripple (XRP) in 50-day window length
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Fig. 12 The evolving p values of the AQ test statistic checked for the Ripple (XRP) in 100-day window length



Page 16 of 26Ghazani and Jafari  Financ Innov            (2021) 7:29 

Ripple With precise attention given to the behavior of Ripple’s data shown in Fig. 11, it 
can be seen that in the 50 days, the market efficiency experienced a notable fluctuation, 
which was more visible in the movement of early observations. By shifting to longer time 
intervals (Figs. 12, 13), it was evident that the level of the market efficiency improved so 
that the condition of the market4 changed from a relatively inefficient state to an efficient 
state in the initial observations. As shown in Fig. 13, the market fluctuated between effi-
cient and inefficient conditions, and ultimately, in a dampening process, it moved toward 
an inefficient state.

Gold By examining the results obtained for gold, we found that by increasing the 
length of the time window, a definite pattern in the p values emerged, which is shown 
in the Figs. 14, 15 and 16. By increasing the time window (from 50 to 150 days), this 
behavior can be observed as a W-shaped pattern. This form of behavior was traceable 
from the initial values of observations to the middle values that became highly volatile 
in this stage and then again repeated the same pattern as in the first phase (i.e., pat-
tern of the p values formed a W shape). In this situation, however, the period that the 
market remained in an inefficient state and then moved into more efficient states was 
more extended, which is visible in Fig. 16.
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Fig. 13 The evolving p values of the AQ test statistic checked for the Ripple (XRP) in 150-day window length

0
0.05
0.1

0.15
0.2

0.25
0.3

0.35
0.4

0.45
0.5

0.55
0.6

0.65
0.7

0.75
0.8

0.85
0.9

0.95
1

1 18 35 52 69 86 10
3

12
0

13
7

15
4

17
1

18
8

20
5

22
2

23
9

25
6

27
3

29
0

30
7

32
4

34
1

35
8

37
5

39
2

40
9

42
6

44
3

46
0

47
7

49
4

51
1

52
8

54
5

56
2

57
9

59
6

61
3

63
0

64
7

66
4

68
1

69
8

71
5

73
2

74
9

76
6

78
3

80
0

81
7

83
4

85
1

86
8

88
5

90
2

91
9

93
6

95
3

Fig. 14 The evolving p values of the AQ test statistic checked for the Gold in 50-day window length

4 In the 150-day window.
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WTI As time intervals increased (Figs.  17, 18, 19), the market behavior changed 
from the central part of the observations. The market inefficiency emerged mainly in 
the middle section of the observations, accompanied by excessive fluctuations (see 
Fig. 19). Moreover, the last part of the observations pointed to the market’s movement 
toward the inefficient state, which is consistent with most of the other research data 
results.
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Fig. 15 The evolving p values of the AQ test statistic checked for the Gold in 100-day window length
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Fig. 16 The evolving p values of the AQ test statistic checked for the Gold in 150-day window length
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Fig. 17 The evolving p values of the AQ test statistic checked for the WTI in 50-day window length
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Evaluation of the results based on the GS method

In the previous section, we examined the adaptive behavior of the study’s data in terms 
of the AMH based on a linear method (AQ test). We next evaluated this concept by 
applying a nonlinear method (GS test). Accordingly, we investigated the behavior of the 
data over time and in the form of different window lengths (50, 100, and 150 days). Fur-
thermore, we evaluated the sequence of the p values of the relevant test statistic, which 
indicated changes in the level of market efficiency. The following sections provide an 
analysis of the results related to each set of data.

Bitcoin By contemplating p values, we verified the high degree of adaptation of the 
results with the AMH concept. Therefore, we witnessed a particular behavior in the mar-
ket5 through the slowdown of inefficiency over time and a rolling back toward a more 
efficient state. This behavior was detectable over the entire length of the observations. 
The intensity of the market swing was higher at some times, which is visible in Fig. 20. 
In addition, by increasing the window range, we found that the number of observations 
that led to the rejection of the test’s null hypothesis decreased, and somehow, the market 
conditions moved toward a more efficient state. This feature is well illustrated by compar-
ing Figs. 20, 21 and 22.
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Fig. 18 The evolving p values of the AQ test statistic checked for the WTI in 100-day window length
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Fig. 19 The evolving p values of the AQ test statistic checked for the WTI in 150-day window length

5 In the 50-day window.
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Ethereum An examination of the results for Ethereum concerning the GS test statistics 
(Figs.  23, 24, 25) indicated that, despite the verification of the AMH, the direction of 
market movement tended toward an inefficient state, primarily by increasing the length 
of the time window. We witnessed a situation in the 150-day time window (particularly in 
the early and middle of the observations) in which the market was sustained in its existing 
condition, and the intensity of the changing market direction was diminished.
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Fig. 20 The evolving p values of the GS test statistic checked for the Bitcoin (BTC) in 50-day window length
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Fig. 21 The evolving p values of the GS test statistic checked for the Bitcoin (BTC) in 100-day window length
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Fig. 22 The evolving p values of the GS test statistic checked for the Bitcoin (BTC) in 150-day window length
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Ripple The obtained results for the p values of Ripple (Figs. 26, 27, 28) showed that 
an increase in the length of the study’s time window did not have a considerable effect 
on the changing behavior in the market in terms of efficiency. Nevertheless, we still 
observed an evolutionary manner in the results, which confirmed the concept of AMH.
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Fig. 23 The evolving p values of the GS test statistic checked for the Ethereum (ETH) in 50-day window 
length
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Fig. 24 The evolving p values of the GS test statistic checked for the Ethereum (ETH) in 100-day window 
length
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Fig. 25 The evolving p values of the GS test statistic checked for the Ethereum (ETH) in 150-day window 
length
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Gold A review of the data for gold suggested that the changing market directions, from 
moving toward an efficient state or moving away from it, could be understood by separat-
ing the observations into three distinct parts. As shown in Figs. 29, 30 and 31, p values 
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Fig. 26 The evolving p values of the GS test statistic checked for the Ripple (XRP) in 50-day window length
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Fig. 27 The evolving p values of the GS test statistic checked for the Ripple (XRP) in 100-day window length
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Fig. 28 The evolving p values of the GS test statistic checked for the Ripple (XRP) in 150-day window length
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declined, and once again, an increasing trend initiated and then descended. This behavior 
confirmed the concept of AMH, which was visible in the form of the 150-day window.

WTI The observed results for WTI (Figs. 32, 33, 34) in many cases were similar to the 
results for gold. This behavior was visible in the market’s changing direction from the 
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Fig. 29 The evolving p values of the GS test statistic checked for the Gold in 50-day window length
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Fig. 30 The evolving p values of the GS test statistic checked for the Gold in 100-day window length
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Fig. 31 The evolving p values of the GS test statistic checked for the Gold in 150-day window length
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efficient to inefficient state and vice versa. Altering the time window did not influence 
the overall market situation in terms of efficiency. Note that the results in “Analysis of 
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Fig. 32 The evolving p values of the GS test statistic checked for the WTI in 50-day window length
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Fig. 33 The evolving p values of the GS test statistic checked for the WTI in 100-day window length
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Fig. 34 The evolving p values of the GS test statistic checked for the WTI in 150-day window length
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the empirical results” section, in which the number of p values that rejected the null 
hypothesis was computed, confirmed this finding.

Conclusion
This study scrutinized the evolving efficiency by utilizing daily historical data for the 
three benchmark cryptocurrencies (Bitcoin, Ethereum, and Ripple), gold, and WTI 
crude oil. To assess any variation in market efficiency and check the market’s evolv-
ing behavior over time, we applied a rolling-sample technique with diverse window 
lengths that was consistent with AMH implications. We applied two alternative tests 
to examine linear and nonlinear dependency, which included AQ and GS. We ana-
lyzed the obtained results from two aspects: First, we focused on each market’s over-
all condition in terms of efficiency and degree of conformity with the AMH. Second, 
we examined the evolving behavior of each market by moving toward longer window 
lengths (e.g., from 50 to 150 days).

Considering these results, the observed behavior in all markets indicated verifica-
tion of the AMH, but the degree of adaptability of the data was different. According 
to the AQ test statistic, which was a linear method, we observed that the degree of 
adaptation of Bitcoin with respect to the AMH concept was relatively trivial (in other 
words, the change in market direction from an efficient state to an inefficient state 
and vice versa was insignificant). Gold returns, however, represented a greater degree 
of conformity with the AMH. Furthermore, concerning the achieved results of the GS 
test, which was a nonlinear method, we found that the level of adaptability of WTI 
with AMH was relatively insignificant. In contrast, Ethereum showed a more compat-
ible manner from an evolutionary perspective with respect to market efficiency.

Another aspect of the study was to analyze the existence of evolutionary behavior 
in the market. To achieve this goal, we checked the results by applying a rolling-win-
dow method with three different window lengths (50, 100, and 150 days) to the test 
statistics. When we increased the window length for each set of data, the market’s 
behavior (in terms of efficiency) changed. For example, at a significance level of 10% 
and based on the AQ test, the market efficiency of Ethereum improved slowly as the 
window length increased. For the GS test results at the same level of significance, we 
found that the market changed over two different periods (from 50 to 100 and 100 to 
150 days) for gold and Bitcoin. Thus, in the period of 50–100 days, we observed mar-
ket distances during the efficient conditions; however, as the window length increased 
from 100 to 150 days, the situation improved slightly.
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