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Abstract

This study investigates the dynamics of market efficiency and herding behavior in four leading
precious metals - gold, silver, platinum, and palladium - during and after the COVID-19 pandemic
using 5-day-week data from December 9, 2019 to March 1, 2026. Employing Multifractal Detrended
Fluctuation Analysis (MFDFA) to estimate generalized Hurst exponent (GHE), magnitude of long
memory (MLM), and the predictability of return, the findings reveal heightened fractal spectrum and
increased herding tendencies during the post-pandemic period for only gold. While the fractal
dimension improves for these metals, excluding for gold, they all exhibited weaker long-memory
characteristics and thereby an upward trend in the degrees of inefficiencies, implying resistance to
persistent shocks, estimated by the MLM approach. Within this framework, the returns of silver,
platinum, and palladium became more predictable during the post-pandemic period, implying lower
volatility. These results highlight structural shifts in investor behavior and the patterns of market
efficiency during crisis periods, providing important insights for enhancing market resilience and
volatility management.
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1. Introduction

The global population experienced one of the most significant global health threats of the last
century started at the end of 2019, called the novel coronavirus (COVID-19) pandemic. In particular,
from March 2020 onward, the disease spread from Wuhan, China to the entire world day by day,
leading several countries to enforce quarantine and lockdown measures along with strict public
health measures. Although COVID-19 had far-reaching consequences for global markets, it primarily
induced distinct reactions in financial markets. In that vein, the International Monetary Fund (IMF)
and the World Bank sharply revised growth rates downward due to disruptions in supply chains
and slowdown in production caused by quarantine policies, which led global markets to encounter
with potential crisis that were closely integrated with China through the import channel. For instance,
starting in March 2020, the value of Dow Jones index dropped more than 30 percent within a few
weeks. Additionally, millions of people in the United States applied for unemployment benefits
during the subsequent month. Small-scale firms were then exposed to bankruptcy risk. Besides, the
United Nations announced that the global economic impact of COVID-19 outbreak could require an
additional budget of 2 trillion dollars (UNCTAD, 2020).

This turning point was also coincided with the U.S. Federal Reserve (Fed) actions towards
reducing interest rates to near-zero levels for encouraging investment and thereby maintaining
employment stability. It aimed at supporting price stability by engaging in extensive bond-buying
programs in financial markets. A similar process was followed by the European Central Bank (ECB)
and other major central banks, which implemented quantitative easing measures to stimulate
economic growth and to prevent COVID-19 from turning into a global economic and financial crisis.
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Governments worldwide introduced large financial aid packages. Thus, increasing uncertainty and
rising global concerns led financial investors to turn to certain key assets considered safe havens such
as stocks and cryptocurrencies during the COVID-19 pandemic. The recent literature points out that
some studies (Salisu et al., 2021; Wen et al., 2022) argue that precious metals such as gold serve as
more robust safe havens compared to stocks, equities, and digital currencies, whereas the rest of the
others (Choudhury et al., 2022) suggest that the crisis dynamics play a decisive role. Especially the
financial disruptions during and after the pandemic have triggered a growing focus on alternative
financial assets.

The investigation of a change in market efficiency lies at the very center of these problems
whether to discuss the speed and accuracy with which prices reflect available information and how
appropriate reactions are formed (Barucci et al., 2023; Nimalendran, 2024). Since market efficiency
refers to the extent to which financial markets incorporate and reflect available information on asset
prices, investors and traders do not follow their way of earning abnormal returns under certain
conditions. However, if information can be predictable, prices may adjust through a nonlinear
process. The efficient market hypothesis (EMH) is conducted to provide evidence against the
existence of market anomalies where the level of information availability is divided into three forms:
the weak form (all past trading prices), the semi-strong form (public information), and the strong
form (all information) (Fama, 1991). Various multifactor-based models have been employed to assess
the degree of market efficiency. These include rolling sample analysis (Fasanya et al., 2021), machine
learning approaches (e.g., random forests, support vector machines, and linear models) (Sebastido &
Godinho, 2021), BEKK-MGARCH analysis (Katsiampa et al., 2019), integrated cluster detection,
optimization, and interpretation approach (Li et al., 2021), Markov regime-switching vector
autoregressive with exogenous variables (MS-VARX) model (Shahzad et al., 2021), generalized vector
autoregressive (GVAR) framework (Melki, 2020), bankruptcy prediction model (Kou et al., 2021a), a
hybrid interval type-2 fuzzy multidimensional decision-making analysis (Kou et al., 2021b), and
multivariate stochastic volatility model (Zhang & He, 2021). For instance, the machine learning-based
approaches employ financial innovation techniques - such as artificial neural networks, support
vector machines, random forests, and deep learning algorithms - to forecast future prices under the
assumption that markets exhibit inefficiencies (Georges & Pereira, 2021; Feng & Liu, 2024; Vukovi¢
et al., 2024; Bustos et al,, 2025). Moreover, time-varying procedures - such as rolling window
regression, generalized spectral test, and state-space models - imply that efficiency considerably
changes over time and then produces chronic instability in financial markets (Qi et al., 2022; Shao et
al., 2025).

Analyzing the effect of herding behavior on price dynamics of metals market is also essential, as
investor sentiment, crisis-driven uncertainty, safe-have demand, and speculative motive may induce
collective trading patterns that temporarily weaken market efficiency. Banerjee (1992) and
Bikhchandani et al. (1992) define herding behavior as rationally omitting private signals by assuming
that others know better and by stemming from information cascades. When investors mimic others
instead of relying on their own information (Sias, 2004), price movements can become more
fluctuated, resulting in higher volatility and more pronounced market ups and downs (Fei & Liu,
2021). Although the short-run price movements are influenced by herd biased effects, institutional
investors may trade similar types of assets since they may have reputation concerns (Lakonishok et
al.,, 1992). This coordinated trading behavior can exacerbate liquidity shocks or periods of selling
pressure (Nirei et al., 2012), which may be driven by asymmetric information. According to Forbes
and Rigobon (2002), increased herding, low investor confidence, and higher uncertainty lead to
stronger co-movement in the market. Accordingly, herding behavior may be categorized based on its
determinants and market dynamics. While herding can depend on informational (Bikhchandani et
al., 1998), reputational (Scharfstein & Stein, 1990), or behavioral (Banerjee, 1992) factors in terms of
causes, the existing literature identifies crisis-induced herding (Bouri et al., 2021; Ferreruela & Mallor,
2021) and trend-following herding (King & Koutmos, 2021; Lin et al., 2023) indicators with respect to
market conditions. Besides, the herd-biased behavior is attributed to a change in rationality where
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timing as simultaneous (Andrikopoulos et al., 2017; Scharnowski & Shi, 2024) or lagged (Park &
Sabourian, 2011; Cipriani & Guarino, 2014), reflecting high-frequency trading and delayed responses
to market signals. The group- (Lillo et al., 2008) and market-wide (Henker et al., 2006) classification
is also relevant for herding. Notably, the alternative approach points out the importance of cross-
sectional dispersion of betas (Hwang & Salmon, 2004) where Lakshman et al. (2013) state that this is
statistically more pronounced than macro-induced variables to estimate herding, driven by
sentimental and psychological factors.

This study examines the precious metals market to analyze the behavioral effects on market
efficiency through the use of herding algorithms. Precious metals hold a prominent position among
financial assets especially for both individual and institutional investors. Rising market uncertainty,
the degree of inefficiency, and volatility concerns have recently led investors toward diversification
and buying safe-haven assets. The behavior of returns is crucial for hedging and risk management
decisions. Compared to traditional asset classes, precious metals have their own potential by
protecting portfolios against price instability, currency risk, and systemic market shocks. Forecasts of
returns in these markets tend to follow a nonlinear pattern, driven by economic, financial, and
political forces. When traditional assets become highly volatile, investors stress the importance of
diversification to improve risk-adjusted returns (Sadorsky, 2024). Moreover, market efficiency - or
the degree of return predictability - directly affects how quickly information is reflected in prices or
whether abnormal profit opportunities may arise (Charles et al., 2015).

Among the other precious metals, gold especially warrants distinct consideration given its
substantial investment potential. Compared with the others, gold holds an average market share of
42% and thereby dominates the market. Thus, several previous studies highlight special importance
for gold market. This focus is driven by gold’s well-established role as a traditional “safe-haven”
(Triki & Maatoug, 2021; Ryan et al., 2024). Gold is widely recognized for its capacity to enhance the
portfolio risk-return trade-off and to provide hedging benefits during periods of economic downturn,
heightened uncertainty, financial turmoil, geopolitical risk, and elevated risk aversion associated
with weak investor sentiment (Tiwari et al., 2020; Salisu et al., 2023; Thuy et al., 2024). Instead of
traditional EMH tests, several studies employ alternative advanced techniques, such as multifractal
methods, inefficiency analyses, or fractal-based measures, which bring out the complex dynamics of
gold market. For instance, Wang et al. (2022) indicate that there is an asymmetric herding during
positive and negative return phases in China’s gold futures market based on investor imitation, while
Wang et al. (2024) analyzed gold spot market efficiency under major events (including COVID-19)
and showed that efficiency weakens during such periods, implying deviations from weak-form
efficiency. The main drivers of herding in the gold market can be grouped as: (i) market stress and
uncertainty (Memon et al., 2022), (ii) speculation and investor sentiment (Niu et al., 2024; Nguyen et
al., 2025), (iii) volatility and investor attention (Piccoli & de Castro, 2021), and (iv) cultural and
regional differences (Liao, 2025). Hence, investors’ collective behavior tends to prevail during periods
of high market volatility. Additionally, the other factors such as currency denomination, trading
structures (e.g., ETFs and futures), nonlinear dynamics, and information flows can affect the degree
of efficiency in gold markets. Bidirectional interactions between herding and market efficiency may
emerge. When investors copy the financial behaviors and imitate trading strategies, prices tend to
follow trends rather than fundamental information, increasing herding and overall inefficiency.
Moreover, investors are more likely to follow others’ actions under conditions of asymmetric
information.

The level of volatility in precious metal markets plays a decisive role in analyzing fractal
dimensions and scale-dependent dynamics. This is particularly explained through modeling the
dynamics of price fluctuations and investigating the underlying determinants for metals such as gold,
silver, platinum, and palladium. Using GARCH and related models, the volatility dynamics of
precious metals are investigated through conditional variance models, considering factors such as
long memory, asymmetry, and spillover effects. According to Batten et al. (2010), the macroeconomic
factors have different effects on volatility trends based on employing monthly price volatility of these
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metals. In particular, monetary policy variables explain gold’s volatility, whereas this effect does not
hold for silver. Nevertheless, volatility feedback effects are detected across all selected metals. Recent
literature shows that such models as GARCH-MIDAS are used to test the impact of global economic
policy uncertainty on precious metal price fluctuations, and uncertainty indices are found to
significantly affect the volatility of gold, silver, platinum, and palladium (Raza et al., 2023). In
addition, other empirical studies conducted within ARCH/GARCH framework reveal the presence
of cross-market dynamics among precious metals, covering volatility clustering, asymmetry, and
spillover effects (Fatima et al., 2022; Kakade et al., 2022; Madzar et al., 2023). For instance, some
studies report that there is a unidirectional causality between silver and platinum driven by price
volatility of gold (Rathnayake et al., 2025). Therefore, studies on volatility provide important insights
when interpreting the results of multifractal algorithms. Since volatility measures the magnitude of
fluctuations in a time series, multifractal methods uncover the scale-dependent organization of these
fluctuations and determine whether the series is monofractal or not.

Conventional methods have certain limitations, whereas multifractal models tend to better
capture stability patterns in financial markets. Based on Hurst exponent (Hurst, 1951; Mandelbrot,
1975), fractals are defined as complex geometric forms characterized by a single scaling attribute,
which are especially important for identifying market turbulences. Mandelbrot (1963) and
Mandelbrot and Hudson (2004) argue that financial price movements are inherently irregular and
discontinuous, challenging the assumption of traditional models. However, they display scale-
dependent and self-similar behavior, allowing them to capture fractal dimensions and the methods
of fractal geometry. Kantelhardt et al. (2002) extended this framework by introducing the MFDFA
method to assess multifractal features in non-stationary and stochastic time series, thereby facilitating
to capture the intricate dynamics of financial markets. In that vein, fractal theory has been widely
employed to test weak-form efficiency in financial markets, which captures features such as long-
range dependence, scale invariance, and self-similarity (Patil & Rastogi, 2020; Metescu, 2022; Xu et
al.,, 2022). Moreover, this theory is used in gold market to test weak and semi-strong form efficiency
and to analyze complex market dynamics, particularly during periods of heightened uncertainty or
major geopolitical events (Madani & Ftiti, 2019; Wang et al., 2024). Consistently, the impact of chaotic
events has been used to explain financial market stability and to assess dynamic efficiency (Lahmiri
& Bekiros, 2020; Jalan et al., 2021; Tanin et al., 2021).

This study contributes to literature in several ways. First, the precious metals market will be
analyzed through the examination of short- and long-run fluctuations in gold, silver, platinum, and
palladium across the COVID-19 outbreak and post-pandemic period, based on multifractality
method. Second, this paper will capture deviations from the assumptions of weak-form market
efficiency by measuring the persistence of large price fluctuations in precious metals. Third, the
multifractal analyses will be complemented with the memory of long magnitude method to capture
scale-dependent dynamics and long-term dependencies in precious metals market to assess complex
financial behaviors during and after the COVID-19 pandemic. Consequently, the empirical findings
will pave a way for capturing the long-run effects of large fluctuations which are technically useful
for assessing the investment risk and the performance of predictive models.

The empirical results show that the generalized Hurst exponent (GHE) estimates have varying
degrees of multifractal characteristics for selected precious metals over the sample period. The post-
pandemic period exhibits weaker multifractal structures and reduced herd-driven behavior for silver,
platinum, and palladium, in contrast to gold. The same finding is not relevant for the magnitude of
long memory where the degree of inefficiency notably increased after the COVID-19 outbreak for
each selected precious metal. In that vein, the herding behavior and the degree of market inefficiency
differ from each other in terms of periodical dimension. In addition, the average level of multifractal
spectrum positively changes only for gold, indicating an increase in multifractality during the post-
pandemic period. However, the MLM-based inefficiency index suggests that all selected assets
exhibited an increase over the sample period, suggesting that they all became less efficient in the
aftermath of the COVID-19 pandemic. Within this framework, the returns of silver, platinum, and
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palladium, excluding gold, became more predictable during the post-pandemic period, implying
lower volatility.

The rest of the paper is organized as follows: Section 2 describes the data, while Section 3
explains the methodological framework. Section 4 discusses empirical findings. Section 5 concludes
the study.

2. Data

The sample of this study includes the financial data of four major precious metals’ prices during
the period between December 9, 2019 and March 1, 2026, extracted in 5-day-week frequency as per
data available in “investing.com” database. Regarding the sample period of the study, the time
dimension is divided into two separate sub-periods as the COVID-19 pandemic and the post-pandemic
period. The prices of precious metals are also calculated by their returns on 5-day-week frequency to
make comparisons among each other, to discuss diversification performance, and to forecast the
future dynamics in prices. The precious metals’ returns are calculated in Equation (1) as follows:

r, = log (p”—) (1)

Here, 1 and p, are, respectively, the returns and prices at time f. p,_; is the price at time ¢-1.
Table 1 presents descriptive statistics, illustrating the asymmetrical features of upward price
distributions across two periods. The results of the skewness and kurtosis tests suggest that each
series does not follow normality and thereby deviates from Gaussian distribution.

Table 1. Descriptive statistics.

GOLD SILVER PLATINUM PALLADIUM
Mean 2252.6 28.03 1057.1 1704.8
Median 1922.8 24.56 977.2 1774.1
Maximum 5399.9 116.6 2796.2 3180.5
Minimum 1459.2 11.95 591.5 852.5
Std. Dev. 766.9 12.72 279.5 592.4
Skewness 1.857 3.325 3.037 0.179
Kurtosis 5.927 16.47 13.79 1.779
Jarque-Bera 1511.3%** 15234*** 10328*** 108.9%**

(0.000) (0.000) (0.000) (0.000)
ADF -18.02%** -18.07*** -18.20*** -17.98***
PP -39.71%** -40.94%** -41.29*** -38.52%**
No. of Obs. 1621 1620 1615 1614

Figure 1 also describes the trends of precious metals’ returns and prices over time. Accordingly,
all selected prices of assets show considerable volatility during specific periods. Thus, it indicates that
the pandemic period might have enduring implications for those prices, notably for predicting future
trends.
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Figure 1. Price and return dynamics.

3. Methodology
3.1. STL Method

Prior to the MFDFA algorithm of the selected precious metal assets, the empirical framework
utilizes the Seasonal and Trend Decomposition using Loess (STL) method introduced by Cleveland
et al. (1990) to decompose the time series, allowing nonlinear correlations to be assessed within its
components. Using locally fitted regression models, the STL approach provides a robust framework
for decomposing time series into trend, seasonal, and remainder components. Hence, the usage of
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data is proper for each series along with informative feedback from the dataset obtained by recurring
temporal patterns, which are captured as seasonal components.

The STL algorithm smooths the selected time series using Loess within inner and outer loops;
the inner loop performs seasonal and trend smoothing, whereas the outer loop mitigates outlier
effects. Within the STL framework, the seasonal component is primarily estimated within the inner
loop and then adjusted to derive the trend component. The remainder component reflects the residual
difference after removing the seasonal and trend factors.

As mentioned above, the Loess smoother developed by Cleveland et al. (1990) is also employed
to decompose the daily fluctuation series of the selected precious metal assets into deterministic and
stochastic components. Each series is classified as three different components: trend (T;), seasonal
(S;), and stochastic remainder (R;) (Laib et al.,, 2018a, 2018b). Given the daily fluctuations in
selected precious metals assets, the STL components can be written as follows:

i@ =Ti+S+R; )

Here, y; depicts the daily fluctuations of time series of selected precious metals based on
logarithms, T; and S; are the values of trend and seasonal components, and R; is the value of
remainder component at point i. STL composition of the series is carried out using the “STL” package
in RStudio (Cleveland et al., 1990; Laib et al., 2018a; Milos et al., 2020). For seasonal extraction, the
Loess window span is specified as 30 in the daily fluctuation series of selected precious assets.
Accordingly, Figure 2 represents the STL decomposition of fluctuations in those assets. Each graph
illustrates the daily fluctuations in the selected series of precious metals market, along with their
trend, seasonal, and remainder components.
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Figure 2. STL of precious metals.
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3.2. The MFDFA Algorithm

The behavior of precious metals market is analyzed in terms of short- and long-run benefits;
accordingly, this study employs fractal theory to identify the presence of herd-biased impact and the
degree of market inefficiency. MFDFA represents a generalized form of the standard DFA method to
test the presence of correlations and multifractal features in non-stationary time series data
(Kantelhardt et al., 2002). The methodological structure of MFDFA builds upon five main steps
(Martinez et al, 2021; Mnif et al, 2022). The initial procedure starts by assuming that
{xx,k = 1,2,.., N} where the series of length N does not decay to zero within a closed set. Thus,
Xy = 0 is possible for an empty set of values.

Step 1. The profile or accumulated deviation of the seasonally adjusted series X is measured
by the cumulative sum Y (i) as:

i
OEDNIAEE] ®)
k=1

Here, X represents the mean of xj, and thereby captures the transition from a white noise
series to its cumulative random walk form. Equation (4) denotes X in a formal illustration and will
be eliminated in the trend analysis undertaken in step 3.

N

1

F=1 )
i=1

Step 2. The profile or cumulative sum Y (i) is divided into Ng = EJ non-overlapping

continuous segments (V) of equal length scale (s). EJ is the integer part of N divided by s. As the

series length N may not necessarily multiple of the time scale s, a small segment at the end of profile
or cumulative sum may be excluded from the local segments. Therefore, this leads to be concluded
with 2N, which is conducted by repeating the older segmentation process in reverse order.

Step 3. For each of the 2N; segments, the local trend is estimated through the least squares
regression of the series. Additionally, the polynomial trend function ¥, (i) is estimated by sections
adjusted in each segment v through the detrending approach over a range of different window sizes
s within the variance equation as:

N

1 ~
) =< ) () = T ()2 6)
k=1
The fitting procedure is based on linear (m = 1), quadratic (m = 2), and cubic (m = 3) polynomials.

Step 4. The fluctuation function or average fluctuation of the gth order is measured by taking the
mean of all segments. For q = 0, it is defined as:

1
1 2Ns q
q
F(s) = 15y ) [FRQ)L2 (6)
v=1
and for q # 0, the equation is expressed as:
" 2N
F,(s) = exp Z InF%(v,s) (7)
4N, 4
v=

To determine how F,(s) depends on the scale s for different g values, steps 2-4 are required to
be repeated across various time scales. This study restricts g within the interval —5 < q < 5.
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Step 5. The scalar behavior of F,(s) isidentified by means of log-log graphs F;(s) againsts for
each value of g order. Fractal time series may possibly exhibit a range of scales, m + 2 = 5, < 5 <

Smax = % in a given order q # 0, for which Equation (8) can be conducted:
h
Fas) ~ s"@ (8)

Hence, the profile or accumulated deviation of the seasonally adjusted series xj; has long-term
correlation. Since F,(s) is not a constant function of s, the value of Fy(s) is measured by Equation
(9), subject to g = 0 (Philippopoulos et al., 2019):

FO(S) ~ Sh(o) (9)

The least squares method is also employed to adjust functions In (Fq (S)) and In(s) (Zhang et

al, 2019). h(q) is the generalized Hurst exponent and it can be related to the classical Hurst
exponent /i (Chen et al., 2002; Movahed et al., 2006):

o= h(2), for stationary time series

B {h(Z) -1, for non — stationary time series (10)

It can be shown that, for such a non-stationary signal, the mean sample variance corresponding
to q = 2 follows a proportionality s™®, with h(2) = h + 1.

When h(q) showsno dependence on g, the values of h(q) donot change, thereby the variance
FZ(v) stays constant for all local segments. The average fluctuation of the gth order, F(s), takes the
same value for all 4. This means that the time series is monofractal and thereby has no multifractal
characteristics. By contrast, if h(q) is determined by g, the data of time series has a multifractal
structure. Then the velocity of local fluctuations in Fj(s) is considerably driven by selected window
size. Positive and negative g values highlight large and small fluctuations, respectively, capturing the
scaling behavior of each segment (Kantelhardt, 2015). In a multifractal time series, h(q) is a
nonlinear decreasing function of g; thus, for ¢ < 0, h(q) values are larger than for g > 0. The
exponent h(2) is corresponded to the value between 0 and 1. In multifractal series, positive g
corresponds to lower h(q) values, potentially requiring more iterations for estimations, with the
multifractal spectrum spanning m from 1 to 3. To mitigate overfitting problems, this study applies
a first-order polynomial with order m = 1 (Lashermes et al., 2004; Mnif et al., 2022).

3.3. Generalized Hurst Exponent

The generalized Hurst exponent (GHE), h(q), extends the traditional Hurst (Ho6lder) exponent
introduced by Hurst (1951). It is commonly used to identify financial bubbles or explosive behavior
in a time series. Therefore, as a key method for assessing scaling behavior, the GHE provides a way
for underlying dynamics of financial markets (Di Matteo et al., 2005; Barunik & Kristoufek, 2010). The
estimation procedure leans on the following equation:

N-1 N-tT
K@) = ) IXE+D) = X(©17/ ) XOI a1
t=0 t=0

If 0<h<0.5, the series xj, exhibits long-term negatively correlated behavior where the
process frequently reverses its trend direction. Thus, it is described as anti-memory or anti-persistent.
This also means that the series lacks from fractal characteristics, thereby preventing the bubble
formation and indicating the absence of herding behavior. If h = 0.5, the series follows random walk
and shows no correlation. If 0.5 < h < 1, the process is persistent with a clear shape, higher fractal
features, and herding behavior. Moreover, it has a long-term memory with a long-term correlation
and continuous trend (Movahed et al., 2006; Martinez et al., 2021).

Along with detecting the herding behavior, the roughness in financial markets was first
introduced by Mandelbrot (1963), which is particularly estimated by the Hurst exponent h
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(Mandelbrot & van Ness, 1968). The following Equations (12) and (13) calculate the fractal dimension
d, represented as:

d=2—-—hwhen0<h<1 (12)

and

d=15—awhen—05<a<0.5 (13)
The generalized Hurst exponent (GHE), h(q), is calculated by multifractal scaling exponent,
7(q), defining as Rényi exponent (Paladin & Vulpiani, 1984), to explain multifractal behavior, as
follows:
7(q) = qh(q) — 1 (14)
Here, the Rényi exponent tends to be concave if the process is multifractal or linear if it is
monofractal. This can be also explained based on the independence of 7(q) and q where h(q) =
h; then they are linearly correlated and are defined as monofractal, 7(q) = qh — 1. On the contrary,
there may be concave nonlinear relationship between 7(q) and ¢, then, the time series can be
assumed to be multifractal. Thus, the degree of multifractality intensifies with the strength of the
nonlinear relationship (Zhang et al., 2019). Additionally, 7(q) estimates h(g) by using: (i) the
generalized Hurst exponent or (ii) the generalized fractal dimension.
The first one is estimated by:

1+1(q)
h(q) = — (15)
and the latter is computed by the following equation:

_1(q)
d(q) = 71

Another approach to characterizing the multifractality of a time series is to utilize the singularity
spectrum f (). The first-order Legendre transformation is employed to calculate f(a) in relation

(16)

with 7(q):
dh,
@ =hig)+ g 7l-1, (17)
dq
where the singularity spectrum f (@) is calculated as:
fl@) =qa —14 (18)

The Holder exponent (singularity index) is represented by a and f(a) and it describes the
fractal dimension of those segments of the time series identified by a given a. In that vein, the plot
of a against f(a) is known as the singularity spectrum, also referred to as the multifractal
spectrum where f(a) gets the maximum value when g = 0. For monofractal signals, the f(a)
spectrum collapses to a single point. In a practical framework, the strength of multifractality Ah(q)
indicates deviation from monofractal behavior. Thus, the higher values of Ah(q) correspond to a
more developed multifractal characteristics and the stronger its dynamics (Oswikecimka et al., 2013).
The same structure is also valid for the width of multifractal spectrum, Aa, which also serves as
indicator of the degree of multifractality. A marked variation in multifractal behavior necessarily
reflects a substantial transformation of the series spectrum. The scale range is selected between
Smin = 10 to Spax = (T/4) (Rizvi et al., 2014) for this study, where T denotes the total length of
the time series of selected precious metals.

3.4. Magnitude of Long-Memory and Predictability Index

To analyze how time-varying market efficiency changes, this section uses a measure of long-
range dependence based on the generalized Hurst exponent. The magnitude of long memory (MLM)
reflects fluctuations in the level of market efficiency across different periods. Market efficiency is
further evaluated by estimating the multifractal dimension, which reflects a random walk process
across the spectrum from lower bound h(—0.5) toupperbound h(5). When the magnitude of long
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memory is zero, the volatilities of selected precious metals” returns are considered fully efficient,
exhibiting neither long memory nor explosive behavior.

Accordingly, larger (smaller) MLM values correspond to a stronger (weaker) degree of long
memory and a greater (lower) tendency toward explosive dynamics, thereby implying a higher
(lower) level of herding behavior. Following Khuntia and Pattanayak (2020), market efficiency is
proxied by the inefficiency index (MLM), and together with the indicators of explosive behavior, is
formally presented as follows:

MLM = % (Jh(=5) = 0.5] + |h(5) — 0.5]) (19)

On the other hand, the predictability index (PI) is also defined as:
PI=2|d—-15|=2|05-h| (20)

The fractal dimension, d, is expressed in absolute term since predictability rises under two
conditions: (i) d < 1.5 (corresponding to 0.5 < h < 1) and (ii) d > 1.5 (corresponding to 0 <
h < 0.5) (Rehman & Siddiqji, 2009). If the first case (d < 1.5) holds, there is a persistence behavior
or correlation. Otherwise, the second case (d > 1.5) shows anti-persistence behavior or negative
correlation. Similarly, if PI tends toward zero, the process approximates a random walk (classical
Brownian motion), thereby rendering precious metals inherently unpredictable in terms of their
future trends. Hence, variations in amplitude over two consecutive periods are independent from
each other. However, the closer Pl is to one, the more predictable returns become, thereby increasing
the likelihood of trend persistence.

4. Empirical Findings

The multifractal series with non-normal distribution is analyzed within the initial phase to
determine whether it is driven by multiple signals. Figures 3-6 highlight the standard MFDFA results
for the remaining inputs of four major precious metals - gold, silver, platinum, and palladium. As
illustrated in each figure, the log-log relationship between F(q) and s exhibits a distinct straight-
line pattern. Regarding Equations (5) and (6), they are used to derive Hurst exponent, and the
stationarity of the series is calculated under the condition that g = 2 for assessing the scaling
behavior.

The gth-order Hurst exponents h(q) for precious metals vary across ¢, indicating multifractal
scaling exponents rather than a single, unique exponent, represented in Figure 3. Besides, each value
with negatively sloped trend implies a presence of multifractality in the temporal dynamics of time-
varying residual components. The h(q) estimates are confined to the interval between g = 5 and
q # 5, given that the slopes have consistent and gradual changes beyond q > 5. Furthermore, for
further estimations of multifractal dimensions, the empirical analysis consists of the Rényi exponent
74 (Figure4) and the singularity spectrum f (@), through estimating Equations (14)—(18). The overall
findings suggest that monofractal series are characterized by linear scaling, while multifractal series
demonstrate nonlinear patterns. The exponent form (nonlinear behavior) of the Rényi exponent 7,
provides some evidence that all series exhibit multifractal spectra. In addition, a single-peaked
(single-humped) shape of the multifractal spectra indicate that the whole series follow a multifractal
structure. The colored dots representing different orders of the Hurst exponent - g =5 (green), 4 =0
(red), and g = -5 (black) - indicate changes in the slope of h(q) across the series, as highlighted in
Figure 5. The final step measures the range of Ah(q) to analyze the presence of multifractal
spectrum and to evaluate the strength of multifractality, indicating a deviation from monofractal
behavior. The larger (smaller) the range, the higher (lower) the multifractality (Kantelhardt et al.,
2002).

The estimated fluctuation functions of selected precious metals indicate a largely symmetric
multifractal spectrum over the years, suggesting that the returns are self-affine fractals with axis-
dependent scaling. While past patterns influence returns, they may introduce bias due to value
changes and estimation errors. Figure 6 shows that the spectrum becomes slightly skewed right
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during the post-pandemic, highlighting the impact of certain variations on those assets during this

period.
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Figure 3. Hurst exponent.
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Figure 6. MFDFA plots.

The empirical findings of the generalized Hurst exponent are also summarized in Tables 2-5
through the range of q € [-5, 5] for given precious metals. For instance, —5 < h(g) < 0 values for
h(q) refer to the small price fluctuations effect on returns, while 1 < h(q) < 5 means otherwise.
Accordingly, as the h(q) values are bound between 0 and 1, the return series of each selected
precious metals exhibits fractional Gaussian motion over the given periods. Furthermore, the h(q)
values have downward trends from negative to positive q orders, thereby the temporal dynamics
of the remaining components reveal multifractal behavior (Laib et al., 2018a, 2018b).
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Table 2. Generalized Hurst exponent: Gold.

COVID-19 outbreak Post-COVID-19 period
q*"order 4 hq a f(a) 74 hq a f(a)
-5 -3.8430 0.5686  0.6338  0.6740 -4.1550 0.6310  0.7014  0.6480
-4 -3.2092 05523  0.6338 0.6740 -3.4536 0.6134 0.7014  0.6480
-3 -2.6017 05339 0.6075 0.7792 -2.7805 0.5935 0.6731  0.7612
-2 -2.0266 05133 05751 0.8764 -2.1412 0.5706  0.6393  0.8626
-1 -1.4903 04903  0.5363 09540 -1.5430 0.5430 0.5982  0.9448
0 -1.0000  0.4641  0.4903  1.0000 -1.0000 0.5079  0.5430  1.0000
1 -0.5665 04335 04335 1.0000 -0.5386 04614  0.4614  1.0000
2 -0.2048 03976 03617 09282 -0.1956 04022  0.3430 0.8816
3 0.0731 03577  0.2779 07606  0.0119  0.3373 02075  0.6106
4 0.2728  0.3182 01997 05260 0.1148 0.2787  0.1029  0.2968
5 0.4165  0.2833  0.1437 03020 0.1590 0.2318  0.0442  0.0620
Efficiency index 0.1427 0.1996
Predictability 0.1068 0.0598
index

Table 3. Generalized Hurst exponent: Silver.

COVID-19 outbreak Post-COVID-19 period
qthorder Tq hq a f(a) Iq hq a f (@)
-5 -4.0245 0.6049 0.6585 0.7320 -3.5885 0.5177  0.5777  0.7000
-4 -3.3660 05915  0.6585  0.7320 -3.0108 0.5027  0.5777  0.7000
-3 -2.7352  0.5784 0.6308 0.8428 -2.4577 04859 0.5531  0.7984
-2 -2.1346 05673  0.6006  0.9334 -1.9352 0.4676  0.5225  0.8902
-1 -1.5606  0.5606  0.5740 0.9866 -1.4470 0.4470 0.4882  0.9588
0 -1.0000 0.5591  0.5606  1.0000 -1.0000 0.4202  0.4470  1.0000
1 -0.4425 0.5575 0.5575  1.0000 -0.6241 0.3759  0.3759  1.0000
2 0.0890  0.5445 0.5315 09740 -0.4040 0.2980  0.2201  0.8442
3 0.5501  0.5167 04611 0.8332 -0.4009 0.1997 0.0031  0.4102
4 09352 0.4838 03851 0.6052 -0.5360 0.1160 -0.1351 -0.0044
5 12695 04539 0.3343 04020 -0.7195 0.0561 -0.1835 -0.1980
Efficiency index 0.0755 0.2309
Predictability 0.0942 0.2934
index

Table 4. Generalized Hurst exponent: Platinum.

COVID-19 outbreak Post-COVID-19 period
q‘"order Tq hq @ f(a) Tq hq a f(@)
-5 -3.7900 0.5580 0.5948  0.8160 -3.5460 0.5092  0.5592  0.7500
-4 -3.1952 0.5488  0.5948  0.8160 -2.9868 0.4967  0.5592  0.7500
-3 -2.6221  0.5407 0.5731  0.9028 -2.4505 0.4835 0.5363  0.8416
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-2 -2.0690  0.5345 0.5531 0.9628 -1.9406 0.4703 0.5099 0.9208
-1 -1.5304 0.5304 0.5386 0.9918 -1.4567 0.4567 0.4839 0.9728

0 -1.0000 0.5261 0.5304 1.0000 -1.0000 0.4402  0.4567  1.0000
1 -04845 05155 05155 1.0000 -0.5855 0.4145 0.4145  1.0000
2 -0.0238 0.4881  0.4607 09452 -0.2536 0.3732 03319 09174
3 03257  0.4419  0.3495 0.7228 -0.0385 0.3205  0.2151  0.6838
4 05688 03922 02431 04036 0.0816 02704 0.1201  0.3988
5 07560  0.3512  0.1872  0.1800  0.1525 0.2305 0.0709  0.2020

Efficiency index 0.1034 0.1394
Predictability 0.0132 0.1882
index

Table 5. Generalized Hurst exponent: Palladium.

COVID-19 outbreak Post-COVID-19 period
qtorder Tq hq a fla) 4 hq a f(a)
-5 -3.6800 0.5360 0.5624 0.8680 -3.6085 0.5217  0.5861 0.6780
-4 -3.1176  0.5294  0.5624 0.8680 -3.0224 0.5056  0.5861 0.6780
-3 -2.5714  0.5238 0.5462  0.9328 -2.4589 0.4863 0.5635 0.7684
-2 -2.0386  0.5193 0.5328 09730 -1.9258 0.4629 0.5331 0.8596
-1 -1.5138 0.5138  0.5248 0.9890 -1.4346 0.4346 04912 09434

0 -1.0000 05013  0.5138  1.0000 -1.0000 0.4003  0.4346  1.0000
1 -0.5278 04722 04722 1.0000 -0.6404 03596 0.3596  1.0000
2 -0.1610 04195 03668 0.8946 -0.3706 0.3147 0.2698  0.9102
3 0.0533  0.3511  0.2143  0.5896  -0.1903  0.2699  0.1803  0.7312
4 0.1480 0.2870  0.0947  0.2308 -0.0820 0.2295 0.1083  0.5152
5 0.1830  0.2366  0.0350 -0.0080 -0.0220 0.1956  0.0600  0.3220

Efficiency index 0.1497 0.1630
Predictability 0.1110 0.2398
index

The results also exhibit that the mean estimates of Hurst exponent for selected precious metal
assets are approximately below 0.5, except for silver (at g = 2), during the COVID-19 when g = 3.
The g-order is selected based on the scaling behavior and the Rényi exponent, 74, where the large
fluctuations in the series exhibit strong scaling behavior if 7, > 0. This is generally associated with
persistence or long-term dependence, which refers that clusters of high volatility tend to follow each
other over time. However, the post-pandemic period shows that the return series of only gold exhibits
persistent trend with herding behavior since the mean of h(q) is higher than 0.5 for ¢ = 3 in case
of T, becomes positive. The observed sharp shifts in h(q) with respect to g-order indicate higher
fractal complexity in gold asset following the pandemic, as represented in Figure 5, indicating a
relatively larger width of MFDFA plot. The rest of the other selected precious metal assets indicates
that they show persistent behavior, meaning that any positive or negative change during the COVID-
19 outbreak would be followed by the same attitude at the latter period. Therefore, regarding the
predictability index (PI), all selected precious metals - silver, platinum, and palladium - excluding
gold, are more predictable across two periods. Hence, trend-following strategies could result in
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spikes of abnormal returns for these precious metals, except for gold, within the given time frame
(Caporale et al., 2018).

Table 6 summarizes the multifractality results. The widest range of Ah(q) for the COVID-19
period is attributed to the palladium (0.2994), followed by gold (0.2853), implying that the highest
levels of multifractality and thus the least efficient precious metal assets. Besides, the narrowest range
of Ah(q) istracked by thesilver (0.1510) and platinum (0.2068), respectively, referring that they have
the lowest multifractality levels along with highest market efficiency during the COVID-19
pandemic. On the other hand, the post-pandemic period reveals that the highest multifractality is
shown in silver (0.4616) and gold (0.3992) with the highest level of market inefficiency, respectively,
but the lowest multifractality belongs to the platinum (0.2787) and palladium (0.3261).

The dynamics of market efficiency is also captured in Table 6 for each precious metal asset, based
on the MLM inefficiency index. This index quantifies the extent to which past fluctuations influence
future dynamics and captures the degree of persistence in the series, serving as a measure of
predictability and reflecting potential inefficiencies in the market. In essence, the width of multifractal
spectrum, Aa, highlights that the rise in the average coincides with the increase in multifractality (Lu
et al., 2013). Therefore, to verify the strength of this connection, the MLM approach provides key
points for assessing the empirical validity of the multifractality results where it is measured based on
generalized Hurst exponent h(q) and thus the higher values of MLM index refers to a higher degree
of market inefficiency.

In this regard, the transition period from coronavirus outbreak to its aftermath shows that all
indices increased over time, meaning that the selected precious metals demonstrate increased market
inefficiency relative to the pandemic period, as reflected by higher MLM values. This particularly
occurs because, once the market stabilizes, past fluctuations exert a strong influence on future returns,
leading to persistent patterns. During the pandemic, extreme uncertainty and rapid information flow
often temporarily limited long memory. However, after the pandemic, the market stabilizes together
with persistent trends re-emerge which leads to more predictable patterns and higher measured
inefficiency in the precious metal markets. Additionally, MLM index for each metal asset confirms
that this enhanced long memory is not just short-term noise but reflects inherent persistent behavior,
reinforcing the observed increase in inefficiency during the post-pandemic period. Some recent
studies highlight that the COVID-19 outbreak caused to a sudden negative change in that market
regarding the market inefficiency (Mensi et al., 2020, 2021a, 2021b; Faraj et al., 2025). All in all, the
causal relations are summarized in Table 7 in terms of changes in herding, market inefficiency, and
predictability of returns.

Table 6. Multifractality results.

Multifract
Fractal MLM Predictabil
Hurst al
Perio Dimensi  (Inefficienc ity
Ahq Ao Avera Spectrum
d on y) Index
ge Average
(d) Index (PT)
(@)
Durin 0.285 0490 0.4466 0.4259 1.5534 0.1427 0.1068
g 3 1
GOLD
After 0399 0.657 0.4701 0.4314 1.5299 0.1996 0.0598
2 2
Durin 0151 0.324 0.5471 0.5294 1.4529 0.0755 0.0942
SILVER
g 0 2
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After 0461 0761 0.3533 0.2869 1.6467 0.2309 0.2934
6 2
Durin 0.206 0.407 0.4934 0.4546 1.5066 0.1034 0.0132
PLATINU g 8 6
M After 0278 0.488 0.4059 0.3698 1.5941 0.1394 0.1882
7 3
Durin 0299 0.527 0.4445 0.3863 1.5555 0.1497 0.1110
PALLADIU g 4 4
M After 0326 0526 0.3801 0.3587 1.6199 0.1630 0.2398
1 1
Table 7. Summary results for precious metals.
Change Change Change
Precious Metals in in in
Herding Market Inefficiency Predictability
GOLD 1 1 l
SILVER l 1 1
PLATINUM ! 1 1
PALLADIUM l 1 )

5. Concluding Remarks

This study offers an in-depth analysis of herding behavior and market efficiency in four major
precious metals, covering gold, silver, platinum, and palladium. Accordingly, the generalized Hurst
exponent (GHE) and the magnitude of long memory (MLM) methods were employed to assess the
degree of fractality using multifractal detrended fluctuation analysis (MFDFA) for two distinctive
periods: (i) the COVID-19 outbreak and (ii) the post-pandemic era. Prior to conducting the MFDFA,
the seasonal and trend decomposition using Loess (STL) method was utilized to investigate whether
there is a multifractality in the fluctuations of selected series of precious metals. Since MFDFA
assumes that large deterministic components (trend or seasonality) are not dominant on fluctuations,
STL helps MFDFA by way of removing seasonal components, isolating the trend, improving
multifractal scaling results, and avoiding pseudo-multifractality due to seasonality or deterministic
structure. Hence, the central objective of this study was to assess whether the series of precious metals
became increasingly prone to herd-driven investment behavior during and after the COVID-19
pandemic. Based on the existing literature, limited evidence exists regarding both the GHE and MLM
methods together with the STL approach that are jointly used in precious metals market.

The results based on the GHE estimates reveal that the selected precious metals exhibited
varying degrees of multifractal properties throughout the sample period. The intensities of
multifractal structures differ from coronavirus to its aftermath, but the trend is less pronounced for
the latter phases of COVID-19 pandemic, except for gold. Additionally, the same attitude is not
relevant for market efficiency where the herd-driven behavior strictly decreased for silver, platinum,
and palladium after the outbreak but the market became increasingly inefficient for each asset.
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Therefore, the degree of herding behavior and market inefficiency differed markedly between the
two sub-periods. It is noteworthy that changes in the average values of the multifractal spectrum
indicate an increase in multifractality only for gold during the post-pandemic period. This means that
the latter phase appears to have intensified herding behavior and market inefficiency in gold
transactions. However, the MLM-based inefficiency index indicated that all selected assets became
less efficient in the aftermath of COVID-19 pandemic. Within this framework, following the
coronavirus disease, the returns of silver, platinum, and palladium - excluding gold - became
increasingly predictable, indirectly suggesting reduced volatility.

Besides, the scaling behavior of each selected precious metal series is reflected by the fractal
dimension, d, to provide evidence for persistence and collective dynamics such as herding in that
market. This was calculated for each series to assess the changes in herd-driven behavior after the
pandemic, further supporting these findings. In line with the multifractal spectrum results, the
evaluation of post-COVID-19 changes in herding behavior through the fractal dimension scale
indicates that, during the given period in the precious metals market, herding increased only in gold,
while the rest of the metal assets exhibited a decline in herding tendencies. Based on the ranking of
fractal dimension values, the silver had the greatest level of herding (0.4529) during the pandemic,
whereas gold recorded the strongest herding tendency (0.5299) afterward. Furthermore, the MLM
(inefficiency) index suggests that the selected precious metals display varying degrees of inefficiency,
but the crucial point is that all of them revealed an upward trend during the post-pandemic period,
which means that the market became increasingly inefficient throughout the time. During the
COVID-19 pandemic, the palladium (0.1497), followed by gold (0.1427), had the highest inefficiencies,
whereas the silver (0.2934), followed by the palladium (0.2398), showed the greatest inefficiencies in
the subsequent period. In addition, the rise in the inefficiency index for all precious metals between
the two periods indicates that they were exposed to wider market-wide effects related to transaction
volumes.

The multifractality analysis based on MFDFA method provides important insights into
measuring the sensitivity of highly traded precious metals and to evaluate multiscale and nonlinear
dynamics in the market. However, further studies will be also done to enhance its analytical
capability in this market and to improve the robustness of the results in the future. The multifractal
cross-correlations between gold, silver, platinum, and palladium will be also considered for further
studies along with the analysis of asymmetric market responses by distinguishing between upward
and downward market movements, which is highly significant in times of market stress and during
periods of financial turmoil. Therefore, future studies will be based on new dimensions of herd-
driven behavior together with market inefficiency and robustness checks for these findings across the
precious metals market by expanding the scope to cover additional approaches.

Authors’ contributions: The author has read and approved the final manuscript.

Funding: The author does not receive any financial assistance from any agency.

Availability of data and materials: The datasets used and/or analyzed during the current study are available

from the corresponding author on reasonable request.
Competing interests: The author declares no competing interests.

Duplicate publication policy: The author declares that the content of the manuscript has not been published or

submitted for publication elsewhere.

Declaration of AI Use: No artificial intelligence tools were used in the preparation of this manuscript.

References

1. Andrikopoulos, P., Kallinterakis, V., Ferreira, M. P. L. and Verousis, T. (2017). Intraday herding on a cross-
border exchange. International Review of Financial Analysis, 53, 25-36.
https://doi.org/10.1016/j.irfa.2017.08.010.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2100.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2026 d0i:10.20944/preprints202603.2100.v1

21 of 25

2. Banerjee, A. V. (1992). A simple model of herd behavior. The Quarterly Journal of Economics, 107(3), 797-817.
https://doi.org/10.2307/2118364.

3. Barucci, E., Moncayo, G. G. and Marazzina, D. (2023). Market impact and efficiency in cryptoassets markets.
Digital Finance, 5, 519-562. https://doi.org/10.1007/s42521-023-00095-9.

4.  Barunik, J. and Kristoufek, L. (2010). On Hurst exponent estimation under heavy-tailed distributions.
Physica A: Statistical Mechanics and its Applications, 389(18), 3844-3855.
https://doi.org/10.1016/j.physa.2010.05.025.

5. Batten, J. A, Ciner, C. and Lucey, B. M. (2010). The macroeconomic determinants of volatility in precious
metals markets. Resources Policy, 35(2), 65-71. https://doi.org/10.1016/j.resourpol.2009.12.002.

6.  Bikhchandani, S., Hirshleifer, D. and Welch, I. (1992). A theory of fads, fashion, custom, and cultural change
as informational cascades. Journal of Political Economy, 100(5), 992-1026.

7. Bikhchandani, S., Hirshleifer, D. and Welch, I. (1998). Learning from the behavior of others: Conformity,
fads, and informational cascades. Journal of Economic  Perspectives, 12(3),  151-170.
https://doi.org/10.1257/jep.12.3.151.

8.  Bouri, E, Lau, C. K. M,, Saeed, T., Wang, S. and Zhao, Y. (2021). On the intraday return curves of Bitcoin:
Predictability and trading opportunities. International Review of Financial Analysis, 76, 101784.
https://doi.org/10.1016/j.irfa.2021.101784.

9.  Bustos, O., Pomares-Quimbaya, A. and Stellian, R. (2025). Machine learning, stock market forecasting, and
market efficiency: A comparative study. International Journal of Data Science and Analytics, 20, 6815-6839.
https://doi.org/10.1007/s41060-025-00854-4.

10. Caporale, G. M., Gil-Alana, L. and Plastun, A. (2018). Persistence in the cryptocurrency market. Research in
International Business and Finance, 46, 141-148, https://doi.org/10.1016/j.ribaf.2018.01.002.

11.  Charles, A., Darné, O. and Kim, J. H. (2015). Will precious metals shine? A market efficiency perspective.
International Review of Financial Analysis, 41, 284-291. https://doi.org/10.1016/j.irfa.2015.01.018.

12.  Chen, Z,, Ivanov, P. C., Hu, K. and Stanley, H. E. (2002). Effect of nonstationarities on detrended fluctuation
analysis. Physical Review E, 65, 041107. https://doi.org/10.1103/PhysRevE.65.041107.

13.  Choudhury, T., Kinateder, H. and Neupane, B. (2022). Gold, bonds, and epidemics: A safe haven study.
Finance Research Letters, 48, 102978. https://doi.org/10.1016/j.fr1.2022.102978.

14. Cipriani, M. and Guarino, A. (2014). Estimating a structural model of herd behavior in financial markets.
American Economic Review, 104(1), 224-251. https://doi.org/10.1257/aer.104.1.224.

15. Cleveland, R., Cleveland, W., McRae, ]J. and Terpenning, I. (1990). STL: A seasonal-trend decomposition
procedure based on Loess. Journal of Official Statistics, 6(1), 3-73.

16. Di Matteo, T., Aste, T. and Dacorogna, M. M. (2005). Long-term memories of developed and emerging
markets: Using the scaling analysis to characterize their stage of development. Journal of Banking and
Finance, 29(4), 827-851, https://doi.org/10.1016/j.jbankfin.2004.08.004.

17. Fama, F. E. (1991). Efficient capital markets: II. The Journal of Finance, 46(5), 1575-1617.

18. Faraj, H., McMillan, D. and Al-Sabah, M. (2025). The diminishing lustre: Gold’s market volatility and the
fading safe haven effect. Global Finance Journal, 67, 101145. https://doi.org/10.1016/j.gfj.2025.101145.

19. Fasanya, I. O., Oyewole, O. and Odudu, T. (2021). Returns and volatility spillovers among cryptocurrency
portfolios. International Journal of Managerial Finance, 17(2), 327-341. https://doi.org/10.1108/IJMF-02-2019-
0074.

20. Fatima, S., Gan, C. and Hu, B. (2022). Price stability properties and volatility analysis of precious metals:
An ICSS algorithm approach. Journal of Risk and Financial Management, 15(10), 465.
https://doi.org/10.3390/jrfm15100465.

21. Fei, T. and Liu, X. (2021). Herding and market volatility. International Review of Financial Analysis, 78, 101880.
https://doi.org/10.1016/j.irfa.2021.101880.

22. Feng, J. and Liu, X. (2024). No more free lunch: The increasing popularity of machine learning and financial
market efficiency. Economic and Political Studies, 12(1), 34-57. https://doi.org/10.1080/20954816.2023.2230622.

23. Ferreruela, S. and Mallor, T. (2021). Herding in the bad times: The 2008 and COVID-19 crises. The North
American Journal of Economics and Finance, 58, 101531. https://doi.org/10.1016/j.najef.2021.101531.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2100.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2026 d0i:10.20944/preprints202603.2100.v1

22 of 25

24. Forbes, K. ]J. and Rigobon, R. (2002). No contagion, only interdependence: Measuring stock market
comovements. The Journal of Finance, 57(5), 2223-2261.

25. Georges, C. and Pereira, J. (2021). Market stability with machine learning agents. Journal of Economic
Dynamics and Control, 122, 104032. https://doi.org/10.1016/j.jedc.2020.104032.

26. Henker, J., Henker, T. and Mitsios, A. (2006). Do investors herd intraday in Australian equities? International
Journal of Managerial Finance, 2(3), 196-219. https://doi.org/10.1108/17439130610676475.

27. Hurst, H. E. (1951). Long-term storage capacity of reservoirs. Transactions of the American Society of Civil
Engineers.

28. Hwang, S. and Salmon, M. (2004). Market stress and herding. Journal of Empirical Finance, 11(4), 585-616.
https://doi.org/10.1016/j.jempfin.2004.04.003.

29. Jalan, A., Matkovskyy, R. and Yarovaya, L. (2021). “Shiny” crypto assets: A systemic look at gold-backed
cryptocurrencies during the COVID-19 pandemic. International Review of Financial Analysis, 78, 101958.

30. Kakade, K., Mishra, A. K., Ghate, K. and Gupta, S. (2022). Forecasting commodity market returns volatility:
A hybrid ensemble learning GARCH-LSTM based approach. Intelligent Systems in Accounting, Finance and
Management, 29(2), 103-117. https://doi.org/10.1002/isaf.1515.

31. Kantelhardt, J. W. (2015). Fractal and multifractal time series. in: Encyclopedia of Complexity and Systems
Science, Springer, 1-37. https://doi.org/10.1007/978-3-642-27737-5_221-3.

32. Kantelhardt, J. W., Zschiegner, S. A., Koscielny-Bunde, E., Havlin, S., Bunde, A. and Stanley, H. E. (2002).
Multifractal detrended fluctuation analysis of nonstationary time series. Physica A: Statistical Mechanics and
its Applications, 316(1-4), 87-114. https://doi.org/10.1016/S0378-4371(02)01383-3.

33. Katsiampa, P., Corbet, S. and Lucey, B. (2019). High frequency volatility co-movements in cryptocurrency
markets.  Journal of International Financial =~ Markets, Institutions and Money, 62, 35-52.
https://doi.org/10.1016/j.intfin.2019.05.003.

34. Khuntia, S. and Pattanayak, J. K. (2020). Adaptive long memory in volatility of intra-day Bitcoin returns
and the impact of trading volume. Financial Research Letters, 32, 101077,
https://doi.org/10.1016/j.fr1.2018.12.025.

35. King, T. and Koutmos, D. (2021). Herding and feedback trading in cryptocurrency markets. Annals of
Operations Research, 300, 79-96. https://doi.org/10.1007/s10479-020-03874-4.

36. Kou, G., Akdeniz, O. O., Dinger, H. and Yiiksel, S. (2021a). Fintech investments in European banks: A
hybrid IT2 fuzzy multidimensional decision-making approach. Financial Innovation, 7, 39.
https://doi.org/10.1186/s40854-021-00256-y.

37. Kou, G, Xu, Y., Peng, Y., Shen, F.,, Chen, Y., Chang, K. and Kou, S. (2021b). Bankruptcy prediction for SMEs
using transactional data and two-stage multiobjective feature selection. Decision Support Systems, 140,
113429. https://doi.org/10.1016/j.dss.2020.113429.

38. Lahmiri, S. and Bekiros, S. (2020). The impact of COVID-19 pandemic upon stability and sequential
irregularity of equity and cryptocurrency markets. Chaos, Solitons & Fractals, 138, 109936.
https://doi.org/10.1016/j.chaos.2020.109936.

39. Laib, M., Golay, J., Telesca, L. and Kanevski, M. (2018a). Multifractal analysis of the time series of daily
means of wind speed in complex regions. Chaos, Solitons &  Fractals, 109, 118-127,
https://doi.org/10.1016/j.chaos.2018.02.024.

40. Laib, M., Telesca, L. and Kanevski, M. (2018b). Long-range fluctuations and multifractality in connectivity
density time series of a wind speed monitoring network. Chaos: An Interdisciplinary Journal of Nonlinear
Science, 28(3), 033108, https://doi.org/10.1063/1.5022737.

41. Lakonishok, J., Shleifer, A. and Vishny, R. W. (1992). The impact of institutional trading on stock prices.
Journal of Financial Economics, 32(1), 23-43. https://doi.org/10.1016/0304-405X(92)90023-Q.

42. Lakshman, M., Basu, S. and Vaidyanathan, R. (2013). Market-wide herding and the impact of institutional
investors in the Indian capital market. Journal of Emerging Market Finance, 12(2), 197-237.
https://doi.org/10.1177/0972652713494046.

43. Lashermes, B., Abry, P. and Chainais, P. (2004). New insights into the estimation of scaling exponents.
International ~ Journal —of Wavelets, Multiresolution and Information  Processing, 2(4), 497-523,
https://doi.org/10.1142/S0219691304000597.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2100.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2026 d0i:10.20944/preprints202603.2100.v1

23 of 25

44. L1i, T, Kou, G., Peng, Y. and Yu, P. S. (2021). An integrated cluster detection, optimization, and
interpretation  approach for financial data. IEEE  Tranmsactions on  Cybernetics, 52(12).
https://doi.org/10.1109/TCYB.2021.3109066.

45. Liao, X. (2025). Investor risk preference differentiation mechanism and cross-market strategies under
cultural dimension differences. Financial Economics Research, 2(3), 152-157.
https://doi.org/10.70267/fer.250203.152157.

46. Lillo, F., Moro, E., Vaglica, G. and Mantegna, R. (2008). Specialization and herding behavior of trading firms
in a financial market. New Journal of Physics, 10(4). https://doi.org/10.1088/1367-2630/10/4/043019.

47. Lin, Z.,, Wu, W. and Zhang, H. (2023). Momentum, information, and herding. Journal of Behavioral Finance,
24(2), 219-237. https://doi.org/10.1080/15427560.2021.1971983.

48. Lu, X, Tian, J., Zhou, Y. and Li, Z. (2013). Multifractal detrended fluctuation analysis of the Chinese stock
index futures market. Physica A: Statistical Mechanics and its Applications, 392(6), 1452-1458,
https://doi.org/10.1016/j.physa.2012.11.037.

49. Madani, M. A. and Ftiti, Z. (2019). The generalisation of the DMCA coefficient to serve distinguishing
between hedge and safe haven capabilities of the gold. Papers 1912.12590, arXiv.org.

50. Madzar, L., Kari¢, D. and Mirjani¢, B. (2023). Modelling the volatility of the global gold price by applying
the ARCH/GARCH models. Ekonomika, 69(2), 23-34. https://doi.org/10.5937/ekonomika2302023M.

51. Mandelbrot, B. B. (1963). The variation of certain speculative prices. In: Fractals and Scaling in Finance, New
York: Springer. https://doi.org/10.1007/978-1-4757-2763-0_14.

52. Mandelbrot, B. B. (1975). Stochastic models for the Earth’s relief, the shape and the fractal dimension of the
coastlines, and the number-area rule for islands. Proceedings of the National Academy of Sciences of the United
States of America, 72(10), 3825-3828.

53. Mandelbrot, B. and Hudson, R. (2004). The (mis)behavior of markets: A fractal view of risk, ruin, and
reward. Cambridge: Basic Books.

54. Mandelbrot, B. B. and van Ness, ]. W. (1968). Fractal Brownian Motions, Fractal Noises and applications.
SIAM Review, 10(4), 422-437.

55. Martinez, J. L. M., Segovia-Dominguez, I., Rodriguez, I. Q., Horta-Rangel, F. A. and Sosa-Gémez, G. (2021).
A modified Multifractal Detrended Fluctuation Analysis (MFDFA) approach for multifractal analysis of
precipitation. Physica A, 565, 125611. https://doi.org/10.1016/j.physa.2020.125611.

56. Melki, A. (2020). Measuring volatility spillovers among cryptocurrencies: A generalized VAR approach.
Bankers, Markets, and Investors, 162(2), 46-65. https://doi.org/10.54695/bmi.162.4640.

57. Memon, B. A, Yao, H. and Naveed, H. M. (2022). Examining the efficiency and herding behavior of
commodity markets using multifractal detrended fluctuation analysis. Empirical evidence from energy,
agriculture, and metal markets. Resources Policy, 77, 102715. https://doi.org/10.1016/j.resourpol.2022.102715.

58. Mensi, W., Rehman, M. U. And Vo, X. V. (2020). Spillovers and co-movements between precious metals
and energy markets: Implications on portfolio management. Resources Policy, 69, 101836.
https://doi.org/10.1016/j.resourpol.2020.101836.

59. Mensi, W., Nekhili, R., Vo, X. V. and Kang, S. H. (2021a). Oil and precious metals: Volatility transmission,
hedging, and safe haven analysis from the Asian crisis to the COVID-19 crisis. Economic Analysis and Policy,
71, 73-96. https://doi.org/10.1016/j.eap.2021.04.009.

60. Mensi, W., Shafiullah, M., Vo, X. V. and Kang, S. H. (2021b). Volatility spillovers between strategic
commodity futures and stock markets and portfolio implications: Evidence from developed and emerging
economies. Resources Policy, 71, 102002. https://doi.org/10.1016/j.resourpol.2021.102002.

61. Metescu, A-M. (2022). Modern paradigm regarding capital markets: Fractal market hypothesis.
Determination of the Hurst exponent on the Romanian capital market. Performance and Risks in the European
Economy, 17(1).

62. Milos, L. R., Hatiegan, C., Milos, M. C., Barna, F. M. and Botoc, C. (2020). Multifractal detrended fluctuation
analysis (MF-DFA) of stock market indexes: empirical evidence from seven Central and Eastern European
markets. Sustainability, 12(2), 535, https://doi.org/10.3390/su12020535.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2100.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2026 d0i:10.20944/preprints202603.2100.v1

24 of 25

63. Movahed, M. S,, Jafari, G. R., Ghasemi, F., Rahvar, S. and Tabar, M. R. R. (2006). Multifractal detrended
fluctuation analysis of sunspot time series. Journal of Statistical Mechanics: Theory and Experiment, 316(2).
http://doi.org/10.1088/1742-5468/2006/02/P02003.

64. Nguyen, X. H, Bui, D. A, Le, N. A. and Nguyen, Q. T. (2025). The role of fear of missing out (FOMO), loss
aversion, and herd behavior in gold investment decisions: A study in the Vietnamese market. International
Journal of Financial Studies, 13(3), 175. https://doi.org/10.3390/ijfs13030175.

65. Nimalendran, M., Pathak, P., Petryk, M. and Qui, L. (2024). Informational efficiency of cryptocurrency
markets. Journal of Financial and Quantitative Analysis, 60(3), 1427-1456.
https://doi.org/10.1017/50022109024000310.

66. Nirei, M., Stamatiou, T. and Sushko, V. (2012). Stochastic herding in financial markets evidence from
institutional investor equity portfolios. BIS Working Papers, No: 371.

67. Niu, Z., Demirer, R., Suleman, M. T. And Zhang, H. (2024). Speculation, cross-market sentiment and the
predictability of gold market volatility. Journal of Behavioral Finance, 25(3), 278-295.
https://doi.org/10.1080/15427560.2022.2109639.

68. Oswiecimka, P., Drozdz, S., Kwapien, J. and Gorski, A. Z. (2013). Effect of detrending on multifractal
characteristics. Acta Physica Polonica A, 123, 597-603. https://doi.org/10.12693/APhysPolA.123.597.

69. Paladin, G. and Vulpiani, A. (1984). Characterization of strange attractors as inhomogeneous fractals. Lettere
al Nuovo Cimento, 41, 82-86. https://doi.org/10.1007/BF02747515.

70. Park, A. and Sabourian, H. (2011). Herding and contrarian behavior in financial markets. Econometrica,
79(4), 973-1026. https://doi.org/10.3982/ECTA8602.

71.  Piccoli, P. and de Castro, J. (2021). Attention-return relation in the gold market and market states. Resources
Policy, 74, 102333. https://doi.org/10.1016/j.resourpol.2021.102333.

72. Patil, A. C. and Rastogi, S. (2020). Multifractal analysis of market efficiency across structural breaks:
Implications for the adaptive market hypothesis. Journal of Risk and Financial Management, 13(10), 248.
https://doi.org/10.3390/jrfm13100248.

73. Philippopoulos, K., Kalamaras, N., Tzanis, C. G. Deligiorgi, D. and Koutsogiannis, I. (2019). Multifractal
Detrended Fluctuation Analysis of temperature reanalysis data over Greece. Atmosphere, 10(6), 336.
https://doi.org/10.3390/atmos10060336.

74. Rathnayake, D., Alele, O. and Louembe, P. A. (2025). Empirical study on the volatility spillover effect of
gold, silver and platinum prices. Financial Statistical Journal, 8(1). https://doi.org/10.24294/{sj9514.

75. Raza, S. A., Masood, A., Benkraiem, R. and Urom, C. (2023). Forecasting the volatility of precious metals
prices with global economic policy uncertainty in pre and during the COVID-19 period: Novel evidence
from the GARCH-MIDAS approach. Energy Economics, 120, 106591.
https://doi.org/10.1016/j.eneco.2023.106591.

76. Rehman, S. and Siddiqi, A. H. (2009). Wavelet based hurst exponent and fractal dimensional analysis of
Saudi climatic dynamics. Chaos, Solitons & Fractals, 40(3), 1081-1090.
https://doi.org/10.1016/j.chaos.2007.08.063.

77. Rizvi, S. A. R, Dewandaru, G., Bacha, O. L. and Masih, M. (2014). An analysis of stock market efficiency:
Developed vs Islamic stock markets using MF-DFA. Physica A: Statistical Mechanics and its Applications, 407,
86-99, https://doi.org/10.1016/j.physa.2014.03.091.

78. Ryan, M., Corbet, S. and Oxley, L. (2024). Is gold always a safe haven? Finance Research Letters, 64, 105438.
https://doi.org/10.1016/j.fr1.2024.105438.

79. Sadorsky, P. (2024). Using precious metals to reduce the downside risk of FinTech stocks. FinTech, 3(4), 537-
550. https://doi.org/10.3390/fintech3040028.

80. Salisu, A. A, Raheem, I. D. and Vo, X. V. (2021). Assessing the safe haven property of the gold market
during COVID-19 pandemic. International — Review of Financial = Analysis, 74, 101666.
https://doi.org/10.1016/j.irfa.2021.101666.

81. Salisu, A. A., Gupta, R., Ntyikwe, S. and Demirer, R. (2023). Gold and the global financial cycle. Quantitative
Finance and Economics, 7(3), 475-490. https://doi.org/10.3934/QFE.2023024.

82. Scharfstein, D. S. and Stein, J. C. (1990). Herd behavior and investment. The American Economic Review, 80(3),
465-479.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2100.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 March 2026 d0i:10.20944/preprints202603.2100.v1

25 of 25

83. Scharnowski, S. and Shi, Y. (2024). Intraday herding and attention around the clock. Journal of Behavioral
and Experimental Finance, 41, 100894. https://doi.org/10.1016/j.jbef.2024.100894.

84. Sebastiao, H and Godinho, P. (2021). Forecasting and trading cryptocurrencies with machine learning
under changing market conditions. Financial Innovation, 7:3. https://doi.org/10.1186/s40854-020-00217-x.

85. Shahzad, S. ]J. H., Bouri, E., Kang, S. H. and Saeed, T. (2021). Regime specific spillover across
cryptocurrencies and the role of COVID-19. Financial Innovation, 7:5. https://doi.org/10.1186/s40854-020-
00210-4.

86. Shao, Z., Yao, X., Chen, F., Wang, Z. and Gao, J. (2025). Revisiting time-varying dynamics in stock market
forecasting: A multi-source sentiment analysis approach with large language model. Decision Support
Systems, 190, 114362. https://doi.org/10.1016/j.dss.2024.114362.

87. Sias, R. W. (2004). Institutional herding. The Review of Financial Studies, 17(1), 165-206.
https://doi.org/10.1093/rfs/hhg035.

88. Tanin, T.I, Sarker, A.,, Hammoudeh, S. and Shahbaz, M. (2021). Do volatility indices diminish gold’s appeal
as a safe haven to investors before and during the COVID-19 pandemic? Journal of Economic Behavior &
Organization, 191, 214-235. https://doi.org/10.1016/j.jebo.2021.09.003.

89. Thuy, V.L.T. Oanh, T. T. K. and Ha, N. T. H. (2024). The roles of gold, US dollar, and bitcoin as safe-haven
assets in times of crisis. Cogent Economics & Finance, 12(1). https://doi.org/10.1080/23322039.2024.2322876.

90. Tiwari, A. K., Nasreen, S., Shahbaz, M. and Hammoudeh, S. (2020). Time-frequency causality and
connectedness between international prices of energy, food, industry, agriculture and metals. Energy
Economics, 85, 104529. https://doi.org/10.1016/j.eneco.2019.104529.

91. Triki, M. B. and Maatoug, A. B. (2021). The GOLD market as a safe haven against the stock market
uncertainty: Evidence from geopolitical risk. Resources Policy, 70, 101872.
https://doi.org/10.1016/j.resourpol.2020.101872.

92. UNCTAD (2020). Coronavirus: Can policymakers avert a trillion-dollar crisis? Available at:
https://unctad.org/news/coronavirus-can-policymakers-avert-trillion-dollar-crisis.

93. Qi, X-Z., Ning, Z. and Qin, M. (2022). Economic policy uncertainty, investor sentiment and financial
stability - an empirical study based on the time varying parameter-vector autoregression model. Journal of
Economic Interaction and Coordination, 17, 779-799. https://doi.org/10.1007/s11403-021-00342-5.

94. Xu, C, Ke, J.,, Peng, Z,, Fang, W. and Duan, Y. (2022). Asymmetric fractal characteristics and market
efficiency analysis of style stock indices. Entropy, 24(7), 969. https://doi.org/10.3390/e24070969.

95. Vukovi¢, D. B., Radenkovi¢, S. D., Simeunovi¢, 1., Zinovev, V. and Radovanovié, M. (2024). Predictive
patterns and market efficiency: A deep learning approach to financial time series forecasting. Mathematics,
12(19), 3066. https://doi.org/10.3390/math12193066.

96. Wang, S, Wang, J. and Zhang, X. (2022). An empirical study of herding behavior in Chinese gold futures
market.  Journal  of  Macau  University  of  Science  and  Technology,  16(1),  48-54.
https://doi.org/10.58664/mustjournal.2022.01.048.

97. Wang, F.,, Chang, J., Zuo, W. and Zhou, W. (2024). Research on efficiency and multifractality of gold market
under major events. Fractal and Fractional, 8(8), 488. https://doi.org/10.3390/fractalfract8080488.

98. Wen, F.,, Tong, X. and Ren, X. (2022). Gold or Bitcoin, which is the safe haven during the COVID-19
pandemic? International Review of Financial Analysis, 81, 102121. https://doi.org/10.1016/j.irfa.2022.102121.

99. Zhang, ]. and He, Q-Z. (2021). Dynamic cross-market volatility spillover based on MSV model: Evidence
from  Bitcoin, Gold, Crude Oil, and stock  markets. Complexity, 2021:1-8.
https://doi.org/10.1155/2021/9912418.

100. Zhang, X., Zhang, G., Qiu, L., Zhang, B., Sun, Y., Gui, Z. and Zhang, Q. (2019). A modified multifractal
detrended fluctuation analysis (MFDFA) approach for multifractal analysis of precipitation in Dongting
Lake Basin, China. Water, 11(5), 891. https://doi.org/10.3390/w11050891.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or

products referred to in the content.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2100.v1
http://creativecommons.org/licenses/by/4.0/

