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Abstract

This study investigates how the coronavirus pandemic influenced the 5-day-week
multifractal characteristics of top five foreign exchange rates - USD/EUR, USD/
GBP, CNY/USD, JPY/USD, and CHF/USD - using weekday index data cover-
ing the period from 2 January 2018 to 20 July 2022. The major objective is to
determine whether herd investing behavior and the degree of market inefficiency
changed between the pre-first-lockdown period (2 January 2018-22 March 2020)
and the post-first-lockdown period (23 March 2020-20 July 2022). The generalized
Hurst exponents are estimated using the multifractal detrended fluctuation analysis
(MFDFA). The empirical findings indicate that multifractality is present in each
of the examined exchange rates during the COVID-19 outbreak. Moreover, the
degree of market inefficiency varies across the selected spot rates. The results fur-
ther suggest that the post-first-lockdown period was more prone to herd investing
for USD/EUR, USD/GBP, and CHF/USD. In addition, based on the MLM (inef-
ficiency) index, empirical evidence reveals that USD/EUR and CHF/USD became
more vulnerable in the post-first-lockdown period. Considering the impacts of this
far-reaching global shock, the highest MLM (inefficiency) index value is associ-
ated with CNY/USD before the first lockdown and with USD/EUR after the first
lockdown.
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Introduction

The global financial relations and transactions have triggered the spread of economic
shocks in recent years, along with aggravating the rise of market disorders and anom-
alies. In particular, the fields of studies to analyze the degree of market efficiency and
its potential determinants gain attention for the research topics through covering the
socio-economic impacts of the COVID-19 pandemic on financial sector to a large
extent. It is kind of a matter of curiosity for whether there is a change in the risk-
based buying and selling decisions of market participants and how it is reflected in
different markets. For instance, as one of the critical tendencies of both real and finan-
cial investors, herd investing has become a trend topic more recently for examining
the financial bubbles and explosive behaviors among the economic actors where it
is commonly used to refer that the behavior of market players can be suppressed by
the others in their investment decisions together with a decrease in confidence and an
increase in uncertainty for future strategies.

To provide a suitable basis for understanding the market vulnerabilities, the struc-
tural changes can be taken as the primary way to evaluate the shifts in financial
transactions during the coronavirus disease. For instance, unlike the previous crises,
the financial preferences of investors have mostly tended towards alternative markets
to be invested during the COVID-19 outbreak such as cryptocurrencies. One of the
ample reasons that incline investors to buy and sell crypto assets depends on the
fact that transactions take place very quickly and they are usually considered as safe
haven within the scope of whole advantages of blockchain technology where they are
exposed to decentralized exchanges. On the other hand, however, the movements of
different digital assets’ prices are also characterized by suspicious findings regarding
the reliability of those assets (Conlon and McGee 2020). Therefore, uncertainties in
the financial system make it difficult to predict how the potential impacts of macro
variables can alter the market structures. Regarding that point, this study is based
on the empirical investigation of the existence of herd investing and the degree of
market efficiency in selected foreign exchange (forex) markets during the COVID-
19 outbreak. Although there are a bulk of studies in relevant literature covering the
changes in the markets for stocks and digital assets, empirical investigations towards
herd investing and the degree of market inefficiency in foreign exchange markets
are rare. Therefore, this study aims to explain the reactions of exchange rates to herd
investing and to assess the forex market stability for the pre- and post-COVID-19
periods.

Thereafter the first case that emerged in Wuhan, China in December 2019, the
virus rapidly spread all over the world and turned into a global pandemic along with
the shocks that destabilized the real and financial markets. As of March 2020, when
the pandemic started to spread all over the world, growth expectations were nega-
tively affected and most countries had to take measures that they had never been
applied before. The long quarantine periods with other measures taken by govern-
ments have significantly restricted economic activities and left alone the economic
units in a vulnerable position by causing a decrease in global mobility, contraction of
production and consumption channels, disruption of trade and supply chains (OECD
2020). As a matter of fact, in the IMF World Economic Outlook Report dated Janu-
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ary 2022, it was noted that the global economy will enter 2022 in a weaker position
than expected.

As depending to past experiences with financial shocks, unexpected events in
a market system may lead to multi-pronged asymmetrical movement patterns in
terms of the level of market efficiency. Moreover, while the negative impacts of the
2007/2008 global crisis on economic units have not been completely resolved yet, the
COVID-19 pandemic has led the ongoing problems in markets (especially in finan-
cial markets) to deepen. However, the fact that the pandemic covers a long period in
which it results in the disruptions of economic transactions to increase further and
leads to market resistance being broken. Within the framework of these dynamics, the
markets are faced with a major deterioration by involving an aggressive revaluation
process (Aslam et al. 2020a).

The remainder of this study is structured as follows: Sect. "Literature Review" is
based on the literature review. Section "Data and Methodology" describes the data
and the methodology. Section "Empirical Findings" summarizes the empirical find-
ings based on MFDFA. The last section concludes.

Literature review

The ongoing degradation of core macro- and micro-based indicators during the pan-
demic period has further increased the level of uncertainty in economic transactions
and brought about a sudden shakeout in the prices of assets (Ayittey et al. 2020). In
that vein, investors have been confronted with serious losses due to sharp falls in asset
prices (OECD 2020; Contessi and de Pace 2021). The fact that sharp losses were felt
especially in stock markets by raising the level of uncertainty among various finan-
cial investors. In such an environment, the investment preferences of financial market
participants have turned to risky investments that promise higher rates of return to
reduce their excessive losses. Hence, most of the economic units have moved away
from traditional (risk-free) investment approaches and have tended more to specula-
tive assets along with the emergence of potential anomalies in relevant markets.
Following the recent patterns in financial transactions and the relevant weaknesses
in financial movements, it can be deduced that a bulk of studies have revived their
attention to focus on detecting volatility spillovers, bubble behavior, and contagion
effects to assess whether the financial markets are inherently stable. For instance,
many of those studies have focused on the impact of novel coronavirus outbreak to
reveal the changes in different types of markets where the price system substantially
collapsed over a wide range of countries (Ashraf 2020; Goodell 2020; Liu et al.
2020a; Sharma 2020; Yan 2020; Takahashi and Yamada 2021). Besides, a large part
of researchers took action to examine stock movements and to detect volatility and
explosive bubbles in asset prices (Phillips et al. 2011, 2015; Bettendorf and Chen
2013; Hu and Oxley 2017; Phillips and Shi 2018, 2020). The most common argument
grounded on the fact that market shocks, especially in financial crises, greatly lead
to an increase in volatility and explosive bubbles along with exacerbating financial
instability. Within this scope, the general perception tends to assume that the COVID-
19 outbreak has increased volatility in financial markets mostly due to an increase in
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the level of uncertainty among financial investors (Alber 2020; Baker et al. 2020; Lee
and Chen 2020; Narayan 2020; Ramelli and Wagner 2020; Salisu et al. 2020; Sansa
2020; Sha and Sharma 2020; Zaremba et al. 2020; Zhang et al. 2020; Albulescu 2021;
Ashraf 2021; Mazur et al. 2021).

According to Baker et al. (2020), the COVID-19 outbreak was one of the harsh
experiments in financial transactions throughout the historical process of other health
diseases since it caused one of the biggest volatilities in several stock markets. Exam-
ining the effects of the COVID-19 pandemic on the Chinese stock market, Yan (2020)
states that investors’ behavior was adversely affected by the sudden drop in stock
prices at the outset of the coronavirus pandemic. In a similar vein, Ramelli and Wag-
ner (2020) and Zaremba et al. (2020) confirm that the coronavirus pandemic has been
negatively influential on stock market returns and volatility. Besides, Mazur et al.
(2021) find that there was an asymmetric volatility for the firms operating in S&P
Composite 1500 and an inverse linkage between the returns of stocks and volatility.
Basuony et al. (2021) analyze the effects of stock indices of nine countries where the
cases of coronavirus disease were most intense on stock market behavior through the
exponential general autoregressive conditional heteroskedastic (EGARCH) model.
According to the empirical findings extracted by the EGARCH method, the negative
impact of the pandemic on stock markets has been confirmed for the selected sample
of nine countries. This negative effect also triggered an increase in the bad state prob-
ability and conditional volatility of stock markets. Akhtaruzzaman et al. (2021) also
investigate financial contagion effect of the coronavirus pandemic and find that the
correlation between the stock returns of China and the G7 countries strengthened
during the latest pandemic which then resulted in the spread of financial contagion
among those countries.

Furthermore, Sharma et al. (2021) state that COVID-19 cases have significant
effects on exchange rates and stock returns in the long run towards the use of wavelet
coherence method. Along with the implementation of the same method, Choi (2020)
finds that the raising level of economic uncertainty during the COVID-19 outbreak
affected the degree of volatility in S&P500 more than the global financial crisis of
2007-2008. However, there are also counterarguments in which they are based on the
findings that most of the firms/investors have turned the negative impacts of the cur-
rent crisis environment into an opportunity during the COVID-19 pandemic. Mazur
et al. (2021), for instance, imply that stock prices have sharply felt in most sectors
throughout the COVID-19 outbreak, but some sectors had a chance to turn positive
of ruined financial statements through implementing government policies as a trigger
for changes in stock prices and the effects of price volatility. Narayan (2020) also
investigates the explosive bubble behavior during the coronavirus pandemic to assess
whether the foreign exchange markets are efficient in terms of the following four cur-
rencies: Euro, Sterling, Canadian Dollar, and Japanese Yen. His findings suggest that
the explosive bubble behavior has strengthened during the coronavirus pandemic,
pointing to an increase in the degree of market inefficiency. In such a situation, devia-
tions from the equilibrium price act as a signal that triggers the factors leading to
market inefficiency. When financial investors are convinced of market inefficiency,
they may adopt the strategy of moving away from that market.

@ Springer



SN Business & Economics (2026) 6:69 Page 5 0of 35 69

One of the highlights of market efficiency in crisis-prone periods is the increase in
the predictability of the return of financial assets (Cujean and Hasler 2017; Baker et
al. 2020; Liu et al. 2020b). On the one hand, crises cause an increase in risky behav-
ior; on the other hand, they can create new investment opportunities by increasing
the predictability of the return on financial assets. In this direction, the expansion-
ary monetary policy implemented by the FED to suppress the COVID-19 outbreak
might have encouraged market participants to search for profitability in the financial
markets (Hong et al. 2021). In particular, the unexpected change in money supply
can lead to an excessive increase in the exchange rate since consumer prices can-
not immediately adapt to that change in money supply (Dornbush, 1976). Although
financial investors have substantially responded quickly in the forex markets during
the COVID-19 outbreak, government interventions have followed the way to fix the
deterioration in currencies with delay, especially in developing and emerging econo-
mies. In line with these conditions, the financial markets were increasingly dragged
into a higher level of inefficiency. According to Aslam et al. (2020a), the effect of
COVID-19 on forex markets, however, might differ through the implementation of
proper government policies, binding the market position of currencies, and analyzing
the risk sensitivities.

Related to the mitigating role of government during the coronavirus pandemic,
Narayan et al. (2021) reveal that proactive government policies in G7 countries had
led to occurrence of positive effects on stock markets. In support of Narayan et al.’s
(2021) findings, Ma et al. (2020) notice that countries with more intense fiscal poli-
cies were relatively more successful than the other policies to reduce the potential
devastation effects of the coronavirus pandemic on economic growth. Meanwhile,
other studies dealt with the effects of the relationship between social trust and inves-
tor movements on financial markets (Adams 2021; Engelhardt et al. 2020, 2021). For
example, Engelhardt et al. (2020) remark that the degree of volatility is highly cor-
related to the perception of trust in the market, and that volatility is located at lower
levels in economies where social trust is relatively high.

In addition to the aforementioned factors, the current news about the coronavi-
rus pandemic reflects the changes in market perception and thereby the investors’
behavior. According to Dzielinski (2011), the bad-news bias lowers the market
returns below the average. In particular, all news and updates on economic crises
that motivate the world’s agenda can lead to a potential increase in the future anxiety
of economic actors by affecting investor decisions (Tetlock 2007) and thus a reduc-
tion in market returns and higher volatility (Cepoi 2020; Haroon and Rizvi 2020;
Tan 2021). In that vein, Cepoi (2020) states that pandemic news has an asymmetric
effect on stock markets. Consistently, Tan (2021) argues that there is an asymmetric
dependence between the news about the pandemic and the financial market returns.
Furthermore, Basuony et al. (2021) refer that the negative effects of pandemic-related
death rates on stock prices are more dominant than the positive effects of the recovery
rates. Ambros et al. (2021) also gain attention to the dynamics that are decisive in tak-
ing action regarding the financial markets where the bad news about the coronavirus
pandemic has potentially been effective for the increase of stock market volatility in
European economies.

@ Springer



69 Page 6 of 35 SN Business & Economics (2026) 6:69

Considering the volatility trends and explosive bubbles in exchange rates dur-
ing the coronavirus pandemic, the concept of market efficiency comes to the fore
to examine the functioning of financial markets and to find new strategies (Dotsika
and Watkins 2017). For that consideration, the Efficient Market Hypothesis (EMH)
leads to indicate that the market prices contain full information where the economic
units take their economic decisions in a way that provides an optimum benefit over
the equilibrium price. Assuming that market actors are rational, it is widely accepted
that all information in the market is instantly reflected in prices (Fama 1965, 1991;
Samuelson 1965). Therefore, investors do not have a chance to reach opportunities
for extra profits (Rapp and Sharma 1999) where prices are indeed random and future
asset prices are not predictable (Iwatsubo and Kitamura 2009). At the same time,
considering market efficiency, investors are not supposed to have excess returns from
speculative motives (MacDonald and Taylor 1992). However, in contrast to that theo-
retical perception, Hong et al. (2021) investigate the predictability of stock return for
the United States and find that it has been compounded by the price volatility over
the COVID-19 outbreak which triggered the speculative behaviors, profit opportuni-
ties, and market inefficiency. Besides, the findings from Hong et al.’s (2021) study
reveal that the coronavirus pandemic strengthened the current inequality level in the
financial sector due to the reason in which those who extracted most of the profitable
investment opportunities were the investors with abundant funds.

Meanwhile, the analytical investigation of efficiency level in forex markets is
based on the assumption that the prices reflect all the necessary information for the
investors (Dowla 1995). Under the weak form of efficiency assumption, the cur-
rent exchange rate reflects all information from the past (Kiihl 2007). In the semi-
strong form, exchange rates are mutually supported by full information in which
they convey among each other through the market mechanism. Therefore, investors
cannot use historical prices and public information to obtain extraordinary profits in
the forex market (Mehrara and Oryare 2012). However, according to Grossman and
Stiglitz (1980), the prices are partially allowed to be formed in the market and thus
reflect certain information for the investors. Besides, Sewell (2011) points out that
investors are inclined to make more transactions to obtain a higher level of informa-
tion, and hence they deal with the issue of how more income can be generated in
the market system to cover the cost of information where the marginal profits of
individual and institutional investors exceed their marginal costs (Bernstein 1999).

The predictability of the rate of return in foreign exchange markets for a weak
form of market efficiency has been analyzed by various studies (Chiang et al. 2010;
Abounoori et al. 2012; Lazar et al. 2012; Iyke 2019, 2020). Iyke (2019) examines the
forex market efficiency in Indonesia by using the GARCH model and implies that a
weak form of efficiency is empirically robust in the short term whereas the predict-
ability of returns due to the forex market inefficiency in a small number of currencies
will make it possible to obtain positive rate of profit. Lazdr et al. (2012) emphasize
that the global crisis had a negative impact on money market efficiency in most of
Central and Eastern Europe (CEE) by approaching the generalized spectral method
in a rolling window and note that Poland, Romania, and Hungary regained market
efficiency in the later phase of the financial shocks. Abounoori et al. (2012) use the
detrended fluctuation analysis (DFA) technique to test the market efficiency in terms
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of the Rial/US Dollar exchange rate for the 2005-2010 period and show that the
Iranian foreign exchange market has a weak form of inefficiency. Iyke (2020) also
suggests that exchange rates can be predicted during the coronavirus pandemic and
thus they reflect all publicly available information. If the foreign exchange market
is efficient in nature, the current forward rate should be an unbiased estimator of the
future spot rate (Rapp and Sharma 1999). According to Wong and Ahmad (2013), for
instance, the forward exchange rate can be assumed as an unbiased estimator of the
spot exchange rate within the European economies in which the forex market is char-
acterized by pricing efficiency. On the other hand, Mehrara and Oryare (2012) point
out that the market efficiency was only binding for the pre-crisis period of 2007/2008.

The global increase in uncertainty levels and the destruction of confidence can be
depicted as the key determinants of potential shifts in investor trends and behavior.
The fact that investors are mutually linked to the behaviors of other market players
when they are faced with an excess degree of uncertainty in the presence of publicly
available information and thus strengthen the common motives towards herd invest-
ing (Banerjee 1992). Particularly in the case of a higher uncertainty level of markets
triggered by financial shocks, investors may tend to rely on the decisions of others
by mostly following the return of their financial assets and ignore their instant level
of information about the markets. Hence, herd investing is triggered by a disruptive
effect on market volatility as well as financial contagion, and speculation (Chiang and
Zheng 2010; Mobarek et al. 2014; Filip et al. 2015; Fang et al. 2021).

For instance, Chiang and Zheng (2010) investigate the link between the financial
crisis of 2007-2008 and herd behavior for the stock markets of 18 selected countries
and find that the immediate crisis posed by the financial meltdown in 2007-2008
exacerbated herd mentality bias in the origin country and spread the contagion effect
to the other countries where investors follow and copy what they perceive of other
investors are doing rather than their own analysis. Mobarek et al. (2014) also discuss
the presence of herd behavior in terms of European economies. The empirical find-
ings refer that there was a strong increase in herd behavior during the crisis period
with a varying degree for each country where it was more pronounced in Scandina-
vian countries during the Eurozone crisis but the others such as Portugal, Ireland,
Italy, Greece, and Spain (PIIGS countries) were affected in whole period. Meanwhile,
Filip et al. (2015) find that stock prices are inherently fluctuated over time since
investors mostly opt for the most suitable assets and investment opportunities where
the other individual investors may follow the same strategies turned out with the
speculative bubbles in the Central and Eastern Europe (CEE) stock markets.

Apart from traditional investment preferences, and the increasing demand for digi-
tal currencies in recent years, there is also a growing interest in studies to understand
the investor behavior in cryptocurrency markets. Da Silva et al. (2019) and Fang et
al. (2021) use the modified Cross-Sectional Absolute Deviation (CSAD) approach to
imply that herding bias is currently active in digital asset market where the existence
of contagion effect is highly relevant in times of crisis consolidated by the shift-
ing away of investors from Bitcoin to safer financial assets. Similar conclusions are
consistently supported by other studies investigating the herd behavior in financial
markets over the COVID-19 pandemic. For instance, Wu et al. (2020) find that herd
behavior was lower than usual in Chinese stock markets during the coronavirus pan-
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demic and hence the stock markets were relatively more efficient than the previous
periods. Using the daily closing prices of 191 companies in the Indian stock market
for the period between January 1, 2015 and June 1, 2020, Dhall and Singh (2020)
indicate that there was an absence of herd formation over the 1 January 2015—1 June
2020 period and pre-COVID-19 outbreak whereas herd behavior spread among the
individual investors over the post-COVID-19 outbreak (1 January 2020-1 June
2020).

The mainstream wisdom assumes that stock prices are normally distributed which
together supports the random walk hypothesis (RWH) (Bachelier 1900). In consid-
eration of RWH, Worthington and Higgs (2006) apply serial correlation coefficient
to examine random walk in selected 15 Asian economies and find that there is no
evidence of random-walk behavior of stock prices in emerging markets by pointing
out the weak form of efficiency. Claessens et al. (1995) test the return anomalies and
predictability for stock markets of 20 emerging economies which were character-
ized by inefficiency. Chiang et al. (2010) provide strong evidence that random walk
models of exchange rate return series cannot be rejected and have a weak form of
efficiency in Japan, South Korea, and the Philippines whereas Taiwan’s exchange rate
is inefficient.

However, more recent studies reject the RWH hypothesis and argue that asset
prices have various principal determinants (Mandelbrot 1967, 1975, 1997) which
cover fat tail (Gopikrishnan et al. 2001), volatility clustering (Jacobsen and Dan-
nenburg 2003; Cont 2007), fractals and multifractals (Di Matteo et al. 2005; Su et
al. 2009; Zunino et al. 2009), and chaos (Adrangi et al. 2001). In particular, fractal
and multifractal procedures have been widely accepted in financial market analysis.
Using Rescaled Range (R/S) analysis, Peters (1991, 1994) made monofractal features
meaningful in several financial markets. However, the lack of this analysis based on
monofractal properties is that it cannot qualify the following procedures: (i) multi-
fractal height cross-correlation analysis (Kristoufek 2011), (ii) multifractal detrended
fluctuation analysis (MFDFA) (Kantelhardt et al. 2002), and (iii) partition function
method (Yuan et al. 2009).

As one of the recently used techniques, the MFDFA is implemented in the rele-
vant literature to detect stock market asymmetry, which was formerly examined with
Detrended Fluctuation Analysis (DFA) (Peng et al. 1994) to avoid the spurious detec-
tion of long-range dependence in non-stationary data. The DFA is then generalized
by the MFDFA (Kantelhardt et al. 2002) to explore multifractality in time series data.
This method of analysis is used to determine multi-connected structures of financial
time series (Rizvi et al. 2014; Aslam et al. 2022) indicating possible market ineffi-
ciency (Zunino et al. 2008; Lee et al. 2017, 2020; Tiwari et al. 2019). For instance,
Rizvi and Arshad (2016) investigate the shifts in speculative movements, volatility,
and market efficiency for Asian markets by employing MFDFA method to provide
an opportunity to compare sample countries along with their historical experiences
and find that the 2007-2008 global crisis had different impacts on several countries,
whereas the negative effects of the 1997 Asian Crisis on East Asian countries were
also presented.

Additionally, it can be pointed out that the efficiency in foreign exchange mar-
kets changes during the time of economic downturns (Levich et al. 2019) and thus
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leads to a higher rate of market anomalies (Li and Miller 2015). In consideration of
that change, Aslam et al. (2020a) consider six currencies in the initial stage of the
COVID-19 outbreak through the MFDFA method where the empirical outputs pres-
ent that there has been a harsh decrease in the degree of market efficiency due to the
slowdown in financial transactions and a sharp fall in asset prices. Moreover, the
given findings showed that there was a significant change in the strength of multifrac-
tality along with a fall in the degree of the forex market efficiency and a substantial
change in investors’ strategies. Using a sample of four major currencies and employ-
ing the MFDFA procedure, Shahzad et al. (2018) report that the efficiencies of the
British Pound and Euro were getting lower to a large extent, while the Japanese Yen
and Swiss Franc became more efficient over time. Similarly, Han et al. (2019) found
similar results by employing the MFDFA procedure and confirmed that the Japanese
Yen had the lowest multifractal feature and were the most efficient exchange rate in
contrast to EUR, GBP, and CAD over the 2005-2019 although both of them con-
fronted with multifractality. Besides, Ning et al. (2018) show that the British Pound
and the Euro had also nonlinear multifractal structure for the same time horizon.

MFDFA also allows for testing the asymmetrical connections among different
stock markets (Lee et al. 2017; Arshad et al. 2019; Milos et al. 2020). For instance,
Lee et al. (2017) document that the US stock indices showed multifractal features due
to the asymmetric framework. Milos et al. (2020) also refer to the existence of long-
term correlations in the returns of stock indices in seven Central and Eastern Euro-
pean (CEE) countries, implying that the market inefficiency was highly significant.
On the other hand, Arshad et al. (2019) state that emerging Asian stock markets had
much more stability and efficiency in the long term, whereas the financial fragilities
had a short-term negative impact on the productivity of emerging markets.

All in all, this study uses daily data of selected five exchange rates, namely USD/
EUR, USD/GBP, CNY/USD, JPY/USD, and CHF/USD, from the date of 2 Janu-
ary 2018 to 20 July 2022. Multifractal detrended fluctuation analysis (MFDFA) pro-
posed by Kantelhardt et al. (2002) is used to determine whether the selected exchange
rates face a higher level of multifractality and inefficiency during the COVID-19
outbreak. The MFDFA approach provides the opportunity to detect the movements
in the selected exchange rates and the extent of market risk. It allows individual and
institutional investors to monitor the current market structure. The major reason to
employ the MFDFA on selected foreign exchange rates is to cover different algo-
rithmic toolboxes for forecasting financial risks and potential downturns in financial
markets and to characterize the variability and uncertainty in financial time series,
which is diverged from the Gaussian-based distribution models. Further, we examine
the pre-pandemic period and post-pandemic period separately to allow comparison
of the changing dynamics of exchange rates.
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Data and methodology
Data description

The data is collected through daily trading of foreign exchange rates obtained from
the Board of Governors of the Federal Reserve System. The selected exchange rates
are as follows: (i) U.S. Dollars per Euro (USD/EUR), (ii) U.S. Dollars per Pound
Sterling (USD/GBP), (iii) Yuan Renminbi per U.S. Dollars (CNY/USD), (iv) Yen per
U.S. Dollars (JPY/USD), and (v) Swiss Franc per U.S. Dollars (CHF/USD) from the
date of 2 January 2018 to 20 July 2022. The whole sample is divided into two stages
covering as before the first lockdown is announced in the world (which is chosen
as an average date across the globe) and after the first lockdown period. On the one
hand, the average date for the first lockdown corresponds to the date 23 March 2020.
On the other hand, the second period includes the dates right after the first lockdown
is announced till 20 July 2022. In this regard, the daily sample is used to assess the
post-performance of selected exchange rates at the coronavirus outbreak based on the
lockdown effects. Table 1 presents the list of selected exchange rates and the sum-
mary statistics for each period.

Methodology

The steps for the analysis of daily fluctuations in selected foreign exchange rates are
divided into three parts'.

Table 1 Summary statistics

Foreign Exchange Rates ~ Period Mean Max. Min. Std. Dev.  Skewness Kurtosis
USD/EUR Before 1.1457 1.2488  1.0682  0.0422 0.9142 2.9012
After 1.1502 12295 1.0028  0.0521 -0.6074 2.4733
Total 1.1480 12488  1.0028  0.0475 -0.0643 2.5737
USD/GBP Before 1.3044  1.4332  1.1492  0.0505 0.3934 3.2698
After 1.3246  1.4188 1.1763  0.0594 -0.4557 2.1127
Total 1.3147 14332 1.1492  0.0561 -0.0517 2.2901
CNY/USD Before 6.7796  7.1786  6.2649  0.2539 -0.7203 2.3310
After  6.6076  7.1681 6.3084  0.2471 0.8605 2.3737
Total 6.6918 7.1786  6.2649  0.2649 0.0714 1.5945
JPY/USD Before 109.62  114.19 102.52  2.1004 -0.1046 2.5622
After 111.94 13894 102.71 8.1884 1.5907 47833
Total 110.81 13894 102.52  6.1404 2.3906 9.3491
CHF/USD Before 0.9842  1.0218 0.9232  0.0191 -0.9810 3.6419
After 09274 1.0028 0.8784  0.0259 0.7379 2.9703
Total 0.9552  1.0218 0.8784  0.0365 -0.1821 1.6739

“Before” and “After” show the statistics for the data covering the pre-first-lockdown and post-first-
lockdown periods, respectively. “Total” indicates the whole sample period

! The primary article on which the methods used in the present study are based is the work of Ozdemir
and Kumar (2024).
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Step 1: the measurement of logarithmic fluctuations

As a first step, given the time series of exchange rates €, €, ..., €y, the logarithmic
fluctuations are defined as:

ri (t) = log (“) (1)

€t—1

where 7; (t) is the change/fluctuation in exchange rates and ¢; is the spot rate at date
t. The selected exchange rates exhibit different patterns than the rest of the others
during the coronavirus outbreak as depicted in Figures (1, 2, 3, 4, 5). In this regard,
one can present some spot rates as risk-free and potential hedges compared to hold-
ing in domestic currency whereas the opponents may support the argument that those
assets are poor hedges and thus provide outstanding gains to individuals and institu-
tions along with a signal for an upward swing in the degree of uncertainty and herd
investing.

Step 2: seasonal and trend decomposition using loess (STL)

Just before the application of MFDFA to the selected exchange rates, the empiri-
cal framework is based on employing the Seasonal and Trend Decomposition using
Loess (STL) method, initiated by Cleveland et al. (1990), to decompose the series in

1.3
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1.2
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1.1

¥l

Fig. 1 USD/EUR daily trend and fluctuations
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Fig.4 JPY/USD daily trend and fluctuations

which the nonlinear correlations are measured with various components. The STL
is regarded as a robust method of time series decomposition done for locally fitted
regression models to decompose the series into trend, seasonal, and remainder com-
ponents. In this regard, it can be used for any dataset. However, remarkable feedback
from the selected data is generally obtained if recurring temporal patterns are found
in given series such as the daily fluctuations in foreign exchange rates. The pattern
performs the outcomes from the STL method as the seasonal component.

The STL algorithm has a smooth process on the selected time series carrying out
Loess in inner and outer loops. On the one hand, the inner loop iterates between sea-
sonal and trend smoothing. On the other hand, the outer loop minimizes the outlier’s
effect. Meanwhile, the seasonal component is primarily measured at the inner loop
and then adjusted to calculate the trend component. The remainder is the difference
between seasonal and trend components.

The daily fluctuations series for selected foreign exchange rates are decomposed
into deterministic and stochastic components using the Loess smoother (Cleveland et
al. 1990). The STL method classifies each series as three different components: trend
(T), seasonal (S,), and the stochastic remainder (R,) (Laib et al. 2018a, b; Milos et
al. 2020). Considering the daily fluctuations in exchange rate series, the mentioned-
above components of the STL method can be depicted as follows:

v () =Ti+ S+ R; )
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Fig. 5 CHF/USD daily trend and fluctuations. Source: Board of Governors of the Federal Reserve
System

where y; stands for the daily fluctuations of exchange rate series based on a loga-
rithmic scale, 7 is the value of the trend component, S; is the value of the seasonal
component, and R, is the value of the remainder component at point 7. To decompose
the series, the Rstudio package “STL” is used to perform STL decomposition (Cleve-
land et al. 1990; Laib et al. 2018a; Aslam et al. 2020a; Milos et al. 2020). In a daily
fluctuation of the series, the span of the Loess window for seasonal extraction is
determined as 30, which covers each day of spot rates in one month.

Figures (6, 7, 8,9, 10) represent the STL decomposition of fluctuations in selected
spot rates. In other words, each graph corresponds to the current daily fluctuations
occurring in selected currency prices in the forex market with the trend, seasonal, and
remainder components.

Step 3: multifractal detrended fluctuation analysis (MFDFA)

The main empirical interest of this study is to employ the multifractal detrended
fluctuation analysis (MFDFA) to form an estimate of whether the selected spot rate
series are multifractal. Regarding the MFDFA method, the empirical strategy is based
on two distinctive analyses, covering the generalized Hurst exponent (GHE) and the
magnitude of long-memory (MLM), to detect the possibility of bubble explosion in
spot rate series throughout the detection of market inefficiency and thereby the herd
investing behavior. To determine the presence of those kinds of issues, the empiri-
cal strategy uses five different steps to calculate the degree of multifractality in the
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Fig. 7 Seasonal and Trend Decomposition using Loess (STL) of USD/GBP

spot rates series (Kantelhardt et al. 2002). In that vein, the MFDFA method can be
expressed as follows: Let X; be a non-stationary time series, with V indicating the
length of the series and i ranging from 1 to N.

In Step 1, the profile/cumulative sum Y(;) is depicted as:

Yiy = il (k) — ) 3)

. . 7_ 1 N
where x is the mean value of the whole series (x— ~ 2 ¢=1$i)-

Step 2 approaches the dividing of profile/cumulative sum Y{;) into N, = int%
non-overlapping boxes of equal length s. The length of the whole series, represent-
ing with N, is reckoned for non-multiple for s. However, the analytical basis slightly
overjumps part of profile Y(;y at the end of the sample. The empirics cover the full
information when the similar technique repeats by initiating the process from the
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Fig. 8 Seasonal and Trend Decomposition using Loess (STL) of CNY/USD
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Fig. 9 Seasonal and Trend Decomposition using Loess (STL) of JPY/USD

opposite direction of given series Yy . Therefore, it agglomerates 2N segments
altogether.
Moreover, Step 3 is used to measure the local trend of 2N by way of implement-

ing least-square fitting polynomial };19 for each segment of length . So that, the
variance is calculated as follows (Kukacka and Kristoufek 2020):

1
F2(s,19):gz X[ =) s+k —zg (k) 4)
for each segment of length 1 , and

F2(5,0) = 2 3 X IN = (9 = No) s+ K] — g ()} )
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Fig. 10 Seasonal and Trend Decomposition using Loess (STL) of CHF/USD

for ¥ = Ngt1,. 2N, where xy (k) is the polynomial fit in each segment of ¥ .
The detrending process is repeated over a wide range of various sizes in window.

Besides, Step 4 measures the segments on average, which is initiated in Step 2, to
assess the g-order fluctuation function F, (Kukacka and Kristoufek 2020):

g/
Fq<s>={ . 2N [F2(9)] /2} ¢ (6)

2N, 9 =1

where each estimated value of g # 0. On the other hand, the fluctuation function is
estimated for ¢ = 0 as follows:

1
Fys) = exp {4]\7 129]&1”1 [Ff (0 )] } (7

The ¢ parameter leads us to differentiate each segment with small and large fluctua-
tions. Therefore, the g parameter with positive and negative values is reliable to use
for large and small fluctuations, respectively, where F, () is the increasing function
of window size.

In the last step (i.e., Step 5) the scaling behavior of fluctuation functions is dealt
within the estimation process, which is represented as the plots over the log-log plots
of Fy(s) for each value of g versus s (Ihlen 2012):

Fys) ~ s"@ ®)

In consideration of Eq. (8), the series is assumed to be monofractal when there is
a constancy in h (g) and to be multifractal when there is an inconsistency in h (q)
for all g. How fast is F,) of local fluctuations increase depends on the pattern of s
window. The presence of multifractal series leads to measure the estimators which
are ranged between h (q) and g. While the h(q) is the scaling behavior of each
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segment with large fluctuations when g has positive values, the small fluctuations
emerge in the estimation with negative values of g. There may evolve large numbers
of iterations in estimations which refer that the multifractal series has smaller h (q)
together with the ¢ values higher than zero. In the estimation process, the multifrac-
tal spectrum will be based on = 1, m = 2, and m = 3. Accordingly, the ¢ order is
determined at m = 1 to avoid overfitting (Lashermes et al. 2004; Mnif et al. 2020;
Mnif and Jarboui 2021).

Regarding the MFDFA method, the generalized Hurst exponent (GHE) will be
estimated where the Hurst exponent (Hurst 1951) is employed as a metric to illustrate
whether the series is confronted with a financial explosion or bubbles. The primary
importance of the GHE is initiated by the studies of Di Matteo et al. (2005) and
Barunik and Kristoufek (2010) where the scaling behavior is estimated by the statis-
tics in the following form, representing in Eq. (9):

Ky(r)=3 S X (t+m) =X @1/ ST 1xX @) ©

According to Eq. (9), the series is assumed to be anti-persistent with no shape and
lesser fractal quotient when h (g) < 0.5. If this is the case, the market is also assumed
as being confronted with no herd behavior. On the other hand, the series may follow
a random walk and thus be entirely stochastic in nature when & (¢) = 0.5. Finally,
the series is considered persistent with a clear shape, higher fractal quotient, and herd
biased when A (q) > 0.5.

The early studies of Mandelbrot and van Ness (1968) and Mandelbrot (1972,
1974) measure the financial time series and the series of physical sciences using the
local Holder exponent (or roughness) in case of Fractal Brownian Motions (FBM).
In essence, the FBM does not capture fat tails and the change in volatility. In this
regard, they are supposed to be uncorrelated with the predictions of future returns or
fluctuations in series. Rather, the FBM is used to model the tendency of price changes
followed by the changes in the same (or opposite) direction. This study considers the
multifractality in an extended form to measure the stochastic process in series where
the moments are regarded as the basis of multifractality along with the scaling in
moments of the process’ increments (Mandelbrot et al. 1997). In that vein, the local
Holder (Hurst) exponent is estimated by taking limits as the side lengths of different
regions tend to zero at (z,y):

dioe (2, y) = limp—soo Log (Prob(iy, ..., i, )) /Log (2_") (10)
where prob(iy, ..., i,) represents the probability pr (i1) * ... pr (i) if (x,y) is

located in the square with address ¢;...7,,. Therefore, the fractal dimension (d) is
estimated as follows:

d=2 — Hwhen0 < H<1 (11)

or
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d=15 —a when0<a <1 (12)

The scaling function of multifractality 7 (¢) may be attributed as concave or linear
for multifractal and monofractal processes, respectively (Mnif and Jarboui 2021).
The log-log plot of 7 and K|, (7 ) are measured for different levels of ¢. In particu-
lar, the statistics K, (7 ) with scaling power can be calculated for which the time
series has a long-range power-law correlation:

Ky(t) ~er ah(a) (13)
The Renyi exponent 7 (gq) can be also used as an estimation of h (q):
7 (q) = qh(q) -1 (14)

The Renyi exponent 7 (¢) has two different forms where the multifractal spectrum
is used as a benchmark to assess whether the series is monofractal or multifractal.
On the one hand, the first form is based on the generalized Hurst exponent (GHE),
calculating as follows:

_ 1+ 7 (q)

h(q) .

15)
On the other hand, the second form employs the generalized fractal dimension (GFD):

d(q) = (16)

Besides, the Legendre transformation is used to obtain the GFD:

a =h(q)+ qdfq*ﬂz (17
q

where « is the Holder exponent.
In this regard, the singularity spectrum f (« ) is measured as follows:

fla)=qa -1, (18)

where 7 4 is equal to gh (g) — 1.

The scaling range is located among the S, = 10 and $,,4, = T'/4 (Rizvi et
al. 2014) for measuring the series through the implementation of MFDFA approach,
where T represents the series’ length of selected exchange rates. Accordingly, higher
multifractality is shown by higher variability of A (g). In this regard, the multifrac-
tality is calculated as A h = h(gmin) — P(gmaz) With h (q) decreases as g increases
(Zunino et al. 2008). This also shows that the higher the value of A h, the greater the
series is multifractal. What is more, the higher width of multiple spectra refers that
the selected exchange rates are less effective since the multifractality is negatively
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Fluctuation Function Fq for USD/EUR Before First Lockdown Fluctuation Function Fq for USD/EUR After First Lockdown
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Fig. 11 The MFDFA results for 5-day week fluctuation of USD/EUR

correlated with market efficiency (Domino 2011; Caraiani 2012; Aslam et al. 2020b).
All these different steps in the empirical procedure are done with the Rstudio package
“MFDFA” developed by Laib et al. (2018a, b).

In consideration of the MFDFA approach, the Magnitude of Long-Memory (MLM)
which is based on the generalized Hurst exponent (GHE) is calculated to determine
the change in market efficiency (Mnif et al. 2020). The MLM (inefficiency) index
refers to the case that fluctuations, which are ranged between the smaller h(—5)
and the larger h (5) orders, follow the random walk process. In other words, the
fluctuations in exchange rates are considered efficient with no long memory and herd
investing when MLM is equal to zero. In that sense, the higher (lower) value of
MLM implies a higher (lower) level of long memory and a higher (lower) level of
herd investing in exchange rates. The market efficiency level and the degree of herd
investing are calculated by the MLM (inefficiency) index using the following form of
estimation (Khuntia and Pattanayak 2020):

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

DN | =

Empirical findings

The primary concern in empirical process is to analyze the multifractal series with
non-normal distribution to assess whether it is led by various traces. Figures (11, 12,
13, 14, 15) represent the standard MFDFA results for the remaining inputs of selected
exchange rates (i.e., USD/EUR, USD/GBP, CNY/USD, JPY/USD, and CHF/USD).
Each figure refers that the log-log relationship between F (¢) and s is described
as a clear shape and in a straight line. Besides, the Hurst exponent is measured by
Fy(s,9) where the stationary of given series tends to be calculated for different
traces of Hurst exponent in such case that g=2 for the scaling exponent. Furthermore,
each figure shows the values of GHE where the trends of estimated values have nega-
tive slopes thereby implying the multifractality in time variations of the remaining
component.

@ Springer



SN Business & Economics (2026) 6:69 Page 21 of 35 69
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Fig. 11 (continued)

Regarding further estimations of multifractal dimension, the Renyi exponent 7 (q)
and the singularity spectrum f, are estimated through Eqgs. (14)-(18). The overall
results refer to the case that the monofractal series is linear, whereas the multifractal
series have a non-linear trend. The exponential shape of the Renyi exponent implies
that the series is subjected to a multifractal spectrum. What is more, a single-humped
shape of the multifractal spectrum indicates that the whole series are multifractal.

In the final step of the empirical process, the range of A h will be measured to
analyze the presence of a multifractal spectrum and to identify the degree of multi-
fractality in series. In this sense, the larger (smaller) the range, the higher (lower) the
multifractality (Kantelhardt et al. 2002).

Table 2 shows the empirical results for the generalized Hurst exponent over the
range of g € [-5, 5] for given foreign exchange rates. In particular, the values of h (g)
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Fig. 12 The MFDFA results for 5-day week fluctuation of USD/GBP
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Fig. 13 The MFDFA results for 5-day week fluctuation of CNY/USD

@ Springer



69 Page 24 of 35

SN Business & Economics (2026) 6:69
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Fig. 14 The MFDFA results for 5-day week fluctuation of JPY/USD
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Fig. 15 The MFDFA results for 5-day week fluctuation of CHF/USD
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Table 2 Generalized Hurst exponent for —5<¢<5
q USD/EUR USD/GBP CNY/USD JPY/USD CHF/USD
Before  After Before  After Before  After Before  After Before  After

-5 04281 0.6419 0.5750 0.5053 0.8597 0.6021 0.5497 0.4851 0.6336 0.5177
-4 04197 0.6218 0.5667 0.4940 0.8300 0.5960 0.5420 0.4768 0.6218 0.5131
-3 04121 05980 0.5571 0.4813 0.7955 0.5923 0.5362 0.4695 0.6099 0.5084
-2 04069 0.5709 0.5456 0.4669 0.7575 0.5916 0.5332 0.4643 0.5987 0.5034
-1 0.4052 0.5410 0.5312 0.4503 0.7186 0.5917 0.5329 0.4618 0.5885 0.4969
0 0.4064 0.5096 0.5128 0.4306 0.6817 0.5863 0.5324 0.4610 0.5781 0.4866
1 0.4072 0.4778 0.4889 0.4069 0.6489 0.5687 0.5252 0.4587 0.5647 0.4688
2 0.4023 0.4467 0.4590 0.3798 0.6205 0.5368 0.5037 0.4514 0.5452 0.4399
3 0.3896 0.4173 0.4251 0.3510 0.5962 0.4971 0.4689 0.4378 0.5201 0.4011
4
5

0.3725 0.3905 0.3917 0.3234 0.5752 0.4590 04315 0.4204 0.4938 0.3591
0.3548 0.3666 0.3623 0.2994 0.5570 0.4271 03992 0.4023 0.4701 0.3207
Ah 0.0733  0.2753 0.2127 0.2059 0.3027 0.1750 0.1505 0.0828 0.1635 0.1970

in each spot rate have a declining trend and thus it implies that the series are con-
fronted with multifractality in time fluctuation of the remaining components (Laib
et al. 2018a, b). On the one hand, the widest range of generalized Hurst exponent
A h(q) before the first lockdown is tracked by CNY/USD followed by USD/GBP
(0.3027 and 0.2127, respectively), referring to the highest levels of multifractality
(i.e., the least efficient spot rates before the first lockdown). Besides, the narrowest
range of generalized Hurst exponent A 4 (¢) is held by USD/EUR and JPY/USD
(0.0733 and 0.1505, respectively), implying that these spot rates have the lowest
multifractality levels (i.e., greatest market efficiency) before the first lockdown. On
the other hand, the widest range of generalized Hurst exponent A h (q) after the
first lockdown (i.e., post-lockdown period) is in USD/EUR followed by USD/GBP
(0.2753 and 0.2059, respectively), referring to the highest levels of multifractality
(i.e., the least efficient spot rates after the first lockdown). However, the narrowest
range of generalized Hurst exponent A h (¢) is in JPY/USD and CNY/USD (0.0828
and 0.1750, respectively), indicating that these spot rates have the lowest levels of
multifractality (greatest market efficiency) for the post-lockdown period.

Moreover, Table 3 summarizes the multifractal spectrum (a) from upper and
lower probabilities before and after the first lockdown period. The estimated values
of A h(q) show that selected spot rates have high fractality and have become less
efficient after the first lockdown across the financial markets. Regarding the general-
ized Hurst exponent A h (q), the degree of ¢ is close to 0.5 which indicates that the
selected foreign exchange rates show persistent behavior, meaning that any change
(positive/negative) in pre-first-lockdown period would be followed by the same (posi-
tive/negative) attitude for the post-first-lockdown period. What is more, the estimated
values refer to that they are predictable thereby indicating evidence towards market
inefficiency for selected foreign exchange rates after the first lockdown. Therefore,
the trend strategies could lead to a burst of abnormal returns from those spot rates
during the given time range (Caporale et al. 2018).

The multifractality results are summarized in Table 4 and the multifractal patterns
are depicted in Table 5. While the estimated values of generalized Hurst exponent
A h (g) show that the selected foreign exchange rates exhibit persistent behavior and
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Table 3 Multifractal spectrum (o) from upper to lower probabilities

USD/EUR USD/GBP CNY/USD JPY/USD CHF/USD
Before  After Before  After Before  After Before  After Before  After
0.4617 0.7223 0.6082 0.5505 0.9785 0.6265 0.5805 0.5183 0.6808 0.5361
0.4425 0.6932 0.5955 0.5321 0.9335 0.6071 0.5594 0.4987 0.6575 0.5272
0.4225 0.6522 0.5801 0.5101 0.8715 0.5937 0.5422 0.4799 0.6323 0.5184
0.4086 0.6008 0.5600 0.4835 0.7964 0.5915 0.5335 0.4668 0.6089 0.5099
0.4052 0.5410 0.5312 0.4503 0.7186 0.5917 0.5329 0.4618 0.5885 0.4969
0.4072 0.4778 0.4889 0.4069 0.6489 0.5687 0.5252 0.4587 0.5647 0.4688
0.3974 0.4156 0.4291 0.3527 0.5921 0.5049 0.4822 0.4441 0.5257 0.4110
0.3642 0.3585 0.3573 0.2934 0.5476 04177 0.3993 0.4106 0.4699 0.3235
0.3212  0.3101 0.2915 0.2406 0.5122 0.3447 03193 0.3682 0.4149 0.2331
0.2840 0.2710 0.2442 0.2034 0.4842 0.2995 0.2700 0.3299 0.3753 0.1671
0.1777 0.4513 0.3640 0.3471 0.4943 0.3270 0.3105 0.1884 0.3055 0.3690

O 00 N O L AW =

=

Table 4 Multifractality results

Exchange Ah Aa Hurst Multifractal Fractal MLM
Rates Average Spectrum Dimension (Ineffi-
Average (d) ciency)
(@) Index
USD/EUR  Before 0.0733  0.1777  0.4004 0.3915 1.9267 0.1086
After 0.2753 04513  0.5074 0.5042 1.7247 0.1376
USD/GBP Before 0.2127 03640  0.4923 0.4686 1.7873 0.1063
After 0.2059 03471 04171 0.4023 1.2059 0.1029
CNY/USD  Before 0.3027  0.4943  0.6946 0.7084 1.6973 0.2084
After 0.1750  0.3270  0.5499 0.5146 1.8250 0.0875
JPY/USD Before 0.1505  0.3105  0.5049 0.4745 1.8495 0.0753
After 0.0828  0.1884  0.4535 0.4437 1.9172 0.0563
CHF/USD Before 0.1635 03055  0.5659 0.5519 1.8365 0.0817
After 0.1970  0.3690  0.4560 0.4192 1.8030 0.0985
Table 5 Summary results for Exchange Rates Herd investing Market inefficiency
forex market USD/EUR T 1
USD/GBP 1 !
CNY/USD 1 1
JPY/USD l !
CHF/USD 1 1

thus they show predictable background with evidence of market inefficiency for the
given time horizon where the herding biases and market inefficiency patterns are
much different from each other across the spot rates. In essence, the width of multi-
fractal spectrum Aa indicates that increases in weighted average coincided with the
increases in multifractality (Lu et al. 2013). In consideration of abnormal changes in
the average of multifractal spectrum among two different periods, the estimated val-
ues of those changes refer to the case that the multifractality increased for USD/EUR
and CHF/USD. To get more robust and consistent results for those findings, the MLM
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(inefficiency) index is measured based on 4 (¢) in Table 4 where the higher values of
MLM indicate that market inefficiency increases for relevant foreign exchange rates.
In this regard, from pre-first-lockdown to post-first-lockdown period, USD/EUR and
CHF/USD exchange rates became more multifractal and less efficient.

Furthermore, the presence of herd biases in spot rates is documented in Table 4.
Some part of the relevant literature suggests that the fractal theory (which depends
on the theoretical trace of Hausdorff topology) may have an opportunity to use for
assessing the degree of herding behavior in financial markets. Following this fractal
theory, the fractal dimension (d) is calculated to analyze the change in herding biases
across the selected foreign exchange rates and different time dimensions. The esti-
mated values of fractal dimension (d) indicate that herding behavior is statistically
relevant for some degrees among the selected spot rates and particularly increased
for USD/EUR, USD/GBP, and CHF/USD from pre- to post-first-lockdown period.
Besides, the ranking values of fractal dimension (d) provide a way to reveal the
weight of herding biases in which those spot rates exhibited an increase in the degree
of herding behavior during the post-first-lockdown period. Regarding the ranking
of estimated values of fractal dimension (d), the CNY/USD exchange rate has the
highest degree of herding behavior (1.6973) before the first lockdown period and the
USD/GBP exchange rate has the highest degree of herding behavior (1.2059) after
the first lockdown period.

Finally, the estimated values of the MLM (inefficiency) index show that the
selected foreign exchange rates are inefficient to various degrees among the two
periods. The highest level of MLM (inefficiency) index is attributed to CNY/USD
exchange rate (0.2084) before the first lockdown period and the USD/EUR exchange
rate (0.1376) after the first lockdown period. Besides, the MLM (inefficiency) index
increased for USD/EUR and CHF/USD exchange rates among the given two periods,
referring to the spread of those spot rates across the financial relations thus the expan-
sion of transactions of those currencies among the firms, institutions and individual
investors who have bought those currencies in transactions have negative effects on
the degree of market inefficiency.

Concluding remarks

This study examines the degree of market efficiency and herding behavior across five
major foreign exchange rates - USD/EUR, USD/GBP, CNY/USD, JPY/USD, and
CHF/USD. To this end, the generalized Hurst exponent (GHE) and the magnitude of
long-memory (MLM) methods were applied to evaluate the level of fractality using
the multifractal detrended fluctuation analysis (MFDFA) for both the pre-first-lock-
down and post-first-lockdown periods. Prior to the MFDFA, the Seasonal and Trend
Decomposition using Loess (STL) approach was employed to detect the presence of
multifractality in the fluctuations of the exchange rate series. Thus, the core objec-
tive of the study was to determine whether these spot rates became more susceptible
to herd-driven investment behavior before and after the first COVID-19 lockdown.
Overall, the GHE estimates demonstrated that the selected exchange rates exhib-
ited multifractal characteristics to varying degrees throughout the sample period.
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Nevertheless, the intensity of herding and market inefficiency differed noticeably
between the two subperiods. Specifically, changes in the average values of the multi-
fractal spectrum showed that multifractality increased for the USD/EUR rate from the
pre-lockdown to the post-lockdown period. In other words, the lockdown appeared to
amplify herding tendencies and market inefficiency in USD/EUR transactions. Addi-
tionally, the MLM-based inefficiency index indicated that the USD/EUR and CHF/
USD rates became more multifractal and less efficient following the first lockdown.

The fractal dimension (d), calculated for each spot rate to assess variations in
herding behavior during the pandemic, further supported these findings. The results
indicated that herding behavior was statistically significant to varying extents and
increased particularly for USD/EUR, USD/GBP, and CHF/USD in the post-lock-
down period. Ranking the fractal dimension values revealed that CNY/USD exhib-
ited the highest degree of herding (1.6973) before the lockdown, whereas USD/GBP
displayed the strongest herding tendency (1.2059) in the post-lockdown stage.

Furthermore, the MLM (inefficiency) index showed that all selected spot rates
were inefficient to different degrees. The highest inefficiency was observed in the
CNY/USD rate (0.2084) before the first lockdown and in the USD/EUR rate (0.1376)
afterwards. Moreover, the increase in the inefficiency index for USD/EUR and CHF/
USD across the two periods suggests that these rates experienced broader market-
wide effects in terms of transaction volumes.

In light of these empirical results, the study offers valuable insights for investors
regarding shifts in herding behavior and market inefficiency in the post-pandemic
era. These findings may facilitate a better understanding of market performance dur-
ing mildly turbulent periods such as those experienced during COVID-19. Future
research is encouraged to explore additional dimensions of herding dynamics and
market inefficiency across the foreign exchange market by incorporating a wider
range of financial instruments and services.
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