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)e synchronization in financial markets has increased during the rise of global markets. Nevertheless, global shocks provoke high
levels of returns synchronization that jeopardize market stability. Using correlation-based networks, regressions, and VAR
models, we measure and estimate the effect of global synchronization on the world equity markets of North America, Latin
America, Europe, Asia, and Oceania between July 2001 and April 2020. We find that our measure of global stock synchronization
is dynamic over time, its minimums coincide with significant financial shocks, and it shrinks to its minimum levels, indicating that
the returns of global markets are moving in a synchronized way. Also, it is a significant and positive factor of regional syn-
chronization. Regional markets react heterogeneously to global synchronization shocks suggesting both local and global factors
are sources of synchronization. Our work helps market participants who need to measure, monitor, and manage the syn-
chronization of returns in a parsimonious, dynamic, and empirically tractable way. Our evidence highlights the necessity of
including synchronization as a risk factor to assess the decision-making criteria of a broad range of market participants ranging
from regulators to investors. To policy-makers, governments, and central banks, our work is a call to incorporate events of high
global synchronization into the radar of hazards of the whole market stability.

1. Introduction

During recent decades, we have witnessed the emergence of
global financial markets. Greater economic openness and
increasing integration fostered financial integration, a higher
interconnectedness in capital markets, and a greater size and
complexity of the financial systems. As a result, the global
financial market becomes a “complex system” highly
interconnected with cross-border interconnections and in-
terdependencies, where shocks easily amplify and quickly
turn into global events. Studies on interconnectedness show
its dual impact on systemic risk; it could improve financial
robustness when it contributes to absorbs shocks, but it
could also generate contagion when propagates shocks
among the components of a financial system [1–3].

During financial turbulences, risk appetite fades pro-
voking that the liquidity of risky assets practically disappears,

transforming them into a generalized herd-like behavior,
where investors desperately seek risk-free assets to take refuge.
(For example, between February 15 andMarch 23 of 2020, the
world witnessed violent falls in the financial markets; the
S&P500 index accumulated falls of 35.33%; and the reference
price for WTI oil fell by 58.13%, extending its fall to USD
17.27 during April. Likewise, during the same period, the
interest rates of the 10-year bonds of the United States
Treasury fell by 80.60%, reaching an all-time minimum of
0.3137% annually.) )ese behaviors are similar among world
financial markets, reflecting that uncertainty and volatility are
ubiquitous characteristics of capital markets during global
shocks. Moreover, this uncertainty regarding the future
performance of financial markets is not novel for the market.
As past episodes have shown, it changes the volatility of the
returns of financial assets, riskmanagement, and asset pricing,
affecting consumption, savings, and investment decisions in
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the economy [4]. For instance, the COVID-19 outbreak
turned into a global shock that simultaneously affected most
of the world economies. From a financial stability perspective,
this shock negatively impacted the valuations of financial
assets such as stocks and bonds. In addition, it generated the
well-known flight to quality and liquidity hoarding effects
typically observed in global capital markets during past ep-
isodes of financial turmoil [3, 5].

)e complex relationship between financial markets and
their constituents and their connectedness patterns and
structures attracted the attention of academics, regulators,
and market practitioners for its effects on market risk, sys-
temic risk, and business cycle risk. After the 2007-8 financial
crisis, financial markets have been studied through network-
based models, focusing initially on the study of cascading
effects on the financial sector [2, 5, 6]. Initial models depicted
well how the structure of the financial network can lead to
cascades of default under contagion and are capable of es-
timating the probability and impact of its occurrence.
However, a deeper understanding and measuring of how
shocks are amplified and propagated through financial net-
works of assets is still required. In this work, we study the
phenomenon of equity markets returns’ synchronization that
especially emerges when the stock market is faced with sharp
downtrends, causing that a large number of participants in the
market suffer severe losses at the same time, a behavior that
quickly propagates to the entiremarket [7].)is phenomenon
was particularly present during the Subprime Crisis in 2008
and the initial stages of the COVID-19 outbreak in 2020.

Synchronization or co-movement of returns is a par-
ticularly relevant phenomenon in stock markets since
contagion generates a significant change in market volatility
and stock’s correlation coefficients [8]. For a broader
viewpoint [1], the synchronization of equity returns is
critical to the financial system. In this sense, economic
structural similarities of countries and regions, coupled with
global factors, explain financial markets’ co-movement and
generate financial contagion on a large scale [9]. Moreover,
evidence indicates that interconnections among financial
markets vary over time, being an uneven phenomenon
among countries and regions [10].

)e Subprime Crisis revealed that networks of obliga-
tions, for instance, banks [11], or assets between financial
agents, for example, mutual funds [12], are possible elements
behind the co-movement of financial assets and the stability of
financial markets. )is phenomenon is crucial under the
conditions such as a significant concentration of assets in a
few financial institutions and during financial shocks. For
instance, Lavin, Valle, andMagner [13] found that similarities
in mutual funds’ portfolio strategies become a potential factor
of disturbance with implications on the stability of the net-
work conformed by stocks and funds. )is evidence suggests
that synchronization of returns is a highly complex phe-
nomenon with no single cause; on the contrary, as we witness
during the past financial turmoil of the pandemic outbreak, its
occurrence relates to multiple factors [9, 14, 15].

We analyze the synchronization of returns from a re-
gional and global market viewpoint. Our paper studies co-
movement and not integration because we focus on

shedding light on how equity market correlations dynam-
ically vary among periods of financial stability and insta-
bility. Historical financial turmoil episodes show that all
these events share some structural properties and that not all
markets react equally when global returns’ co-movement
skyrocket in terms of how the synchronization phenomenon
evolves and spreads among global equity markets. )e
following research questions are not fully covered in how the
synchronization phenomenon evolves and spreads among
global equity markets. First, is it possible to gauge the ag-
gregate level of synchronization of market returns? Second,
how does global stock market synchronization affect re-
gional markets? )ird, do variations in the global stock
market synchronization uniformly affect regional markets?
And finally, does regional equity markets’ synchronization
typically move with or against the global equity markets’
synchronization?

We contribute to the literature by studying this phe-
nomenon in an appropriately parsimonious, dynamic, and
empirically tractable way using correlation-based networks
methods coupled with time-series analysis and VAR
models. First, we tackle the previous research questions
measuring the global synchronization of equity returns of
27 world equity markets indices from July 2001 to April
2020. Second, we build asset correlation trees of global and
regional equity networks using planar filtering methods
such as minimum spanning trees and Planar Maximally
Filtered Graphs [16]. )ird, we study the global synchro-
nization effect on regional markets applying structural
VAR and impulse-response function analysis. Fourth,
exploring the dynamic quantification of the synchroniza-
tion of returns at a broad market level, we help to monitor
this phenomenon by estimating a global measure of syn-
chronization that helps explain the regional co-movement
of regional equity markets. Finally, we facilitate the task of
monitoring synchronization risk by providing a sensitivity
measure of each regional market to changes in the global
market synchronization.

Specifically, we apply the length of the minimum
spanning tree (MSTL) as a measure of synchronicity of
returns for the regional markets (MSTLR) of North and
Latin America, Europe, Asia, and Oceania. Similarly, we
estimate the MSTL for the global equity market network
(MSTLG) formed by the 27 equity markets that conform to
the latter regional markets. After this, we organize our
empirical strategy on three steps:

(1) We dynamically measure with MSTL the degree of
synchronization at both regional (MSTLR) and
global (MSTLG) levels.

(2) We econometrically test whether the global syn-
chronization measure (MSTLG) is relevant in syn-
chronizing regional markets (MSTLR) of North and
Latin America, Europe, Asia, and Oceania.

(3) We empirically analyze whether global synchroni-
zation (MSTLG) levels affect the stock market’s
synchronization of the regional markets and con-
tribute to generating future unequal synchronization
among them.
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Our main results show that the global synchronization of
stock returns measured by the MSTLG dynamically captures
changes in the global equity correlation network structure,
especially during calms and during crisis times. For instance,
the MSTLG reaches its minimum values during financial
turmoil, evidencing the most significant level of synchro-
nization among the global equity stock markets’ returns. On
the other hand, during periods of mild volatility, theMSTLG
reaches its maximum values, indicating a low level of co-
movement among global equity returns.

Similarly, we find different levels of synchronization
sensitivity among regional markets. )e co-movement
sensitivity of each regional equity market due to variations
on the global synchronization measure is unequal. )is
evidence would suggest the presence of regional factors that
also influence the synchronization of the regional equity
returns. )ese findings hold when applying robustness tests.
)e results remain unchanged when we apply specific
controls and use the Planar Maximally Filtered Graph
Length (PMFGL) as another global synchronization mea-
sure of returns instead of the MSTL.

Finally, we study the synchronization impact of global or
world synchronization on the behavior of world regional
markets. Using structural VAR and impulse-response
function analysis, we find evidence that suggests the pres-
ence of Granger causality. Moreover, this predictability
seems to go from the global network of returns towards the
regional returns networks. )ese results suggest that the
global synchronization of the equity market generates a
contemporary and future regional equity synchronization of
returns. In other words, the global synchronization of equity
returns acts as a relevant factor explaining the variation of
the co-movement of returns at regional market levels.

Our evidence has practical implications for practitioners
and regulators. )is work shows that an increase in the
global synchronization of stock returns is the forerunner of a
future rise in the synchronization of returns of regional
markets. In addition, this result would imply a greater
systemic risk and lessen portfolio diversification benefits
[17]. Similarly, our measure of global synchronization would
serve to set critical value limits that would allow market
participants to anticipate future regional and global markets’
synchronization spurs. Finally, our results highlight the
relevance of global and local factors that would fuel syn-
chronization events [9] and the importance of proper reg-
ulation of financial markets that alleviate the potential
hazards of high synchronization periods.

)e paper is structured as follows: Section 2 depicts the
literature and connects it with the main hypotheses. Section
3 reviews the methodology. Section 4 discusses the main
methods applied and shows the data. Section 5 presents the
empirical findings. Finally, Section 6 concludes and extends
our findings.

2. Literature and Hypotheses

2.1. Literature Review. Systemic risk jeopardizes the capital
markets’ stability and proper functioning, reducing market
confidence and willingness to take risks. Diverse

methodologies have been applied to monitoring and
quantifying it. Among the most applied methods are equity-
correlation-based measures [18], conditional value at risk
(CoVaR) approach [19], copula functions [20], marginal
expected shortfall analysis [21, 22], and cross-correlation
coefficient-based analysis [23]. )ese approaches mainly
focus on the relationships between financial institutions and
the financial system.

As the interconnections on capital markets rise, the
necessity of considering the interconnectedness and inter-
actions that underlies the financial system as a whole per-
spective arises too. )e complexity of interconnections and
the size of the financial markets promote the ample use of
network methodologies to quantify risks and identify the
transmission of risks among sectors, countries, and markets.
Moreover, understanding complex systems’ behaviors are
enhanced through network methods since they allow
modeling the indirect effects in the interconnections of their
components or entities [24].

)e network literature initially focused on network at-
tributes’ implications and their relationships with financial
systems’ stability and fragility [25, 26]. Similarly, many
studies explored how the links’ distribution affects the
systemic reaction to shocks and how the connectivity of
critical nodes or hub nodes could destabilize and even cause
the entire network to collapse [3, 27, 28]. Other relevant
topics included transaction networks of financial assets,
portfolio selection, risk management, overlapped portfolios,
integration of financial markets, and financial crises [29–32].

Network methods initially employed correlation-based
networks.)eminimal spanning tree (MST) [30], the Planar
Maximally Filtered Graph (PMFG) [33], the correlation
threshold network [34], and the partial correlation-based
network [35] are the most extensive methods. MST and
PMFG apply Pearson correlation coefficients to build asset
networks considering the level of similarity in the price
changes for a given pair of assets. In contrast, partial cor-
relation-based networks estimate partial correlations to
measure whether other assets influence the relationship
between this pair of assets. Pearson correlation-based net-
works methods are applied to study financial markets, the
MST being the most frequent method used for its simplicity,
robustness, and clarity to visualize asset trees properties and
their linkages [35].

)e structure of the asset network of financial markets
reveals useful taxonomies for analyzing financial markets as
a complex system. Mantegna [29] models US equity market
structures using MST and PMFG, finding clusters between
the Dow Jones index components. Onnela et al. [31], ana-
lyzing the correlation networks of the stocks belonging to the
S&P500 index, show dynamic clusters whose existence is not
exclusive due to industrial sectors but due to psychological
and economic factors captured through the asset network.
)ey find that the normalized tree length of the MST
(MSTL) is dynamic over time and reaches minimums during
financial crises, showing that the power of diversification in
the market relates to the evolution of the MSTL asset net-
work over time. Li et al. [36] found that during crises, the
topology of the asset tree changes, the MST becoming more
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starlike and compact and this network becoming less re-
silient to shocks andmore prone to systemic risk. Despite the
widespread use of these methods as tools for studying re-
lationships and interactions within financial markets, their
main drawback is that the topological constraints for con-
structing these networks do not always possess apparent
economic or statistical grounds [37, 38].

As interest in the phenomenon of financial market in-
terconnections increases, new methodologies have devel-
oped to delve into the mechanisms of spillover and
contagion. Spillover analysis method surge founded on
econometric-based networks is classified into the following
groups: (a) Granger-causality networks or mean-spillover
networks [1]; (b) variance decomposition frame-based
networks or volatility spillover networks [39] and GARCH
model-based networks [40]; and (c) risk spillover networks
that include the tail-risk driven networks [41–43] and the
extreme risk networks [38]. In general terms, these methods
can model the complexities of the interconnectedness
phenomena present in capital markets and identify their
possible spillover paths associated.

Network methods improve traditional statistical analysis
of complex systems. For example, econometric methods
study the direct effects on the relationships of the entities of a
system. However, when coupled with networks, it is feasible
to enrich the dynamic modeling of financial markets by
estimating, for instance, the distance between two entities or
nodes and how likely an indirect effect is between them [39].
Mainly, through network methods, it is possible to study the
synchronization of returns in financial markets.

)e ubiquity of the synchronization of returns is a
phenomenon with multiple origins and implications.
Glasserman and Young [5] found that, at present, the
returns synchronization observed in the financial markets is
more recurrent than before because of the growing inter-
connectedness of the world financial system. )is issue is
critical in a risk management context, because diversification
does not properly protect portfolios against risk during high
synchronization episodes. Ample evidence shows that,
during the Subprime Crisis, the diversification advantage
from portfolio management disappears due to increased
synchronization of assets’ returns [17, 44, 45]. Bury [46],
Zhao et al. [47], and Gao and Mei [48] found that corre-
lations are time-varying and synchronization of returns rises
during crises. Higher synchronization periods tend to occur
precisely when investors mostly need the help of diversifi-
cation as a tool to lessen the adverse effects of financial
shocks on their portfolios [31].

As the focus of our paper is the study of synchronization
within global equity markets, we use the MST method. As
mentioned, this is an excellent technique for studying the
structure of financial time-series correlation networks and
very useful for identifying the structure of financial time-
series correlation networks [31, 49, 50]. Moreover, even
though there are more sophisticated techniques to measure
synchronization based on oscillators [51, 52] or phase
synchronization [53, 54], the returns cross-correlation
matrix is, in essence, the information of co-movement be-
tween signals, easy to compute and from which one can

extract not only topological properties of the correlation
network but also coupling behavior of time-varying signals.

From an economic and financial viewpoint, various
theories would explain the synchronization of returns.
Factors related to financial exposures and economic and
commercial links, coupled with dynamic complex network
structures, have been studied [46, 51, 55]. For instance,
interest rate parity models link the synchronization of
returns to exchange rates; trade flowmodels connect them to
exchange rates, and asset pricing models associate them with
exchange rate variations that affect the supply/demand of
financial assets. Roll [56] and Chow et al. [57] found a
positive relationship between the US dollar and stock
returns. Phylaktis and Ravazzolo [58] observe that stock
prices and exchange rates are positively related. In the same
vein, but connecting different financial markets, Ciner et al.
[59] showed that oil shocks negatively impact stock returns,
and during crises, gold transforms into a refuge asset. Re-
cently, Raddant and Kennet [9] related the co-movement of
financial markets to countries’ economic structural simi-
larities and alike global sectoral factors.

2.2. Hypotheses. Network methods complement traditional
econometric analysis since they allow the inclusion of sec-
ond-order effects and nonlinear interactions present on
complex systems. For instance, modeling the synchroniza-
tion of returns is crucial for understanding the financial
markets’ behavior and reaction to disturbances always
present on capital markets.

In opposition to linear systems, complex systems are
characterized among other factors, by being nonlinear be-
cause the change in the outputs is nonproportional to the
change in the inputs, causing the system to appear chaotic,
unpredictable, or even contradictory. Precisely, we have
witnessed this kind of behavior during the outbreak of the
pandemic in equity markets, in part due to the extraordinary
measures taken by central banks and governments and in
part also as a natural reaction of investors towards a flight to
quality investing as a consequence of a diminished risk
appetite. To mitigate markets turmoil, liquidity injections,
repurchase of risky assets, and the explosive increase in fiscal
spending have been applied globally. Unfortunately, these
measures have been accompanied by unwanted higher
synchronization in the global equity market.

Capital markets are characterized by numerous entities
and various interaction rules, on several degrees with
nonlinearities, that generate collective behaviors and co-
movements that stimulate asset and market interactions that
finally influence pairwise returns correlations under a spe-
cific catalyst. )is generalized phenomenon hinders the
comprehension and modeling of the whole system, espe-
cially when shocks generate state changes in global financial
markets that skyrocket returns’ synchronization [46, 51].

From the viewpoint of the market participants and
regulators, today more than ever, it is needed to measure,
monitor, and anticipate global synchronization of the
returns of financial assets, especially for most volatile ones
such as stocks.)erefore, central banks, regulators, portfolio
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managers, and investors require estimation of synchroni-
zation of the global, regional, and local level in order to use
this measure as a “seismograph” that can help them to assess
the movements that different shocks provoke on the fi-
nancial system and at the same time be able to foresee the
future level of synchronization.

We consider the contribution of financial networks as a
tool to monitor the level of synchronization of returns of
global stock markets. Based on the purpose mentioned
above, considering the research questions mentioned in
Introduction and considering the level of global synchro-
nization of equity markets as an exogenous variable that
evolves accordingly to the positive and negative shocks that
financial markets face, we establish the following hypotheses:

Hypothesis 1 (H1): the global synchronization of returns
(MSTLG) is a statistically significant factor in explaining
the synchronization of returns of regional markets
(MSTLR) of North and Latin America, Europe, Asia,
and Oceania.
We expect that the global synchronization of returns
estimated from the global equity market network is
relevant to explaining the regional synchronization of
returns. )is global network captures the collective
behavior at the aggregate level of pairwise markets
correlations. Our second hypothesis is the following:
Hypothesis 2 (H2): there are statistically significant
differences in the degree of sensitivity of each regional
markets´ synchronization (MSTLR) to changes in the
global synchronization of returns (MSTLG).
We expect that changes in the global synchronization
levels affect market’s synchronization of each regional
market unequally since multiple local and global factors
coupled with economic and commercial links affect the
co-movements of stocks.

3. Network Methods

We apply network methodologies to stock indexes to esti-
mate the correlations of market returns and build the
network of correlations [31, 60]. For this, we considered the
closing price of the index i on the day τ as Pi(τ) and its
returns as ri(τ) � lnPi(τ) − lnPi(τ − 1) for a consecutive
sequence of transaction days. To calculate the evolution of
indices’ synchronization, we used a vector of returns for a
time window defined by the number of transaction days of
month t. )is vector of returns corresponds to rt

i , such that
the correlation between index i and index j in month t is

ρt
ij �

〈rt
ir

t
j〉 −〈rt

i〉〈r
t
j〉

〈rt2
i 〉 −〈rt

i〉
2
􏽩 〈rt2

j 〉􏽨 −〈rt
j〉

2
􏽨 􏽩

, (1)

where 〈. . .〉 indicates the average overall transaction days of
month t. )e result for each pair of indexes is a matrix Ct of
N × N with values −1≤ ρij ≤ 1. )is matrix is equivalent to
the adjacency matrix with weights of a completely connected
network, in which the interconnection of each index is
represented and in which the weights correspond to the
correlations between each pair of indices.

To capture the relevant correlations in the index net-
work, we filtered the entire network’s weights, preventing
the network nodes from being disconnected. )is meth-
odology corresponds to the MST [29], which delivers a
subgraph-type tree structure, connected from the entire
network, with N nodes and N-1 links, and whose path to
connect all nodes is minimal. )e MST reduces the entire
network of N (N− 1)/2 links to a tree with N− 1 links [61].

)e MST built with Prim’s algorithm [62] connects the
asset network’s N nodes minimizing the distance traveled.
Previous to this network, we transformed the correlations
using a nonlinear transformation such that dij � (2(1 −

ρij))
1/2 represents the distance between the indices. A cor-

relation ρij � −1 indicates the maximum distance with
dij � 2, while ρij � 1 indicates a minimum with dij � 0. As a
result, we obtained a matrix Dt, which summarizes the
distances between the indices that describe the ultrametric
properties of the taxonomy of an asset network [29, 63, 64].

We estimate the MST at Dt, describing the asset net-
work’s adjacency matrix by Tt, whose sum of links is
minimal. )e sum of the links calculated for each month t
forms a time series. In this way, for the network of N nodes
and N− 1 links, the normalized tree length (MSTL) is de-
fined as

L(t) �
1

N − 1
􏽘

dt
ij
∈Tt

d
t
ij. (2)

We generated a time-series MSTLi (t) for each month t
and market i, taking its variation as

ΔLi(t) � ln Li(t)( 􏼁 − ln Li(t − 1)( 􏼁. (3)

Finally, to properly model this series, we study the
stationarity conditions of this time series applying standard
procedures to include them in the econometric models
[65, 66].

4. Empirical Approach

4.1. Econometric Model. Our paper analyzes the hypotheses
related to the global synchronization of 27 equity markets
and the synchronization observed in the regional markets of
North and Latin America, Europe, Asia, and Oceania.
According to this, we built the following time-series model
to test the hypotheses of this study:

ΔLit � α + dm + β∗Xit + c∗Cit + eit. (4)

)e dependent variable ΔLit is the MSTLR variation of
region i (i� 1: America; 2: North America; i� 3: Latin
America; i� 4: Europe, and i� 5: Asia-Oceania) in month t
(t� 1 . . .216); α is the constant; dm is a dummy month
variable that captures unobserved temporary effects (m� 1,
January,. . .,m� 12, December); β represents the coefficients
of the independent variables related to the hypotheses; c

corresponds to the estimated coefficients for the control
variables; Xit is the global MSTL variation (MSTLG); Cit are
the control variables; and eit corresponds to the error term.
In addition, we include lags ΔLit−1 and ΔLit−2 to control the
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possible effects of autocorrelation. Finally, we include as an
independent variable, the monthly variation (varmstl_glo-
bal) of the length of the global minimum spanning tree
(MSTLG) as the variable that captures the global synchro-
nization of stock returns.

In this way, using the model of equation (4), we evaluate
the following hypotheses previously depicted in Section 2:

Hypothesis 1 (H1): the global synchronization of
returns (MSTLG) is a statistically significant factor in
explaining the synchronization of returns of regional
markets (MSTLR) of North and Latin America, Europe,
Asia, and Oceania.
H0i: βi � 0 and H1i: βi ≠ 0, for all i� 1, 2, 3, 4, and 5.
Hypothesis 2 (H2): )ere are statistically significant
differences in the degree of sensitivity of each regional
market’s synchronization (MSTLR) to changes in the
global synchronization of returns (MSTLG).
H0: β1 � β2 � β3 � β4 � β5 and H1: β1 ≠ β2 ≠ β3 ≠
β4 ≠ β5.

We applied heteroscedasticity and autocorrelation
consistent (HAC) estimators to estimate our econometric
models. In addition, we implement robustness tests to verify
that the results of the econometric analysis are consistent
when including different robustness checks (see Section 5.3).
Finally, we apply structural VAR, impulse-response function
analysis, and forecasting error variance decomposition
methods to our core models to test the existence of Granger
causality among global and regional synchronization of
equity returns (see Section 5.3).

4.2.ControlVariables. In this section, we explain the control
variables included in the econometric model of Section 4.1.
According to the literature, financial shocks impact eco-
nomic growth and stock returns. Nguyen et al. [67] found
that commodities impact stock returns due to their utili-
zation in portfolio diversification and hedging strategies.
)ey also indicate that this factor would explain the co-
movement of copper with global stock markets. Similarly,
interest rates also have an impact on stock markets. For
instance, Shiller and Beltratti [68] found a negative rela-
tionship between long-term interest rates and stock returns
in US markets. Likewise, there is evidence of a link between
stock returns and exchange rates. Roll [56] and Chow et al.
[57] showed a positive correlation between the dollar value
measured by a basket of foreign currencies and US stocks‘
returns.

Commodities also impact the behavior of stock returns,
especially the high correlation between oil prices and stock
returns. Park and Ratti [69] and Apergis and Miller [70]
documented an intertemporal relationship between oil and
stocks, the positive or negative impact being on stock
markets dependent on the type of oil shock. Along the same
lines, there is evidence of a relationship between gold prices
and stocks’ behavior. Ciner et al. [59] pointed out that gold
has a shelter status because investors use it as a haven under
shocks and high uncertainty levels.

Uncertainty also influences the behavior of equity
returns. )e literature evidences a relationship between
stock returns, market volatility, and economic uncer-
tainty. )e CBOE VIX (Chicago Board Options Exchange
Volatility Index) is the best gauge to forecast volatility of
equities, and it is an indicator highly valued by investors
as a measure of implied equity market uncertainty.
Banerjee et al. [71] found a negative relationship between
the S&P 500 performance and VIX evolution. )ey also
observe that the VIX has a robust predictive capacity of
future stock returns. Similarly, Antonakakis et al. [4]
found a negative correlation between stock’s performance
and the VIX. )ey also indicate that increases in the
volatility of returns reduce future returns and boost
economic uncertainty.

Considering the above literature, we incorporate control
variables in our econometric model of Section 4.1 to control
the possible impact that the previous variables would have
on the market’s returns of the equity markets of our study,
which could influence the behavior of our dependent var-
iable. Accordingly, following Eberhard et al. [32] and Lavin
et al. [13], the variables we consider as controls are the
following: to consider the possible effect of volatility, we
added the monthly volatility of each region (sigma); to in-
corporate the effect of the VIX, we added the monthly
variation of the VIX index (varvix); to control the effect of
the US dollar, we added the monthly variation of the US
dollar (measured against a basket of 10 leading global
currencies) (varbdxy); to consider the possible effect of the
interest rates, we added the monthly variation of the 10-year
Treasury bond rate (vart10us); to incorporate the possible
influence of the gold, we included the monthly variation of
the gold price (varau); and finally, to control the effect of raw
materials, we added the monthly variation of the copper
price (varhg1) and the monthly variation of the oil price
(varcl1).

4.3.AeData. We used daily data collected from Bloomberg
from July 2001 to April 2020, totaling 226 months, for 27
stock indexes from North America, Latin America, Europe,
Asia, and Oceania. )ese indices are part of Bloomberg’s top
benchmarks for each stock market at the country and re-
gional level. Table 1 exhibits the stock indices for each re-
gion. Table 2 shows monthly variations and describes the
main descriptive statistics for the global MSTL (MSTLG)
and regional MSTL (MSTLR).

When comparing the different estimates, North
American and European markets have a coefficient of
variation (CV) higher than the global average. In contrast,
Latin America, Asia, and Oceania have a lower one. )ese
results indicate that in terms of the variability of MST length,
the North American and European markets show higher
volatility (relative to the average) in their degree of syn-
chronization of returns than the rest of the regional markets.
Figure 1 also exhibits the time series of the MSTLG from July
2001 to April 2020. As can be seen, there are big swings
during the period, with clear maximums andminimums that
tend to repeat during the whole period.
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5. Empirical Findings

5.1. Descriptive Results. Considering our measure of global
synchronization, in this section, we perform a brief com-
parison of the evolution of the MSTLG during the full-
sample period and two periods of high turmoil in the fi-
nancial markets, namely, the Subprime Crisis and the initial
stages of the COVID-19 outbreak.)e idea is to observe how
our global synchronization measure behaves.

Figure 1 shows the monthly evolution and the monthly
variation of the minimum spanning tree length for a total of

27 stock indexes in North and Latin America, Europe, Asia,
and Oceania for the period July 2001–April 2020. As men-
tioned, this measure captures the global length of the MST
asset conformed by the whole equity markets of our sample.
In terms of the behavior of the MSTLG, we observe that the
time series is dynamic over time, with clear cycles and
pathways, reaching maximum levels near February 2018 and
minimum levels near September 2017 and March 2020. In
terms of the monthly variation of the MSTLG, we appreciate
mild periods of change combined with high periods of
fluctuations that broadly range from +40% to −40% monthly.

Table 1: Indices by region.

Region Indices

North
America S&P500, NASDAQ from the USA and TSX from Canada.

Latin America IPC from Mexico, BOVESPA from Brazil, IPSA from Chile, MERVAL from Argentina, IGBVL from Peru, and COLCAP
from Colombia.

Europe FTSE from the UK, CAC from France, DAX from Germany, IBEX from Spain, MIB from Italy, AEX from Holland, OMX
from Sweden, RTS from Russia, and SMI from Swiss.

Asia NIKKEI from Japan, HANG-SENG from Hong Kong, KOSPI from Korea, TSE from Taiwan, JSE from Indonesia, KLCI
from Malaysia, and ST from Singapore.

Oceania ASX 200 from Australia and NZSE from New Zealand.
)is table summarizes each region of study and its corresponding stock indices.

Table 2: Descriptive statistics of minimum spanning trees length by region (MSTLR) and global (MSTLG) measure.

Global North America Latin America America Europe Asia-Oceania

MSTL Monthly
variation % MSTL Monthly

variation % MSTL Monthly
variation % MSTL Monthly

variation % MSTL Monthly
variation % MSTL Monthly

variation %

Mean 13.045 −0.151 0.786 −0.184 3.379 −0.059 4.539 −0.092 2.932 −0.229 4.813 −0.174
SD 1.949 14.93 0.191 30.127 0.574 18.681 0.778 18.809 0.683 25.228 0.772 16.53
CV 0.149 — 0.243 — 0.170 — 0.174 — 0.233 — 0.160 —
p25% 11.516 −8.72 0.641 −22.571 3.042 −11.167 4.046 −10.195 2.423 −16.151 4.219 −9.783
p50% 13.302 −0.325 0.766 1.735 3.999 −0.342 4.639 1.064 2.908 −1.444 4.805 0.160
p75% 14.598 10.137 0.914 19.520 3.785 11.124 5.158 10.477 3.441 16.518 5.434 9.869
)is table summarizes the means of the minimum spanning trees lengths by region and global levels, their respective monthly variations, and their main
statistics for the period July 2001–April 2020. SD: standard deviation; CV: coefficient of variation; p25%, p50%, and p75%: percentile 25%, 50%, and 75%,
respectively.
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Figure 1: Global minimum spanning tree length (MSTLG).)is figure represents the evolution and variation of theminimum spanning tree
length for a total of 27 stock indexes in North and Latin America, Europe, Asia, and Oceania for the period July 2001–April 2020.
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Complementing the above evidence, Figure 2 depicts a
heat map with the dynamic evolution of the MSTLG for the
period July 2001–April 2020. Black (khaki) color represents
the minimum (maximum) values for the period. We can
observe the following:

(1) )e global synchronization of the equity markets
changes over time.

(2) )e heat map illustrates that the minimum levels of
the MSTLG coincide with shocks associated with the
Subprime Crisis and the initial stages of the COVID-
19 outbreak. )is evidence suggests that two dif-
ferent shocks have a similar impact on the global
synchronization of the equity returns of a broad
sample of stock markets.

(3) )eMSTLG shrinks to its minimum levels, indicating
the returns of the global stockmarkets are moving in a
synchronized way. Unfortunately, such aggregate
behavior coincides with the worst periods in terms of
performance and volatility of global stock markets.

In addition to the previous analysis, we perform network
analysis to understand the structural changes within the asset
trees that underlie the MSTLG during periods of high syn-
chronization. Figure 3(a) shows nodes grouped according to
their geographical region during the SubprimeCrisis of 2008-9.
In addition, we observe a persistent behavior on nodes in the
same geographical sector remaining close to each other during
and after the crisis (precrisis: January, February, and March
2008; crisis: September, October, and November 2008; and
postcrisis: March, April, and May 2009). )e shortening and
lengthening of the MSTL do not break up the geographic node
clusters, but it is present according to the analysis period.

We note that the Subprime Crisis caused important
changes in the stock market synchronization. )e length of

the tree shortens from 10.87 to 10.24, while during the re-
covery from the crisis, the length increases from 10.24 to
11.68. Similarly, we observe that the structure of the trees is
dynamic. Before the crisis, the tree has very long branches
from several nodes joined sequentially, leaving only L� 9
terminal nodes with leaves, while in the postcrisis period, the
tree has more star formations. As a result, more nodes appear
as terminal nodes and more hub nodes; in this case, L� 16.
We believe that this is relevant to the way information is
transmitted throughout the financial network. )e flow of
information in a network with more star formations and hub
nodes is different from a network with sequentially connected
nodes.)e average diameter of the treeD (the largest distance
between any two nodes) also changes in the periods indicated.
As expected, the diameter decreases (from 5.72 to 5.10), but it
continues to do so even in the postcrisis period. Nevertheless,
this decrease is due to the change in the tree’s structure in
which we see that the long rows of connected nodes give way
in favor of more significant number of terminal nodes.

In the same way, we analyze how the network topology
reacts during the initial months of the pandemic. Figure 3(b)
shows theMST before (November 2019 to January 2020) and
during the COVID-19 outbreak (February to April 2020).
Like the Subprime Crisis, this shock does not seem to
“disorder” the nodes, maintaining the network at a certain
grouping level according to the region to which they belong.
In any case, we observe a significant contraction of the
distances (from 14.40 to 9.30). Unlike the Subprime Crisis,
the trees’ shape does not seem to change much: the number
of terminal nodes before and during the COVID-19 out-
break is L� 12 and L� 13, respectively. However, the di-
ameter also decreases significantly from 6.64 to 3.81. )is
reduction is due to the effect of this shock on financial
markets and not a radical change in the network’s topology.

In addition, we compare the effect of both shocks on the
structure of the asset network. For this goal, we analyze the
value of Lf and Dn between both asset trees. )e first
measure is the number of leaves divided by the maximum
number of potential leaves (a starlike tree). )e second
measure is the diameter divided by the total number of
edges. Table 3 summarizes these estimates. We can appre-
ciate that the increase in Lf before and during both episodes
was 8.7% and 30% for the Subprime Crisis and the COVID-
19 outbreak, respectively. However, the decrease in Dn was
9.1% and 42.3%, respectively. In other words, on the one
hand, the COVID-19 shock produced a significant topo-
logical change based on a relative increase in the number of
leaves, while the Subprime Crisis produced an important
topological change based on the diameter. Although the
mechanisms that explain how and why both shocks affect the
structure of the correlation networks differently are not
precise, we know that both events’ origin and basis are
entirely different and both have different implications on the
global financial and stock markets. Notwithstanding the
previous results, from the viewpoint of the synchronization
phenomenon, the previous results indicate that both epi-
sodes resemble each other, as the global synchronization
increase in both periods.
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Figure 2: Global minimum spanning tree length (MSTLG) heat
map.)is figure represents the evolution of theminimum spanning
tree length for a total of 27 stock indexes in North and Latin
America, Europe, Asia, and Oceania for the period July 2001–April
2020. Black (khaki) color represents the minimum (maximum)
values for the period.
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Figure 3: Continued.
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5.2.EconometricResults. In this section, we resume the main
results of the econometrics model presented in Section 4 that
study our main hypotheses. As mentioned, H1 evaluates

whether the global synchronization of returns (MSTLG) is a
statistically significant factor in explaining the synchroni-
zation of returns of regional markets (MSTLR), while H2
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Figure 3: (a) Minimum spanning trees (MSTs) during the Subprime Crisis. )is figure shows the resulting MST for three different periods.
For comparison, we consider the quarters 6 months before and after where global markets fell sharply during Subprime Crisis: precrisis
(January, February, and March 2008), crisis (September, October, and November 2008), and postcrisis (March, April, and May 2009). )e
color of the vertex represents different regions: (a) blue: Asia-Oceania, (b) light blue: Latin America, (c) light yellow: Europe, and (d) light
salmon: North America. (b) Minimum spanning trees (MSTs) during the COVID-19 outbreak. )is figure shows the resulting MSTfor two
different periods. For comparison, we consider the quarter where global markets fell sharply during the COVID-19 outbreak and a quarter
before: previous (November 2019 to January 2020) and during (February to April 2020) the outbreak. )e color of the vertex represents
different regions: (a) blue: Asia-Oceania, (b) light blue: Latin America, (c) light yellow: Europe, and (d) light salmon: North America.
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tests whether there are statistically significant differences in
the sensitivity of each regional market (MSTLR) to varia-
tions in the global synchronization of equity returns
(MSTLG).

Table 4 resumes the main results of the econometric
estimations. First, we observe that MSTLG is a relevant
factor for explaining the synchronization behavior of the
regional markets under study (columns 1, 3, 5, 7, and 9).
Second, as indicated by the coefficients associated with the
variation of MSTLG (varmstl_global), there is a positive
relationship between the variations in the global synchro-
nization of equity returns and the variations in the level of
regional synchronization associated with each regional
market. Specifically, we can observe that the elasticities for
North America, Latin America, America, Europe, and Asia-
Oceania are 0.967, 0.858, 0.951, 1.083, and 0.772, respec-
tively, all of them with p< 0.001. )ese coefficients suggest
different levels of exposure to the risk of synchronization of
global markets: the degree of linkage that a region has with
the synchronization of returns on a global scale. Europe has
a greater sensitiveness. A change of 1% in the global MSTL
(MSTLG) causes a reaction of 1.08% in the synchronization
of returns in European markets. Contrarily, for the Asia-
Oceania markets, the impact is just 0.73%. )e latter result
suggests the lowest synchronization sensitivity among rest of
the regional markets.

)e above comparisons of regional sensitiveness regarding
global synchronization are valid as long as the coefficients for
each market are statistically different. Table 5, panel A, displays
a statistical test of coefficient equality between models. As can
we see, the evidence indicates Europe and Asia-Oceania have
different elasticities suggesting that both regions would have
different global synchronization exposures. On the contrary,
North America and Europe exhibit similar elasticities sug-
gesting that both regions respond similarly to changes in the
global level of synchronization.

In addition, it is worth mentioning that the results of
Table 4 are in line with the previous literature that indicates that
the impact of regional stock volatility on returns co-movement
is a relevant factor. As can we observe, there is a negative
relationship between regional volatility and the synchroniza-
tion of stock returns. )e latter would occur because when
regional volatility rises, a reduction in the regional MSTL
develops as a consequence of a shock, indicating a higher level
of correlation among regional stock markets, i.e., a higher
regional synchronization episode emerges. )ese results are
very interesting since a local volatility shock coupled with a

global shock of synchronization would further increase the
regional synchronization (columns 1 and 9).

5.3. Robustness Analysis. )is section presents additional
analyses to provide further insights and test the latter results’
robustness. Accordingly, we apply three kinds of robustness
analysis: (1) we control the possible impact of financial
turmoil episodes; (2) we replace our global synchronization
measure based on the length of the MST by the length of the
PMFG; and (3) we study the influence of global synchro-
nization on regional synchronization using VAR analysis.

5.3.1. Controlling Financial Shocks. During financial turmoil,
the risk appetite practically disappears, giving space to liquidity
hoarding and flight to quality. )e above negatively impact
risky assets, their returns, and their valuations. Accordingly, to
evaluate the consistency of the results presented in the previous
section, we apply robustness tests for controlling possible ef-
fects related to past financial shocks, such as the financial crisis
of 2001, the Subprime Crisis of 2008-9, the financial turmoil of
2018, and the COVID-19 outbreak. During these episodes, the
MSCI All Country World Index, a global free-float equity
weighted index that includes both emerging and developed
worldmarkets, experienced negative accumulated returns from
peak to valley, of −51%, −60%, −21%, and −34%. According to
market practitioner’s view, they entered a bearish territory
because they fell more than 20%. For this reason, we include in
the previous econometric models a dummy variable (dum_-
shock ()e dummy shock takes the value of 1 for eachmonth in
the period fromMar-00 to Oct-02, Oct-07 to Apr-09, Jan-18 to
Dec-18, and Feb-20 to Apr-20 and zero otherwise.)) to capture
financial shock episodes. )e idea is to corroborate that our
results are not due to the financial turmoil during those specific
bearish periods.

As Table 5, panel B, shows, the differences in the regional
stock markets’ sensitivity to changes in the global syn-
chronization of the stock returns remain. In other words,
during the analysis span, our results are consistent when
controlling the unobserved effects of those above economic
and financial shocks.

5.3.2. PMFG Length as a Measure of Global Synchronization.
Our second robustness analysis tests whether our previous
results hold when using a different measure to capture syn-
chronization. We re-tested the econometric models, including

Table 3: Descriptive parameters of the structure of the minimum spanning trees.

Subprime Crisis COVID-19 outbreak
Period Lf Dn Lf Dn

Before 0.35 0.22 0.46 0.26
During 0.50 0.20 0.50 0.15
After 0.62 0.18 — —
)is table compares the means for Lf and Dn parameters of the MST trees during the Subprime Crisis and the COVID-19 outbreak. Lf: the number of leaves
divided by the maximum number of potential leaves of the tree;Dn: the diameter divided by the total number of edges of the tree; periods of Subprime Crisis:
precrisis: January to March 2008; crisis: September to November 2008; and postcrisis: March to May 2009. COVID-19 outbreak: before: November 2019 to
January 2020; during: February to April 2020.
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the variation of the length of the Planar Maximally Filtered
Graph as an independent variable ()e algorithm to find the
PMFG [33] is similar to that used to find the MST, but unlike
the latter, it produces a graph with 3N-6 edges, unlikeMSTthat
generates N-1 [72]. In this way, the PMFG retains a little more
information than the MST.) (varpmfgl). Since the PMFG
supports cycles in the network, the PMFGL will be higher than
the MSTL. Because of this feature of including more infor-
mation, it is interesting to compare the models that explain the
synchronization phenomenon as a robustness measure. It is
worth mentioning that we do not calculate the PMFG length
for regions. As the PMFG includes theMSTand the edges used
to join the nodes in the PMFG are of minimum distance,
therefore, the regional PMFG length will be the same as the
length of the regional MST.

As we can see in Table 6, the principal results remain
when we control the possible effect of financial shocks in
conjunction with the length of the PMFG as a new estimate
of global synchronization. )us, we still observe the pre-
vious finding of a direct relationship between the global
synchronization of equity markets and regional synchrony
of returns. Moreover, similar to previous results, Table 6
shows that the sensitivity of the regional markets to changes
on the global synchronization is dissimilar. For instance,
North American and European markets have superior

sensitivities compared to Latin American and Asian-
Oceania markets.

5.3.3. VAR and IRF Analysis. Our last robustness analysis
applies vector autoregression analysis (VAR) and impulse-
response function (IRF) models to understand the inter-
actions between the variables that capture synchronization
at the regional markets and the effects of global synchroni-
zation on these variables. In the general form of the VAR
model, the variables considered endogenous are varmstl_nam,
varmstl_lat, varmstl_ame, varmstl_eur, and varmstl_asioc,
while we incorporated the variable varmstl_global as an ex-
ogenous variable. In addition, we included the variable varvix
to control for possible effects derived from implied volatility
spillovers [73]. )e VAR model is

Yt � 􏽘
K

k�1
AkYt−k + 􏽘

L

l�0
BlXt−l + et, (5)

where Yt is an nx1 vector of period t observations of endog-
enous variables; Xt is a vector of period t observations of the
exogenous variables; and et is an nx1 residual vector. K is the
number of lagged endogenous observations, and L is the
number of lagged control observations. We set K� 4 and L� 0
based on the Akaike information criterion.)e IRF function is

varmstl namt

varmstl latt

varmstl amet

varmstl eurt

varmstl asioct

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

� 􏽘
K

k�1
Ak

varmstl namt−k

varmstl latt−k

varmstl amet−k

varmstl eurt−k

varmstl asioct−k

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

+ Bl ∗BMt +

εvarmstl nam,t

εvarmstl lat,t

εvarmstl ame,t

εvarmstl eur,t

εvarmstl asioc,t

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (6)

Table 7 summarizes the results of the full-sample VAR.
Again, we emphasize that we are not attempting to identify
spillover effects, either the channels of transmissions by any
means; on the contrary, we are just interested in studying

the dynamic effects of the aggregate system (e.g., estab-
lishing if one variable helps forecast the other beyond a
simple autoregressive benchmark). We organized our
analysis in columns for each dependent variable and by

Table 5: Comparison between coefficients of regressions by region.

Panel A-without dummy shock
North America Latin America America Europe Asia-Oceania

North America — 4.92 (0.0272) 2.42 (0.1208) 0.30 (0.5859) 9.28 (0.0025)
Latin America — — 1.35 (0.2465) 12.06 (0.0006) 0.90 (0.3426)
America — — — 7.16 (0.0078) 5.90 (0.0157)
Europe — — — — 24.69 (0.0000)

Panel B-with dummy shock
North America Latin America America Europe Asia-Oceania

North America — 5.03 (0.0255) 2.50 (0.1146) 0.31 (0.5794) 8.54 (0.0037)
Latin America — — 1.37 (0.2422) 12.31 (0.0005) 0.83 (0.3630)
America — — — 7.32 (0.0072) 5.36 (0.0187)
Europe — — — — 23.63 (0.0000)
)is table shows the F-tests and p values (in parentheses) that compare the MSTLG coefficients between regression models shown in Table 4. )e rows and
columns of the table indicate the result comparison for each region. )e null hypothesis indicates that there are no significant differences between the
magnitudes of the estimated coefficients.
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rows for the lagged dependent variables and the exogenous
variables.

)e main results indicate relevant mutual influence in
terms of synchronization of returns among regional markets.
Asia and Oceania influence all the rest regions and itself;
meanwhile, North America mainly affects itself and Latin
America. Concerning the impact of the global synchroniza-
tion over the regional markets, our evidence confirms a direct
relationship between global synchronization captured by the

variable varmstl_global and the synchronization exhibited by
each regional market. Moreover, these results are robust when
we control from possible effects derived by changes in the
implied volatility that VIX captures.

In addition, to study the length of the synchronization
episodes, we perform structural VAR analysis to capture the
response after a shock of one standard deviation in the global
MSTL. Figure 4 shows the impulse-response functions for
each region. Consistent with our previous findings, we can
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Figure 4: Impulse-response graphs. )is figure depicts the impulse-response exercise from a shock in the global MSTL (varmstl_global)
over the MSTL of North America (varmstl_nam), Latin America (varmstl_lat), America (varmstl_ame), Europe (varmstl_eur), and Asia-
Oceania (varmstl_asioc).
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observe that the MSTL in each region responds positively
after a positive shock in the global MSTL (i.e., they tend to
rise when the global MSTL rises and vice-versa). Moreover,
in all cases, this response is significant in one period after
the shock. Notably, in each region, the shock starts to be
absorbed after the fifth period. )ese results would indicate
that the duration of the synchronization phenomenon
among global equity markets is not a short-term lived
event.

Complementing the previous analysis, we perform an
error variance decomposition for the full-sample period to
assess the relevance of our global synchronization measure
in terms of its influence on the synchronization of the re-
gional markets. Table 8 shows how the orthogonalized
disturbances contribute to the mean squared error (MSE) in
the h-periods-ahead forecasts. We can notice the following:

(1) We observe that most MSTLs tend to be very
autoregressive; in each MSTL, their lags explain a
relevant part of the variance in the MSE. For instance,
the MSTL lag of North America explains about sixty-
five percent of the variance in the MSTL of North
America; meanwhile, for markets like Europe and
Asia-Oceania, the results are substantially lower.

(2) It is worth mentioning that the global MSTL explains
an essential proportion of the variance in most cases.
For example, for h� 5, it ranges from 31.3% for
North America to 63.2% for the case of Europe.

(3) It is interesting to indicate significant heterogeneity
among regional markets in terms of their exposure to

global and local factors when episodes of global
synchronization occur.

Finally, following Diebold and Yilmaz [74], we quantify
the total influence of global synchronization on the world
regional markets. ()is framework permits studying total
interdependence or total spillover effects between assets of
the same nature and relies on the Cholesky-factor iden-
tification of VAR that generates a variance decomposition
that can be dependent on the variable ordering. As men-
tioned, we consider the global synchronization as an ex-
ogenous variable and the regional synchronization as
dependent variables; the ordering we apply is MSTLG and
each regional MSTL. In order to determine individual or
directional spillover effects and analyze different asset classes,
see Diebold and Yilmaz [75] and Shaikh [76]). Table 9 exhibits
the variance decomposition that results from contribution to
the variance of the h-month-ahead synchronization forecast
error of region i coming from innovations to synchroniza-
tions of region j. Panel A shows 1-month-ahead forecast-error
variance decomposition. Panel B exhibits the same analysis
for the fifth month. We can observe that 1- and 5-month-
ahead contribution in terms of synchronization from the
global network to regional networks is 86% (3.074/3.575) and
75% (2.674/3.581), respectively. )ese results highlight the
crucial contribution that global synchronization exerts over
the synchronization of regional markets.

In summary, our robustness analysis led us to think that
the results of this section are consistent with our previous
regression models:

Table 9: Total influence of global synchronization network.

Panel A: 1-month-ahead forecast-error variance decomposition

varmstl_as varmstl_nam varmstl_lat varmstl_ame varmstl_eur varmstl_asioc Total Contribution
from others

varmstl_as 1 0 0 0 0 0 — 0
varmstl_nam 0.406 0.594 0 0 0 0 — 0.406
varmstl_lat 0.589 0 0.411 0 0 0 — 0.589
varmsl_ame 0.702 0.05 0.2 0.048 0 0 — 0.952
varmstl_eur 0.687 0.002 0.038 0.001 0.272 0 — 0.728
varmstl_asioc 0.69 0.012 0.04 0.021 0.137 0.1 — 0.9
Contribution to others 3.074 0.064 0.278 0.022 0.137 0 3.575
Contribution including
own 4.074 0.658 0.689 0.07 0.409 0.1 6.000

Panel B: 5-month-ahead forecast-error variance decomposition

varmstl_as varmstl_nam varmstl_lat varmstl_ame varmstl_eur varmstl_asioc Total Contribution
from others

varmstl_as 0.941 0.025 0.002 0.006 0.007 0.02 — 0.06
varmstl_nam 0.313 0.655 0.002 0.006 0.001 0.023 — 0.345
varmstl_lat 0.512 0.03 0.417 0.013 0.002 0.025 — 0.582
varmsl_ame 0.592 0.122 0.208 0.041 0.001 0.036 — 0.959
varmstl_eur 0.632 0.011 0.067 0.005 0.277 0.007 — 0.715
varmstl_asioc 0.625 0.012 0.051 0.031 0.194 0.087 — 0.913
Contribution to others 2.674 0.2 0.33 0.061 0.205 0.111 3.581
Contribution including
own 3.615 0.855 0.747 0.102 0.482 0.198 5.999

)is table summarizes the forecast-error variance decomposition results for the period 2001–2020 as percentage points among global MSTL and MSTL of
each region. )e variance decomposition is based on the orthogonalized impulse-response function and Cholesky forecast-error variance decomposition.
Ordering is the following: MSTLG and each regional MSTL. Source: authors’ elaboration.
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(1) )e VAR, impulse-response functions, and MSE
variance decomposition suggest a Granger causality
from the global MSTL to the regional MSTL

(2) )is relationship is positive; i.e., more global syn-
chronization precedes a more regional
synchronization

(3) )e capacity of the global MSTL to capture future
episodes of synchronization seems to go beyond the
own autoregressive measure of synchronization of
the regional markets

6. Conclusions

Our research contributes to helping financial market par-
ticipants in the task of measuring and monitoring syn-
chronization risk. For this, we estimate the synchronization
of global stock markets applying MST network methods to
27 world equity markets and use it as a proxy of the global
synchronization phenomenon and as a factor for explaining
the synchronization of the leading world regional equity
markets. In the current financial context of high uncertainty,
it is relevant to ask about the dynamic of the global equity
market synchronization for its implications over systemic
risk, especially after strong rallies in equity values after the
COVID-19 outbreak when the risk of stock price corrections
is higher. )erefore, the threat that novel emerging shocks
affect financial markets and provoke new episodes of stock
market synchronization is high.

Our main results evidence that the global equity market
synchronization, measured by the length of the global MSTL
(MSTLG), is dynamic over time, its minimum values co-
incide with relevant financial shocks, and it shrinks to its
minimum levels, indicating that the returns of the global
stock markets are moving in a synchronized way. Likewise,
the changes in the topology of the global MST capture the
impact of shocks of different natures on financial markets
but have a similar impact on the assets’ correlation, a be-
havior that finally provokes the synchronization phenom-
enon. In addition, our evidence indicates that global
synchronization of the stock markets is a significant factor
explaining the synchronization of the world regional equity
markets during the last 20 years. Also, we find a positive
relationship between the variations in the global synchro-
nization of equity returns and the variations in the syn-
chronization associated with the world regional markets.
Finally, our results show different sensitivities among the
regional equity markets to global equity synchronization
variations.

Our evidence does not reject the hypothesis that the
global synchronization of returns is a statistically significant
factor in explaining the synchronization of regional markets’
returns. Nevertheless, this evidence is crucial to understand
the links between global and regional economic and financial
factors, elements that rise due to business internationali-
zation, lowered transaction costs, and growing international
investments. )is major interconnectedness and globaliza-
tion are suitable for the development of the economies.
However, in times of market turmoil, it can become a

significant problem since the considerable increase in the
synchronization of returns diminishes portfolio diversifi-
cation’s benefits and becomes an element of contagion.

In addition, we cannot reject the hypothesis that there
are statistically significant differences among regional
markets with the degree of sensitivity to the global syn-
chronization of returns. On the contrary, we find a positive
relationship between both variables, which suggests that
when the global synchronization increases, the regional
synchronization will increase too, and vice-versa. In con-
clusion, our results support the idea that the complex and
interconnected nature of the present financial markets
should motivate practitioners and regulators to revise and
update beliefs regarding risk management to incorporate
monitoring and management of the risk of synchronization
as a priority.

Our research does not analyze the structural links
between global and regional markets in terms of market
synchronizations’ spillover. Instead, we evaluate the im-
pact of the global synchronization of stock returns on
world regional markets and their sensitivity to this factor
applying Pearson correlation-based network methods. A
natural extension of our work relates to exploring the
application of other networks methods, such as partial
correlation networks [35, 74] in relevant assets in terms of
assets under management (AUM) like bonds, commod-
ities, and real estate, considering different economic
sectors in both developed and developing countries. As
well, it is a relevant deeper study using Pearson and partial
correlation-based networks of the synchronization spill-
overs that arise due to structural interconnectedness
present among different markets in terms of asset classes,
regions, and sectors in order to gain a deeper under-
standing of the directional spillover inherent among fi-
nancial assets and markets and their impact on systemic
risk [75, 76].

One limitation of our study is the impact of the non-
synchronous trading effect (i.e., time zone differences) on
global stock markets. Our focus is not to solve this problem
because there is still no efficient way to deal with this
problem [35]. Unfortunately, the option of working with
weekly frequencies to eliminate the nonsynchronous trading
effect causes the loss of valuable information on the daily
activity of the markets as a problem. Nevertheless, this
problem is more significant in the global MSTL series due to
time zone differences, while in the regional MSTL series, this
problem tends to be minimized. However, we conjecture
that the nonsynchronous trading effect would tend to de-
crease when working with the first differences (variation of
the global MSTL) and even more when estimating the co-
efficient of relationship between the variation of the global
MSTL with the regional MSTL variations. Furthermore,
Forbes and Rigobon [77] did not observe differences when
implementing heteroscedasticity bias tests for contagion
based on correlation coefficients using 2-daymoving average
correlation estimation windows and daily returns.)erefore,
we believe it is necessary for future research to analyze
potential methodological modifications that tackle the
nonsynchronous trading effect.
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Our work has many implications. First, it helps reg-
ulators, central banks, policy-makers, portfolio managers,
and investors to measure, monitor, and manage the
synchronization of returns. Second, as the benefits of
international diversification diminishes when synchro-
nization rises, risk management strategies founded on
investing abroad require a revisit that incorporates this
risk on the decision-making criteria. )ird, global fi-
nancial agents, such as investment banks, must innovate
and develop new financial engineering products that help
market participants to manage synchronization risk. Fi-
nally, markets regulators and policy-makers, as well as
central banks and governments, need to incorporate these
new perspectives and insights based on empirical evidence
as input factors that conduct them to supervise the well-
functioning of financial markets better, as well as to
improve the coordination of the financial market before
emerging global shocks again jeopardize the stability of
capital markets.

Data Availability

)e data used to support the findings of this study are
available from the corresponding author upon request.

Additional Points

(i) Using correlation-based network methods, such as
minimum spanning trees (MSTs) and Planar
Maximally Filtered Graphs (PMFGs), we study the
impact of global synchronization of equity returns
on the world equity markets of North America,
Latin America, Europe, Asia, and Oceania. For this,
we estimate the length of the MST and PMFG as a
measure for the global synchronization phenomena
using daily and monthly data between July 2001 and
April 2020.

(ii) Our results evidence that the global synchronization
of equity markets, measured by the length of the
global MSTL, is dynamic over time, its minimum
values coincide with relevant financial shocks, and it
shrinks to its minimum levels, indicating that the
global returns are moving in a synchronized way.
Likewise, the changes in the topology of the global
MST rightly capture the impact of shocks of dif-
ferent natures on financial markets, but that have a
similar impact on the assets’ correlation in terms of
synchronization.

(iii) Using time-series regression analysis and structural
VAR models, we find that the global synchroniza-
tion of equity returns has a significant and positive
impact on the contemporaneous and future syn-
chronization of the world regional equity markets.
Also, the reaction of the regional synchronization is
unequal to variations in global synchronization
levels. We find a wide heterogeneity response
among regional markets to shocks in global syn-
chronization levels.

(iv) Our results help financial market participants who
need to measure, monitor, and manage the syn-
chronization of returns. Likewise, our evidence
shows the necessity of including synchronization as
a risk factor to assess the decision-making criteria to
policy-makers and regulators. Our work highlights
the need to incorporate events of high global syn-
chronization into the radar of hazards of market
stability.
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