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In this paper, we propose a multivariate procedure based on multidimensional visibility graphs to
detect changes in the market volatility of UK �nancial indices, considered both before and after
Brexit main events. We produce a graph-theoretical representation of volatility time series derived
from equity indexes, government rates and currencies to investigate the behavior of the aggregate
market volatility through the use of global centrality measures. By employing a stylized agent-based
model, we show that the proposed approach is able to discriminate between periods of high and
low volatility, both in the temporal dimension and cross-sectionally among multiple time series.
We aim at recognizing whether external news related to the Brexit process could induce signi�cant
‘after-shocks’ (and also ‘pre-shocks’) in the system, by producing dynamic relaxation in the values
of centrality measures, in line with the cascade effects described by the Omori earthquake law. In
particular, high volatility cascades dissipate into the market via power-law relaxation. When com-
pared with other categories of events, such as Bank of England monetary policy announcements, we
observe signi�cant market inef�ciency in processing Brexit related news. We also �nd that strong
market surprise related to speci�c Brexit news or a correct discount of some Brexit announcements
can produce an inverse Omori law exhibiting convex relaxation.

Keywords: Brexit; Market volatility; Omori law; Multidimensional visibility network

1. Introduction

Given the economic and political signi�cance of Brexit for
UK and global markets, a granular and systematic analysis
of the impact of the Brexit process on �nancial markets is
still a missing link in the existing empirical literature. In fact,
most of the studies are focused on the economic or polit-
ical effects of the Brexit on the UK real economy and on
its relationships with the other counterparts (see, e.g. Pain
and Young2004, Vasilopoulou2016, Hosoe2018, Jackson
and Shepotylo2018, Drif�eld and Karoglou2019, Borgh-
esi and Flori2019). Indeed, the Brexit vote has dragged on
demand via weaker consumption and weaker business invest-
ment. As regards consumption, it remained resilient immedi-
ately following the referendum, but then declined from early
2017, as consumers saw a deterioration in their purchasing
power and a worsening in their real income, as prices were

� Corresponding author. Email:alessandro.spelta@unipv.it

driven higher by sterling’s depreciation. Even for business,
the impact was heavily concentrated in 2017, when �rms
faced higher costs and the expected and wished for export
boom was not seen; the value of exports from the UK did
not grow faster, while the value of imports was broadly lower
than in the G7 countries (see Corsettiet al. 2019). Overall,
the real economy has been negatively impacted by higher
uncertainty, with business investment, productivity and real
wages stalling. The export boost, instead, was not very high,
as highly specialized and high value added sectors represent
the larger part of exports, with products characterized by a
lower elasticity to price and evidence of limited adjustment of
prices to currency depreciation.

On the other hand, only a few works investigate speci�cally
the effects of Brexit on �nancial systems (see, e.g.Schiereck
et al. 2016, Armour 2017, Belkeet al. 2018, Li 2019).
For instance, Ramiahet al. (2017) analyze the effect of the
Brexit referendum on various sectors of the British stock mar-
ket and �nd that this effect is likely to vary across sectors,
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Shahzadet al. (2019) notice that performance of UK �rms
may decrease because of the Brexit process and that market
reaction varies during pre- and post-referendum events, while
Samitaset al. (2018), by focusing on the �nancial stability
channel, show that Brexit would have adverse consequences
on both the UK and EU economies, especially in the long run.

We propose to study the volatility dynamics of the domestic
UK �nancial market before and after the main Brexit-related
news through the lens of network theory. In so doing, we
develop a new measure inspired by visibility algorithms (see
Lacasa and Flanagan2015) and tensor decomposition (see
Spelta2017, Pecora and Spelta2017, Speltaet al. 2018) to
investigate the reaction of capital markets to Brexit announce-
ments. In particular, we assess the impact of Brexit-related
events on the volatility time series derived from equity
indexes, government rates and currencies, which are jointly
considered to describe the UK �nancial system from an
aggregate perspective.

In recent decades time series analysis has received inputs
from different disciplines, such as nonlinear dynamics, sta-
tistical physics, and Bayesian statistics. As a result, new
approaches like nonlinear time series analysis grounded on
algorithms, multifractal spectra and projection theorems have
emerged in the literature to allow more complex investi-
gations in several applied economic contexts (Kantz and
Schreiber 2004, Hastie et al. 2009). Against this back-
ground, visibility algorithms have been shown to be rela-
tively simple and analytically tractable methods for extract-
ing nontrivial information on the original signals by pro-
viding a clean description of low dimensional dynamics
(Lacasa and Flanagan2015). In fact, visibility algorithms
constitute a family of methods for mapping the informa-
tion encoded in time series into a graph-based representa-
tion which embeds several properties of the original series
into the topological structure of the graph. For instance,
periodic series can be conveniently mapped into regular
graphs, random series into random graphs, while fractal
series can be represented as scale-free networks. Such infor-
mation can then be effectively exploited to describe, in
graph-theoretical terms, the behavior of the time series and
their underlying dynamical properties (see, e.g. Zhang and
Small 2006, Xu et al. 2008, Lacasaet al. 2008, Shirazi
et al. 2009, Strozziet al. 2009, Haraguchiet al. 2009, Don-
ner et al. 2010, 2011, Campanharoet al. 2011, Stephen
et al.2015, Lacasa and Flanagan2015, Lacasaet al.2015). By
representing a time series as a graph, one can therefore inves-
tigate through topological analysis the inherited structural
patterns at different time scales from microscopic to macro-
scopic levels (Lacasaet al. 2008). For this reason, visibility
algorithms are thus emerging as an instrumental approach,
especiallywhen dealing with nonlinearities and complexity.

In this paper, we �rst revise the notion of visibility graph
to convert �nancial series into a network. Given a time series,
each time-stamp is considered to be a node. Two nodes are
connected by an edge if the corresponding observations are
‘visible’ from each other, i.e. if there exists a straight line
connecting data values at these points and not intersecting the
height of any other intermediate observations. Hence, nodes
that have the highest visibility tend to show the largest num-
bers of edges connected to them. In other words, time stamps

associated with peaks generally present higher probabilities
to connect to many other points in the series since they do
not have obstacles in visibility thanks to their higher posi-
tions in the series. However, it could be also the case that
local maxima create barriers between lower points and other
peaks. More generally, this approach allows us to describe
time observations according to their centrality levels. Most
central time stamps, namely nodes with higher visibility, can
thus be interpreted as critical points in the series since they
identify moments where volatility deviates substantially from
its long-run behavior.

Given such visibility graph representation for volatility pat-
terns of different �nancial assets over time, we then apply a
probabilistic tensor decomposition (Koldaet al. 2005, Kolda
and Bader2009) to obtain global centrality measures from the
resulting visibility multi-layer network. This procedure allows
us to synthesize the volatility behaviors of the series, both in
time and cross-sectionally, through a global measure that we
call Multidimensional Volatility Indicator(MV I). In practice,
MV I simultaneously considers the induced visibility both in
the temporal and cross-sectional dimensions, together with
their feedback mechanisms. Moreover, such tensor decompo-
sition also provides an additional score, which we callType
Centrality (TC), expressing the contribution of each asset
series to determine the centrality scores of time nodes.

Multi-layer �nancial networks have been recently emplo-
yed to describe multidimensional inter-linkages between
economic agents (see Polednaet al. 2015, Montagna and
Kok 2016, Aldasoro and Alves2018), especially in the con-
text of interbank lending. However, the existing literature
mainly focuses on creating an aggregate network represen-
tation by summing over single networks, thus failing to ade-
quately capture nonlinearities generated by the multi-layered
nature of the data (Gauvinet al. 2014). In this paper, we
extend the approach proposed by Avdjievet al. (2019) for
international bank lending to a visibility multi-layer network.
Differently from the multi-layer �nancial networks typically
employed in the domain of interbank lending modeling, with
nodes representing �nancial institutions, in our analysis nodes
stand for time stamps connected by the visibility approach.
Therefore, theMV I obtained from the visibility multi-layer
network can be interpreted probabilistically in terms of the
dynamics of the aggregate underlying system, taking multi-
ple types of �nancial markets simultaneously into account.
The higher the importance of a node, i.e. the higher the
MV I in that time stamp, the greater the probability that
a consistent number of asset series display co-movements
during high volatility periods, meaning that in such time
stamps these series show substantial deviations from ‘busi-
ness as usual’ dynamics. This approach is parameter free and
does not require any assumption on the functional form of
the data generating process, allowing us to study even non-
stationary time series, which may present phenomena like
long-range memory, and that are likely to lead to phases of
market instability. Hence, the identi�cation of a nodes cen-
trality allows us to study relevant nonlinear properties of the
underlying multilayer network, such as system synchroniza-
tion. Indeed, the presence of nodes becoming very central
reveals an increased synchronization of the time series, which
is likely to occur when the system is far from its equilibrium
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con�guration. Conversely, during periods of market stability,
nodal centrality is more evenly distributed, thus indicating
that the system is close to equilibrium (see Lacasaet al.2015).
Moreover, tensor decomposition is instrumental when work-
ing with multiple networks. The resulting centralities, associ-
ated with time stamps, indicate an increasing synchronization
phase of the system, thus signaling potential abrupt transi-
tions in the behavior of the underlying system. Time periods
associated with highly connected nodes in multilayer net-
works will be those representing spikes in most of the series,
surrounded by observations with a low deviation. Hence, in
our work we rely on multilayer centrality scores to uncover
the emergence of such synchronized patterns between �nan-
cial time series and to assess the intensity of self-organizing
processes arising from market co-movements and positive
feedbacks (see Heemeijeret al.2009, Flori et al.2019, Spelta
et al.2020, Flori et al.2021), especially around Brexit-related
announcements.

We introduce a stylized Agent-Based model to validate, in
a controlled environment, theMV I ability to capture high and
correlated volatility patterns in multiple time series. In other
words, the Agent-Based model is instrumental in verifying
the value added by using a multiplex visibility graph and a
centrality measure computed on the temporal dimension of
such a graph (namely, theMV I) to synthesize co-movements
between different series. Agents can in fact herd towards a
common strategy and lead the price to deviate from its fun-
damental value, causing �nancial crashes and volatility out-
bursts, to be locally either self-enforcing or dissipating. Our
analysis shows how the empirically observed market volatil-
ity captured by theMV I can be related to agents’ behaviors
at micro level, whose interactions can bring larger effects at
macro level to the whole �nancial market. This framework is
very suitable for investigating the nonlinear dynamics occur-
ring among interacting agents that populate a �nancial market,
and that cannot be assessed only by considering aggregate
variables, such as asset prices or returns.

More speci�cally, to analyze the dynamic response of the
aggregate market volatility to exogenous shocks related to
the Brexit process, we study �uctuations of theMV I’s dis-
tribution using concepts developed in the �eld of seismology
(Omori 1894, Utsu1961), deriving parallels between energy
cascades and information cascades. In particular, we analyze
the role that different external news plays in explaining the
rate of occurrence of large volatility �uctuations in the �nan-
cial system. This gives the means to study the behavior of
the MV I associated to time points in the neighborhood of
relevant external events that may have impacted on the asset
price dynamics. Hence, we aim at recognizing whether news
related to the Brexit process could induce signi�cant ‘after-
shocks’ (and also ‘pre-shocks’) in the system by producing
dynamic relaxation in the values of the centrality measures
in line with the cascade effects which follow an earthquake’s
energy propagation. The occurrence of an exogenous shock
on a �nancial market may in fact increase the likelihood of
other consequent shocks. In particular, several papers (see,
e.g.Lillo and Mantegna2003,2004, Selçuk2004, Selçuk and
Gençay2006, Weberet al.2007, Petersenet al.2010a, 2010b,
Siokis 2012, Pagnottoniet al. 2021, Speltaet al. 2021)
have shown that a power-law tail describes quite well the

dynamics of market volatility after a major �nancial shock.
For instance, speci�c negative events have been studied by
Sornetteet al. (1996) and Lillo and Mantegna (2003,2004)
who analyzed the volatility dissipation before and after the
Black Monday crash in 1987 and found evidence of a
power-law decay rate coherent with the Omori law. The
role of announcements has been instead reported in Petersen
et al. (2010a), who found that FED announcements regard-
ing interest rate changes produce volatility outbursts decaying
in line with the Omori law, while a comparison of estimated
Omori exponents for different �nancial indices is reported
in Selçuk (2004) for emerging markets. In our framework,
the Omori law, which describes the non-stationary phase
observed after a big earthquake, turns out to be instrumen-
tal in describing the dynamical response of a �nancial system
when it is pushed far away from its equilibrium state due to
the occurrence of an extreme event.

Our analysis reveals that Brexit announcements produce
�nancial shocks whose dynamics can be described by an
analogue of the Omori earthquake law. Indeed, we �nd that
the Brexit process induces high volatility cascades of ‘after-
shocks’, which follow power-law decay, here interpreted as
market inef�ciency in processing the events. We also notice
that the same law describes ‘pre-shock’ behavior before the
date of the Brexit events. Moreover, the UK �nancial system
shows a different degree of reaction to the events affecting the
British markets. We observe signi�cant market inef�ciency in
processing Brexit related news, in particular if compared to
other categories of events, such as Bank of England mone-
tary policy announcements and policy actions. We also �nd
that in some cases Brexit announcements produce an inverse
Omori law exhibiting convex relaxation due to strong market
surprise or a correct discount of Brexit news.

The paper is composed as follows: Section2 presents the
data set employed in the paper together with the methodol-
ogy. In particular, in Sections2.1,2.2and2.3, we present the
visibility algorithm used to convert time series into networks,
the tensor decomposition used to extract centrality measures
and the study of such topological measures through the Omori
earthquake law, respectively. Section3 gives the results and
discusses a simpli�ed agent-based model to describe how
our proposed approach can discriminate between periods of
high and low volatility across multiple time series. Section4
concludes.

2. Data and methodology

The Brexit process has stormed the global �nancial market
inducing signi�cant perturbation in asset prices, which we
analyze from a multidimensional perspective. We study the
behavior of theMV I in the neighborhood of relevant events
potentially affecting market dynamics to investigate the role
that different news play in explaining the rate of occurrence of
large �uctuations in the �nancial system. To better understand
aggregate market responses on different types of shocks, we
classify relevant external news observed in the markets over
the 3-year period 2016–2019 into two different categories,
namely: news regarding Brexit events and monetary policy
ones.
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We consider the following variables grouped in asset
classes. The asset class equity is represented by the FTSE
UK Indexes that measures the performance of all capital
and industry segments of the UK equity market, there-
fore from large cap to small cap companies: FTSE100
(UKXIndex), FTSE250 (MCXIndex), FTSE350 (NMXIn-
dex), FTSE All-Share (ASXIndex), FTSE Techmark Focus
(T1XIndex), FTSE AIM All-Share Index (AXXIndex), FTSE
Small Capitalization Index (SMXIndex). The UK government
yield curve is represented by 2, 5, 10, 30 yearly matu-
rities (GTGBP2YCorp, GTGBP5YCorp, GTGBP10YCorp,
GTGBP30YCorp). Finally, we consider the sterling (GBP)
cross rates against the main currencies, i.e. US dollar
(USBPCurncy), Euro (BPEUCurncy), Yen (JYBPCurncy)
and Swiss Franc (SFBPCurncy). The daily observations (from
January 2016 to November 2019) are obtained from the
Bloomberg database.† All values are expressed in GBP
and, for each asset, we compute the daily volatility dynam-
ics as the absolute value of the asset return (see Weber
et al.2007, Petersenet al.2010a, 2010b, Nowaket al.2011).

2.1. Natural visibility graph

To build up networks from assets’ time series, we follow
Lacasaet al. (2008) who propose to transform a time series
into a graph or network according to a mapping algorithm
named Natural Visibility, which links every point of the time
series with all those that can be ‘seen’ from the top of the con-
sidered point. In the resulting graph, every node corresponds
to a time stamp in the time series and two nodes are connected
if they are visible from each other, i.e. if there exists a straight
line connecting such pair of nodes, provided that this line does
not intersect the height of any other intermediate point. This
method produces an undirected graph, invariant under af�ne
transformations of the series, where nodes with high central-
ity scores are the time points most connected with the rest of
the graph (see Lacasa and Flanagan2015).

Formally, the following criterion establishes how edges
connecting time stamps are created, thus constituting the
backbone of the visibility graph. Two time stamps,ta andtb,
of a series whose corresponding values areya and yb, will
represent connected nodes of the associated visibility graph,
i.e.V(a,b) = 1, if any other data(tc, yc) placed between them
ful�lls the following inequality condition:

V(a,b) = 1 if yc < yb + (ya Š yb)
tb Š tc
tb Š ta

(1)

Such graph-theoretical algorithms are typically exploited to
extract in a simple and parsimonious way the relevant infor-
mation on the dynamics of an underlying system (Lacasa
et al. 2008, Xu et al. 2008, Lacasaet al. 2009, Donner
et al. 2011, Gonçalveset al. 2016). In particular, visibility
graphs have been largely devoted to the analysis of univari-
ate time series (exceptions are Lacasaet al. 2015and Flori
et al.2021), while their capability to detect quantitative early
warnings signals of �nancial crisis and local instabilities (see,

† In parenthesis, the �nancial indices labels retrieved from
Bloomberg website.

e.g. Sera�noet al. 2017) make them suitable for the study
of �nancial distress. In order to assess the contribution of
different asset classes to market instability, we then propose
a tensorial approach to visibility graphs to simultaneously
address both the cross-sectional and time dimensions, in a way
that multiple time series are jointly considered.

2.2. Tensor decomposition and centrality measures

The probabilistic tensor decomposition results in two cen-
trality scores (Kleinberg1999, Koldaet al. 2005, Kolda and
Bader2009), namely: the Multidimensional Volatility Indi-
cator (MV I) and the Type Centrality (TC). These scores
are associated respectively to the temporal and to the cross-
sectional dimension of the multi-layer network. While the
�rst indicates the importance of each time point in terms
of magnitude and co-movement among the series, the sec-
ond contains information on the probability that high scoring
nodes are connected in such layer, i.e. it reveals information
on whether time points with high values of the Multidimen-
sional Volatility Indicator see each other in that particular time
series thus contributing to the centrality of the time stamps
that are connected on such layer.

Formally, following Kolda and Bader (2009) a third-order
tensor is an element of the tensor product of 3-vector spaces,
each of which has its own coordinate system. The multi-layer
network, in which each layer represents a visibility graph
associated with one of theK time series of lengthT, can
thus be mapped into a third-order tensorV � RT× T× K, as we
have a two-dimensional visibility graph for each asset series
k � K, the latter representing the third dimension. Hence,V �
RT× T× K represents a three-order tensor obtained by stack-
ing the adjacency matrices of the visibility graphsVk for
k = 1,. . . ,K. Each element of the tensorvijk takes value 1
if nodesi and nodesj are connected in thekth layer, and zeros
otherwise.

The TOPHITS algorithm was developed by Kolda
et al.(2005) as a generalization of the HITS algorithm (Klein-
berg 1999) for multidimensional arrays. In our framework,
it provides a global centrality measure for nodes, i.e. time
stamps, and layers, i.e. price time series, by determining one
score for each dimension of the tensor. In order to get cen-
trality measures with a probabilistic interpretation, we rely
on a modi�cation of the TOPHITS algorithm following Ng
et al. (2011) and we consider a Markov chain on the tensor,
whose joint stationary distribution will be the product of the
centrality measuresMV I andTC.

To obtain the centrality measures from the visibility multi-
layer network, the starting point is the computation of the
(bivariate) conditional frequenciesH andR for time stamps
and asset types, respectively. These scores can be obtained by
normalizing the entries of the tensorV as follows:

hi|jk =
vijk

� T
i=1 vijk

i = 1,. . . , T

rk|ij =
vijk

� K
k=1 vijk

k = 1,. . . ,K
(2)

beinghi|jk the probability of visiting theith node given that the
jth node is currently visited using thekth layer and beingrk|ij
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the probability of using thekth layer given that thejth node is
visited from theith node. We account for the so-called dead
ends nodes whenvijk = 0 by setting the values ofhi|jk equal to
1/T and the value ofrk|ij to 1/K.

The above quantities can be used to estimate the conditional
probabilities:

Pr[X� = i|X� = j, Z� = k]

Pr[Z� = k|X� = i, X� = j]
(3)

where random variablesX� andZ� stand for the visit of any
particular node using any asset type, at the step� of the
Markov chain.

The conditional frequencies can be used to derive the
stationary marginal probabilities:

Pr[X� = i] =
T�

j=1

K�

k=1

hi|jkPr[X� = j,Z� = k]

Pr[Z� = k] =
T�

i=1

T�

j=1

rk|ij Pr[X� = i, X� = j]

(4)

whose limiting distributions can be used to computeMV I and
TC as follows:

MVIi = lim
� ��

Pr[X� = i]

TCk = lim
� ��

Pr[Z� = k]
(5)

Finally, in line with the TOPHITS algorithm, the centralities
can be computed iteratively solving the following system of
equations:

MVIi =
T�

j=1

K�

k=1

hi|jkMVIjTCki = 1,. . . , T

TCk =
T�

i=1

T�

j=1

rk|ij MVIiMVIjk = 1,. . . ,K

(6)

In a word, letK denote the total number of asset series for
which a visibility graphVk is computed and letTCk be the
score corresponding to the importance of thekth series, i.e.
the contribution of thekth series to the importance of the
nodes in the visibility tensor. Moreover, letMV Ii andMV Ij
be the scores corresponding to the importance of theith and
jth nodes, i.e. the importance of theith (j th) time point across
multiple series in terms of visibility.

The centrality scoreMV Ii related to the importance of the
ith node (or time point) is the weighted sum of the centrality
scoresMV Ij of the nodes that are ‘visible’ fromi along all the
asset series. The weight associated with each visible nodej is
the product of the element of the transition probability tensor
H between the pair of nodes (i, j) multiplied by the type score
TCk of the layer in which the link is present.

The type centrality score of layerk (namely,TCk) is the
sum, over all pairs of nodes(i, j) connected in layerk, of the
product between their centrality scoreMV Ii andMV Ij with

Figure 1. Multi-layer network example and MV I, TC com-
putations: the network has two layers, L1 (the stock layer for
instance) and L2 (suppose the exchange rate layer), and �ve
time stamps (nodes created with the visibility algorithm). In
L1, the time stamp t3 is connected to t1 with probabilityh131
and to t4 with probabilityh341. In L2, t3 is connected to t2 and
t5 with probabilities h232 and h352, respectively. For instance,
the MV I associated to time stamp t3 is thusMV It3 = MV
It1h131TCL1 + MV It4h341TCL1 + MV It2h232TCL2 + MV It5h352
TCL2, while the TC of L1 is: TCL1 = MV It1MV It3r131 +
MV It4MV It3r341.

the element of the transition probability tensorR betweeni
andj.

The tensor decomposition is closely linked to Correspon-
dence Analysis, which is a standard multivariate statistical
technique employed to analyze frequency tables. In a nutshell,
in Correspondence Analysis, a frequency table represents the
number of occurrences of cases having both values ‘x’ for
the row variable and ‘y’ for the column variable. Correspon-
dence Analysis creates a score to the values of each of these
variables. These scores link the two variables with a recipro-
cal averaging relation. In our case, for each network layer, the
records are the edges founded by the application of the vis-
ibility algorithm, and the system of equation (6) design the
reciprocal averaging relation. Moreover, �gure1 illustrates
the computation of theMV I andTC scores on a multiplex to
help the understanding of the key elements of the multi-layer
network tensor decomposition.

2.3. Visibility cascading dynamics

Perturbations in asset prices due to exogenous shocks are a
topic of study for economists, mathematicians, and physicists
(see, e.g.Fama1965, Dinget al.1993, Mandelbrot1997, Man-
tegna and Stanley1999, among others). Here, common pat-
terns of complex interactions, derived from the topology of
the visibility graphs and extracted via tensor decomposition,
are used to investigate the impact of external shocks on the
volatility of the aggregate �nancial system and to assess how
the dynamics of the system changes relatively to different
types of shocks affecting such system. More speci�cally, we
analyze the role that different news play in explaining the
rate of occurrence of large �uctuations in the UK �nancial
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system. This means to investigate the behavior of theMV I in
the neighborhood of relevant events that might affect market
dynamics. To better understand aggregate market responses
to different types of shocks, we classify relevant external
news observed in the markets over the 3-year period 2016–
2019 into two different categories, namely: news regarding
the Brexit events and monetary policy ones.

Then, the Omori law helps us in quantifying how the
after-shocks (or pre-shocks) aggregate market conditions syn-
thesized byMV I decay with time. For each type of external
shock, we thus investigate whether the behavior ofMV I in the
10 trading days interval following (and proceeding) the day of
the news ful�lls the so-called Omori law. In other words, we
investigate the system dynamics around the neighborhood of
the day of each event to assess the laws governing the behav-
ior of MV I. It is worth noting that in this framework the
pre-shocks estimated Omori exponents cannot be interpreted
as forecasting properties for the corresponding impact of the
main shock. However, the statistical regularity found for a
speci�c �nancial market, before and after a market shock,
could be exploited for instance to estimate the time window
over which after-shocks can be expected. This is also related
to the ability of processing information that may anticipate or
follow an external shock, such as a speci�c type of announce-
ment. The frequency of cascades, as well as the estimate of
the end time of such market dynamics, could be viewed as
a desirable state for processing information. Hence, by �tting
the data by the Omori law with estimated parameters, it is then
possible to estimate how long the relaxation process will take
and how large effects it will bring under the hypothesis of a
power-law decay.

In order to study the aggregate market dynamics around
an external shock occurring at timeTs, we analyze the daily
variationMV I(|t Š Ts|) around timeTs. MV I(|t Š Ts|) quan-
ti�es the value of the centrality measure at timet both before
and after a market shock occurring at timeTs. Speci�cally, the
Omori law describes the dynamics of this measure following
a perturbation at timeTs as

MV I(|t Š Ts|) � | t Š Ts|� MV I (7)

where the parameters� MV I stands for the Omori power-
law exponent,t < Ts corresponds to the period before the
main shock, andt > Ts corresponds to the dynamics after
the main shock. In the analysis that follows, we focus on
CMV I(|t Š Ts|), which represents the cumulative value of
the Multivariate Volatility Indicator during the period|t Š Ts|,
namely:

CMV I(|t Š Ts|)

=
� t

Ts

MV I(|t � Š Ts|) dt� � � MV I (|t Š Ts|)1Š� MV I (8)

Finally, to compare the visibility dynamics before and after
the news-related event, we separate centrality values symmet-
rically aroundTs asCMV Ib(t|t < Ts) andCMV Ia(t|t > Ts),
where suf�xesb anda stand for before and after shock peri-
ods, respectively. We de�ne the displaced time as� = | t Š
Ts|. Then, we employ a linear OLS �t on a log–log scale to
estimate the Omori power law exponents� MV I,a and� MV I,b.

Figure2 represents the work �ow of the proposed approach
which is composed by three main methodological steps. First
from the price time series, we compute the daily volatility
of the underlying assets. Each volatility series is then trans-
formed into a network by means of the Natural Visibility
algorithm proposed by Lacasaet al. 2008 (panel A). Then,
a multi-layer network is obtained by staking the adjacency
matrices of each layer into a single mathematical object called
tensor. Tensor decomposition is applied to the generated vis-
ibility multi-layer network to extract relevant features of its
relationships and build a synthetic indicator as the proposed
Multidimensional Volatility Indicator (panel B). Then, the sta-
tistical properties of the Multidimensional Volatility Indicator
observed in the neighborhood of relevant Brexit announce-
ments (panel C) are analyzed in order to �nd the functional
form of the relaxation dynamics (panel D).

3. Results

3.1. A simple Agent-Based model

Before proceeding with the empirical analysis, we intro-
duce a simpli�ed Agent-Based model similar to Menkhoff
et al. (2009) to show that the visibility approach together
with the probabilistic tensor decomposition are instrumental
for discriminating between periods of high and low volatility
across multiple time series. In so doing, we aim to relate what
is observed at macro-level in a �nancial market with a precise
description of the micro-level relationships between market’s
participants, at the origin of the propagation of �nancial insta-
bility and its dissipation. We employ an Agent-Based model
to describe how agents’ behavior can amplify market patterns
induced by shocks, such as news provision and announce-
ments, thereby generating long-lasting volatility dynamics.
Investors willing to switch towards better performing strate-
gies, as well as their reactivity to the market changes, are
in fact relevant to understand the observed market response
(see Barberiset al. 1998). Our proposed model thus assumes
that the price adjustment of theith asset is given by the price
impact function:

pt+1, i = pt,i + a(WC
t,iD

C
t,i + WF

t,iD
F
t,i) + � t,i (9)

whereDC
t,i and DF

t,i represent the book orders generated by
chartists and fundamentalists, respectively,WC

t,i andWF
t,i stand

for the proportion of agents using these strategies, anda is a
positive reaction parameter. Equation (9) can be interpreted as
a market maker scenario, where prices are adjusted according
to observed excess demand. The noise term� t,i is i.i.d. nor-
mally distributed with standard deviation� i and represents an
exogenous shock affecting price dynamics.

Chartists expect that the direction of the recently observed
price trend is going to continue, while fundamentalists expect
that a fraction of the actual perceived mispricing is corrected
during the next period. Assuming that the demand generated
by each type of investors positively depends on the expected
price development leads to

DC
t,i = b(pt,i Š ptŠ1,i ) (10)
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Figure 2. Work-ßow of the analysis:the �gure shows the steps introduced to investigate the impact of the Brexit process on the UK aggregate
�nancial system. The series are transformed into a network by means of the Natural Visibility algorithm (panel A). The tensor is obtained
by staking the adjacency matrices of each layer. Then tensor decomposition is applied to extract relevant features of its relationships to build
MV I values (panel B). Then, the statistical properties of MV I values observed in the neighborhood of relevant Brexit announcements
(panel C) are analyzed in order to �nd the functional form of the relaxation dynamics (panel D).

DF
t,i = c(pf Š pt) (11)

wherepf is the fundamental value that we set for simplic-
ity to be equal to zero. The fractions of agents using the two
different investment strategies are not �xed over time. Agents
continuously evaluate the strategies they use according to past
performance. The better a strategy performs relative to the
other one, the more likely it is that agents will employ it. Thus
the fraction of agents that employ strategys = { C,F} is given
by the well-known discrete choice model:

Ws
t,i =

exp(eAs
t,i)

exp(eAC
t,i) + exp(eAF

t,i)
(12)

whereAs
t,i is the attractiveness of a particular strategy, which

depends on its most recent performance

As
t,i = (exp(pt,i) Š exp(ptŠ1,i ))Ds

tŠ2,i + dAs
tŠ1,i (13)

The memory parameter 0	 d 	 1 de�nes the strength with
which agents discount past pro�ts. The more attractive a strat-
egy, the higher the fraction of agents using it. Note that the
probability of choosing one of the two strategies is bounded
between 0 and 1. The positive parameteremeasures the inten-
sity of choice. The higher (lower)e, the greater (smaller) the
fraction of agents that will employ the strategy with the high-
est attractiveness. This parameter is often called the rationality
parameter in Agent-Based �nancial market models.

To inspect the functioning of the probabilistic tensor
decomposition and the visibility mapping, we propose an
example based on simulated time series derived from the
aforementioned simpli�ed Agent-Based model. We illus-
trate the ability of the centrality measures in discriminating
between time periods with low and high volatility when only
one time series is considered. We show how theMV I varies
as long as multiple time series co-move. Here, the exogenous
component� plays the role of an unexpected shock affecting
the system, propagated by the chartist-fundamentalist interac-
tion mechanism. To generate observations from the model, we
use the following parametrization,b = 0.5,c = 0.5,e = 100,
pf = 0, a = 1 andd = 0.5, with� � N (0, 0.15).

Proceeding step by step, �rst we suppose to have only
one asset (i = 1) and we generate 1000 time series of length
T = 200 with different random draw for� . Then, we com-
pute the average correlation between volatility, computed as
the absolute difference of price returns, and our proposed cen-
trality measure. Notice that, for this special case, we deal
with a mono-layer network since we have only one asset
volatility time series. The resulting centrality measure is the
two-dimensional counterpart of theMV I, which can be easily
computed by letting the asset type dimensionk = 1 in For-
mula 6. Second, we seti = 2 generating for each asset 1000
time series of lengthT = 200. In this case, we use correlated
shocks playing with� to show that, the more the volatility
series are correlated, the higher the corresponding value of
MV I.
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Figure 3. Centrality measures and volatility correlation:Figure reports results obtained from the simulative analyses. In the left panel, we
show the scatter plot of the volatility associated to each time observation against the relative centrality measure of the time stamp, in the
visibility network, together with the linear �t (red dashed line), In the right panel, we report results of the simulation in the case of two time
series for different values of the correlation (0, 0.5, 0.99) of the exogenous component of the model. The value assumed by theMV I is
reported in the colorbar.

Figure 3 shows, in the left panel, the scatter plot of the
volatility associated to each time observation against the rel-
ative centrality measure of the time stamp computed in the
visibility network, together with the linear �t (red dashed
line). Correlation is positive and about 0.75, meaning that
we are able to map low and high volatility periods with the
two-dimensional centrality measure. Moreover, in the right
panel of �gure 3 we report results of the simulation in the
case of two time series for different values of the correla-
tion (0, 0.5, 0.99) of the exogenous component of the model.
The value assumed byMV I is reported in the colorbar.
Notice that the higher the volatility of the series and the
higher their correlation, then the higher the value of the cen-
trality measure. This example, therefore, is instrumental to
show the ability of the proposed tensorial approach to take
into account volatility behaviors both temporally and cross-
sectionally. In the complex and uncertain phase due to the
Brexit evolution, addressing short-term shocks in the �nan-
cial system is thus not enough to address potentially severe
market risks derived from it. Hence, the adoption of a styl-
ized Agent-Based framework turns out to be relevant for
understanding the micro-level behavior of investors reacting
to different policy scenarios and news provision at a macro-
level. In Appendix A.6, we also report the sensitivity analysis
on model’s parameters to show that theMV Is feature that we
investigate in the Agent Based environment is maintained as
long as model parameter changes.

3.2. An economic interpretation of Þnancial volatility
taking in Brexit announcement via the MV I and TCI
indicators

The Brexit process has already had signi�cant short-term
effects on �nancial markets and is expected to have long-
term effects on real economic activity. Figure4, in the upper
panel, shows theMV I behavior during the period 2016–
2019 together with dashed color lines, which identify the
date of news regarding Brexit announcements (red bars)
and monetary policy activities. The latter have been divided
into interest rate announcements (green bars) and purchasing
announcements (blue bars).

Notice how theMV I peaks in correspondence with the
Brexit referendum, which has stormed the whole UK �nancial

markets by producing the highest volatility in the system.
On 23 June 2016, the UK in fact voted to leave the EU, an
outcome that was not considered as the main scenario by
market participants. The �nancial markets reacted with high
volatility in the days after the shock: the sterling depreci-
ated heavily against major currencies, stock market indices
in the UK decreased sharply and asset volatility increased,
with volumes of trading roughly triplicate from the 23rd to the
24th of June. The VIX Index, which estimates the expected
volatility of the S&P500 Index, surged from 17 to 26 in a
day. This backdrop triggered a more aggressive expansionary
monetary policy by the Bank of England (BoE), with inter-
est rates cuts and additional non-standard monetary policy
measures. Amid mounting signs that quitting the EU would
have had an adverse impact on the UK economy, the Bank
of England’s Monetary Policy Committee (MPC) responded
announcing on July 2016 that it would use macroprudential
tools to ease credit consistently with expectations of a wider
easing policy response. On August 2016, the BoE voted unan-
imously to reduce the benchmark rate by 25 basis points to
a record-low 0.25 percent, and launched a Quantitative Eas-
ing for 170 billion pounds (223$ billion) via purchases of
gilts and corporate bonds and a lending program for banks.
After that, on July 5, the BoE Financial Policy Committee
decided to lower its countercyclical capital requirement to 0%
from 0.5% of risk-weighted assets at least until June 2017 to
improve credit intermediation and lending capacity for British
banks.

As regards the UK Equity Indexes taken into considera-
tion, in the day after the referendum the higher impact has
been registered by the FTSE 250, UK’s domestically focused
index, that comprises medium-sized manufacturers, service
companies and retailers, who are likely to be highly exposed
to any UK recession more than the very large international
constituents of the FTSE 100, with 75% of sales outside the
UK. In fact, the FTSE250 missed the rebound of the FTSE100
in afternoon, trade London time. The FTSE100 in fact bene-
�ted from the stronger foreign revenues of the big companies
included in the index, as the pound depreciates. The FTSE 250
incorporated, instead, the higher recession risk induced by the
Brexit and the higher pro�t warnings risk for small and mid-
cap stocks. The reaction overseas has been more subdued,
with S&P500 contractingŠ3.59%.
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Figure 4. MV I and type centrality scores:Figure reports the centrality measures obtained by the probabilistic tensor decomposition. In
particular, the upper panel refers to the dynamics of theMV I reported against the dates of Brexit-related news (red bars) and of monetary
policy actions (interest rate announcements in green, and purchasing announcements, i.e. assets and corporate bonds purchase, in blue). The
lower panel refers toTC and shows the contribution of each asset type to the value ofMV I.

At the same time, the risk-off reaction led to a fell in Gov-
ernment yields, with the UK yield curve shifting downward
around 30 basis point in all the maturities from 3 year to
50 years; the German curve registered a similar movement,
though more tilted in the long end of the curve, while the
Treasury curve saw an higher drop in the bucket 3–10 years.
The Italian and Spanish curve instead moved upward, with the
bucket 5–9 years that registered a 10 basis points move.

In a nutshell, the unexpected outcome of the referendum
of 23 June 2016 was immediately re�ected on the �nancial
markets, mixed and varying across different sectors of Britain
stock market. The main fear was that an exit without an
agreement, where trade and �nancial ties between the world’s
�fth-largest economy and its biggest trading partners would
collapse overnight, spreading havoc among markets and busi-
nesses. In fact, it was not clear immediately after the June 23
vote what form the new trade regime between the UK and the
EU or the rest of the world would take: the best case was the
so-called ‘Norwegian model’ of paid access to the EU single

market, which is closest to the current UK situation. However,
this option was explicitly ruled out by Prime Minister Theresa
May in her 19 January 2017 speech. At the other end of the
spectrum is the so-called ‘hard’ Brexit option, with little or
no shared market access and signi�cant restrictions on labor
mobility, trade, and passporting rights.

Section A.2 of the Appendix reports the dynamics of
the centrality measures for the three different asset classes
under the analysis, namely the stock market in �gureA1,
the exchange rate market in �gureA2 and the government
bond market in �gureA3. Speci�cally, we can note how the
volatility of the different markets contribute to the overall
MV I centrality of the UK �nancial system. Brexit announce-
ments show an in�uence on UK �nancial system, as for
instance the request to the European Council for an extension
of withdrawal until 31 January 2020 wrote by Boris Jonson in
19 October 2019 which affected the sterling, and the general
election held in the UK on 8 June 2017, whose effects appear
visible on all the three markets. TheTC reported on the lower
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panel of �gure4, on the other hand, suggests that, on average,
all the assets under analysis equally contribute to the dynam-
ics of theMV I index, even if the MCXIndex (i.e. FTSE 250)
is the series that contributes the most, while, for the govern-
ment bond market, the short term (2-year) bond is the most
in�uencing series, as expected.

3.3. The average Omori law: the impact of Brexit and
monetary policy announcements

For statistically investigating the effects of the Brexit and of
the monetary policy actions, we analyze the average daily
variation of theMV I around the dates of the announcements
by quantifying the value of the centrality measures both prior
and after a market shock. In particular, in �gure5 we report
the pre-shock and after-shock average cumulative distribu-
tion of the MV I before and after the main announcements
together with the value of the Omori exponents for differ-
ent types of announcements. Such averaging does not wash
out the Omori law, but allows for better statistical estimation.
We then employ a linear �t on a log–log scale to determine
the Omori power-law exponents before and after the news,
respectively.

In order to compare the dynamics before and after the
announcements, we split theMV I dynamics symmetrically
around the announcement dates. Notice that the impact of
an announcement generates a power law decay of theMV
I around the main dates. Interestingly, the Omori expo-
nents are different across series (depending on the news
type), thus stimulating the assessment of ef�ciency condi-
tions of the corresponding market in processing different
types of shocks derived from the news. In particular, we
observe that the Omori exponent is positive for both the

Figure 5. Omori relationships:Figure reports the log–log plot of
the average cumulative distribution function of the MV I around the
days of the external shocks. Lines are reported with different colors,
Brexit events are displayed in red, while interest rate interventions
are shown in green and monetary policy actions of assets purchasing
in blue. The legend provides the value of the Omori exponent for
both pre-shocks and after-shocks.

after-shock and pre-shock cases and for both monetary pol-
icy and Brexit announcements. Moreover, the lower values
of the Omori exponents related to the Brexit announce-
ments with respect to the monetary policy actions suggest
a market inef�ciency in processing Brexit-related news with
respect to announcements of the BoE regarding interest rates
adjustments or assets purchasing. As a comparison, Petersen
et al. (2010a, 2010b) found that, independently from the
frequency of the considered time series, the announcements
of the U.S. Federal Reserve about interest rates settings
produce Omori exponents with magnitudes similar to those
founded for theMV I and Brexit process cases, while several
studies found coef�cients in the range 0.2–0.3 after market
crashes (see, e.g.Lillo and Mantegna2003, 2004, Sornette
et al. 2004, Weberet al. 2007). Finally, notice that between
the two classes of monetary policy actions, the asset pur-
chasing displays the highest exponent, thus suggesting more
ef�ciency levels in processing information. More generally,
this can be due to the fact that the dates of the purchas-
ing and the quantity of purchased assets by the BoE are
known in advance by market participants. In Section A.3,
we replicate our analysis but looking separately at the three
asset classes that compose the aggregate UK �nancial sys-
tem; results hold for all the three classes, supporting the
presence of some degree of market inef�ciency in process-
ing Brexit-related news when compared to monetary policy
announcements.

3.4. The Omori exponent for single Brexit events:
discounted and unexpected announcements

Despite Section3.3 provides useful insights on the average
effect of Brexit-related news on the aggregate UK �nancial
system volatility by allowing a comparison with monetary
policy announcements, the aggregation procedure prevents a
deep investigation of the effects of each single event onMV I
values.

For this purpose, in this section we report the Omori expo-
nents (� MV I ) related to each single Brexit announcement for
both the pre- and after-shock cases. Notice in �gure6 the
existence of negative exponents that we can interpret as fully
discounted news if the exponent is related to the pre-shock
case, or as an unexpected news if the negative exponent is
referring to the after-shock case. Indeed, the negative expo-
nents in the case of pre-shock correspond toMV I values
in which the pre-shocks farther away from the announce-
ment date are dominant over the volatility cascade around
time � = 0, while the negative exponent in the case of after-
shock corresponds toMV I values that peak after the date of
the announcement, thus suggesting an unexpected announce-
ment from the market. This is especially true, in the pre-shock
case, for the event corresponding to the 19 October 2019,
when news where fully discounted by the markets. At that
date a special Saturday sitting of Parliament was held to
debate the revised withdrawal agreement and delaying con-
sideration of the agreement until the legislation to implement
passed.

On the contrary, markets were surprised by the 3 Septem-
ber 2019 news, when took place a motion for an emergency



Brexit news propagation in Þnancial systems 983

Figure 6. Omori relationships by single Brexit announcements:Figure reports Omori exponents related to the cumulative distribution func-
tion of theMV I around single dates of the Brexit announcements. The left panel refers to the pre-shock case, while the right panel shows
the exponents for the after-shock case.

debate that would rule out a unilateral no-deal Brexit by forc-
ing the Government to get parliamentary approval for either a
withdrawal agreement or a no-deal Brexit. Another example
is the 7 October 2019, when the Outer House of the Court of
Session in Edinburgh dismisses a case brought by petitioners
seeking a court order compelling Boris Johnson to write the
letter requesting an extension that could be required by the
Benn Act.

In Section A.4 of the Appendix, we report the achieved
results for the three different asset classes. Also in this case
we found that some peculiar announcements were fully dis-
counted by the market, while others, on the contrary, were
unexpected by market participants thus creating a surprise
effect in the system.

4. Conclusion

In this paper, we have proposed a multi-layer visibility net-
work approach to depict the dynamic response of the UK
�nancial system’s volatility to both the main Brexit-related
news and BoE monetary policy announcements. To study the
impacts of the Brexit process on the UK �nancial system, we
have considered the main equity indexes, government inter-
est rates and cross currency rates against Sterling, over the
3-year period 2016–2019. Moreover, in order to map the UK
�nancial system’s volatility, we have detected the dates of the
occurrences of key events in the Brexit path from referendum
to the EU exit agreement.

More speci�cally, we had been able to quantify both in
temporal and cross-sectional dimensions the magnitude and
co-movement among volatility series, by decomposing a vis-
ibility multi-layer network. Studying the statistical properties

of the resulting centrality measures, we have quanti�ed how
external news related to the Brexit process induced ‘after-
shocks’ and ‘pre-shocks’ to the system.

We have found the effects on equity and bond markets
were evident after the unexpected result of the Brexit refer-
endum. The phase of risk-off generated by the referendum
has led to a preference for safe haven assets, UK govern-
ment rates have been impacted in a softer manner, and, in
particular, long yields have remained anchored thanks to the
expansionary stance of the BoE and supported by all the main
Central Banks. Corporate bonds, both investment grade and
high yield, have been impacted and the spread over Gilts
surged.

Moreover, our analysis has revealed that the UK �nancial
system under-reacted to the Brexit news by taking a �nite
time to adjust prices to pre-shock levels, thus moving against
the ef�cient market hypothesis. Indeed, we have empirically
observed lower values of the Omori exponents related to the
Brexit announcements than to the monetary policy actions.
We can interpret this �nding as market inef�ciency in pro-
cessing Brexit-related news relative to announcements of the
BoE regarding interest rate adjustments or asset purchasing.

We have intentionally excluded the behavior of the market
in 2020, since it has been severely impacted by the Covid-
19 shock, that caused high volatility behavior and drawdowns
that had no precedent for speed and harshness, followed by
a recession induced by the lockdown measures implemented
to �ght the Covid-19 spread, which has lead the Bank of
England to a drastic change in the way it implements pol-
icy, with all the policy tools—bank rate, balance sheet, and
forward guidance—deployed simultaneously. Future studies
may incorporate such dynamics as well as the extension to
high frequency data to map market response in an even more
timely way.
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Appendix

A.1. Main events and dates of the Brexit process

Brexit Events Monerary Policy Events

2016 2016
February 22, 2016 Referendum date announced January 14, 2016 Bank rate decision
June 23, 2016 Polling day for the EU referendum February 4, 2016 Bank rate decision
June 24, 2016 Cameron announces resignation March 17, 2016 Bank rate decision
July 11, 2016 Theresa May wins the Conservative Party leadership April 14, 2016 Bank rate decision
July 13, 2016 Theresa May new PM May 12, 2016 Bank rate decision
July 27, 2016 Michel Barnier is named as the EU’s Chief Negotiator June 16, 2016 Bank rate decision
December 7, 2016 The House of Commons vote on respecting the outcome of the referendum July 14, 2016 Bank rate decision

August 4, 2016 Bank rate decision
November 3, 2016 Bank rate decision asset purchase
December 15, 2016 Bank rate decision asset purchase

2017 2017
January 17, 2017 May sets out plan for Brexit
January 24, 2017 Supreme Court delivers on Article 50 February 2, 2017 Bank rate decision asset purchase
January 27, 2017 Government publishes European Union (Noti�cation of Withdrawal) Bill March 16, 2017 Bank rate decision asset purchase
January 31, 2017 Parliament debate on Article 50 May 11, 2017 Bank rate decision asset purchase
February 1, 2017 MPs vote on the Brexit bill June 15, 2017 Bank rate decision asset purchase
February 2, 2017 White paper on Brexit August 3, 2017 Bank rate decision asset purchase
February 7, 2017 MPs call for �nal approval on EU deal September 14, 2017 Bank rate decision asset purchase
March 27, 2017 European Union (Noti�cation of Withdrawal) Act received Royal Assent November 2, 2017 Bank rate decision asset purchase
March 29, 2017 Article 50 triggered at last December 14, 2017 Bank rate decision asset purchase
April 6, 2017 Theresa May meets with Donald Tusk
April 18, 2017 Snap elections announced
April 29, 2017 First Brexit summit for EU leaders
June 8, 2017 Snap general election, May loses majority
July 6, 2017 The Cabinet meets at Chequers
July 8, 2017 The Cabinet meets at Chequers
June 19, 2017 First round of UK-EU exit negotiations begin
September 22, 2017 May details Brexit stance
2018
March 19, 2018 UK and EU agree on several key issues 2018
May 4, 2018 Spring 2018 Transitional Arrangements February 8, 2018 Bank rate decision asset purchase
September 21, 2018 Theresa May gives an update on the state of the Brexit negotiations March 22, 2018 Bank rate decision asset purchase
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Brexit Events Monerary Policy Events

November 14, 2018 Withdrawal agreement published May 10, 2018 Bank rate decision asset purchase
November 15, 2018 Key secretaries resign following agreement June 21, 2018 Bank rate decision asset purchase
November 25, 2018 EU endorses withdrawal agreement August 2, 2018 Bank rate decision asset purchase
December 11, 2018 May faces criticism from within own party September 13, 2018 Bank rate decision asset purchase
December 17, 2018 May announces date for vote on Brexit November 1, 2018 Bank rate decision asset purchase

December 20, 2018 Bank rate decision asset purchase
2019 2019
January 15, 2019 The House of Commons voted against the deal put forward by May’s government February 7, 2019 Bank rate decision asset purchase
March 12, 2019 The House of Commons again rejected the withdrawal agreement March 21, 2019 Bank rate decision asset purchase
March 14, 2019 The government motion was passed May 2, 2019 Bank rate decision asset purchase
March 20, 2019 May speech in Downing St June 20, 2019 Bank rate decision asset purchase
March 21, 2019 The European Council endorsed the Instrument relating to the withdrawal

agreement
August 1, 2019 Bank rate decision asset purchase

March 29, 2019 The House of Commons once again voted against the withdrawal agreement September 19, 2019 Bank rate decision asset purchase
April 5, 2019 May sent a letter to European Council
May 24, 2019 Theresa May announced her resignation
July 23, 2019 Boris Johnson was elected
July 25, 2019 EU of�cials reiterated once more that the Withdrawal Agreement
August 28, 2019 Prime Minister Boris Johnson requested the prorogation of Parliament.
September 3, 2019 Parliament returns from the Summer Recess
September 4, 2019 PM moves a motion to hold an early General Election
September 9, 2019 The European Union (Withdrawal) (No. 2) Act 2019 became law
September 24, 2019 The Supreme Court of the UK ruled that the prorogue parliament was unlawful
October 2, 2019 The Government published a fresh Brexit plan
October 9, 2019 Preparation of the European Council
October 10, 2019 Johnson and Varadkar led to a resumption in negotiations
October 14, 2019 State Opening of Parliament
October 19, 2019 Special Saturday sitting of Parliament
October 21, 2019 The European Union (Withdrawal Agreement) Bill is introduced to Parliament
October 22, 2019 The UK gov. brought the revised EU Withdrawal Bill to the House of Commons

for debate
October 24, 2019 Johnson demands December election, abandons ‘do or die’ Brexit promise
October 29, 2019 Brexit had been delayed until 31 January
October 30, 2019 The day named as ‘exit day’ in UK legislation was changed
December 20, 2019 The European Union Bill passes its Second Reading in the House of Lords



988 M. E. De Giuliet al.

A.2. Centrality measures computed on different asset
classes

This section is devoted to the inspection of the centrality measures
obtained from the probabilistic tensor decomposition, i.e. theMV I
and theTC computed separately for each asset class. In particular,
�gure A1 shows theMV I dynamics when only the stock market
is taken into account while �gureA2 refers to the exchange rate
market and, �nally, �gureA3 shows the results for the government
bond market. Notice how all the three markets have been heavily
affected by the Brexit referendum showing a pronounced increase
of the volatility at that date. However, theMV I computed sepa-
rately for the three assets classes also shows peculiar spikes for each
series. In particular, notice how for the stock market the biggest
increase of theMV I index occurs in correspondence of the asset
purchase announcement of the BoE in date 04 February 2018. For
the exchange rate market, on the other hand, beside the Referen-
dum announcement, another important event is the request to the
European Council for an extension of withdrawal until 31 January
2020, wrote by Boris Jonson in 19 October 2019. This event has also

Figure A1. MV I and TC scores for the stock market:Figure reports the centrality measures obtained by the probabilistic tensor decompo-
sition. In particular, the upper panel refers to the dynamics of theMV I reported against the dates of Brexit-related news (red bars) and of
monetary policy actions (interest rate announcements in green, and purchasing announcements of assets and corporate bonds in blue). The
lower panel refers toTC and shows the contribution of each asset type to the value of theMV I.

stormed the stock and the government bond market which was also
heavily affected by the general election held in the UK on 8 June
2017.

A.3. Average Omori exponents computed on the different
asset classes

In this section, we show the averageMV I distribution and the related
Omori exponents for three different asset classes that compose the
aggregate UK �nancial system. In particular, �gureA4 refers to the
stock market, �gureA5 shows the �ndings for the exchange rate
market and �gureA6 refers to the government bond market.

As for the aggregate �nancial system, this analysis also shows that
Brexit announcements are associated with the lowest Omori expo-
nents, both in the pre-shock and after-shock cases. Interestingly, the
stock market, when compared with the other asset classes, displays
on average lower exponents, while theMV I dynamics generated by
Brexit announcements on the exchange rate is associated with higher
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Figure A2. MV I and TC scores for the exchange rate market:Figure reports the centrality measures obtained by the probabilistic tensor
decomposition. In particular, the upper panel refers to the dynamics of theMV I reported against the dates of Brexit-related news (red bars)
and of monetary policy actions (interest rate announcements in green, and purchasing announcements of assets and corporate bonds in blue).
The lower panel refers toTC and shows the contribution of each asset type to the value of theMV I.

values with respect to the ones observed on the stock and bond mar-
kets. This means that, on average, the exchange rate market is more
ef�cient in processing Brexit related news with respect to the other
asset classes.

A.4. The Omori exponent for single Brexit events
computed on different asset classes

As we discuss in the main corpus of the paper, also for the analy-
sis for each asset class we found some Brexit-related news that have
been previously discounted by the market, thus having a negative
Omori exponent in the pre-shock phase, and other announcements
that generate a surprise effect, being unexpected by market par-
ticipants and thus generating negative exponent in the after-shock
case.

A.5. Volatility behavior and Omori exponents for single
time series

In this Appendix section, we report the volatility dynamics computed
on each single time series under analysis in �gureA10 together with
the relative Omori exponents in �gureA11. Notice that during days
of high instability, market volatility computed for the single time

series tends to be high and this market behaviour is likely to occur
for many time series which leads to an increasing dynamics ofMV
I. Moreover, �gureA11 shows that the Brexit announcements pro-
duce a long-lasting effect on all volatility series for which the Omori
exponents in both pre- and after-shock cases are positive and, on
average, statistically signi�cant, while the effect of monetary policy
announcements are assets-speci�c and can produce surprise effects
being unexpected by market participants, thereby generating nega-
tive exponents in the after-shock case, or discounted, hence having a
negative Omori exponents in the pre-shock phase.

A.6. Sensitivity analysis of the Agent-Based model

This Appendix section is devoted to illustrate the robustness of the
MV I index to changes in the con�guration parameters of the Agent-
Based model (see �gureA12). Here, we have to remark that the more
the market volatility computed on single time series is likely to be
high and the more this market behavior is likely to occur for many
time series, the higher theMV I, which indeed signals coordinated
patterns among several time series on high volatility regimes. This
MV I s feature that we investigate in an Agent-Based environment is
maintained as long as model parameter changes as indicated by the
red zones which signal highMV I values in correspondence of high
volatility time stamps and high series’ correlation.
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Figure A3. MV I and TC scores for the government bond market:Figure reports the centrality measures obtained by the probabilistic tensor
decomposition. In particular, the upper panel refers to the dynamics of theMV I reported against the dates of Brexit-related news (red bars)
and of monetary policy actions (interest rate announcements in green, and purchasing announcements of assets and corporate bonds in blue).
The lower panel refers toTC and shows the contribution of each asset type to the value of theMV I.
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Figure A4. Omori relationships for the stock market:Figure reports
the log–log plot of the average cumulative distribution function of
theMV I around the days of the external shocks. Lines are reported
with different colors, Brexit events are displayed in red while Interest
rate interventions are shown in green and monetary policy action of
assets purchasing in blue. The legend provides the value of the Omori
exponent for both pre-shocks and after-shocks.

Figure A5. Omori relationships for the exchange rate market:
Figure reports the log–log plot of the average cumulative distribution
function of theMV I around the days of the external shocks. Lines
are reported with different colors, Brexit events are displayed in red
while interest rate interventions are shown in green and monetary
policy action of assets purchasing in blue. The legend provides the
value of the Omori exponent for both pre-shocks and after-shocks.

Figure A6. Omori relationships for the government bond market:
Figure reports the log–log plot of the average cumulative distribution
function of theMV I around the days of the external shocks. Lines
are reported with different colors, Brexit events are displayed in red
while interest rate interventions are shown in green and monetary
policy action of assets purchasing in blue. The legend provides the
value of the Omori exponent for both pre-shocks and after-shocks.
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Figure A7. Omori relationships by single Brexit announcements for the stock market:Figure reports Omori exponents related to the cumu-
lative distribution function of theMV I around single dates of Brexit announcements. The left panel refers to the pre-shock case while the
right panel shows the exponents for the after-shock case.

Figure A8. Omori relationships by single Brexit announcements for the exchange rate market:Figure reports Omori exponents related to
the cumulative distribution function of theMV I around single dates of Brexit announcements. The left panel refers to the pre-shock case
while the right panel shows the exponents for the after-shock case.
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Figure A9. Omori relationships by single Brexit announcements for the government bond market:Figure reports Omori exponents related
to the cumulative distribution function of theMV I around single dates of Brexit announcements. The left panel refers to the pre-shock case
while the right panel shows the exponents for the after-shock case.

Figure A10. Time series volatility and announcement dates:Figure shows the volatility patterns for each time series, reported against the
dates of Brexit-related news (red bars) and of monetary policy actions (interest rate announcements in green, and purchasing announcements
of assets and corporate bonds in blue). In particular, the upper panel refers to the volatility dynamics of stock series, the central panel is
dedicated to the interest rates volatility and the lower panel report the volatility of the exchange rates.
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Figure A11. Omori exponents for single times series:Figure shows the Omori exponents computed on single times series together with
con�dence intervals, for the Brexit announcements (upper panel) and for interest rates (central panel) and monetary policy announcements
(lower panel). Moreover, the left column refers to the pre-shock case, while the right column is dedicated to the after-shock case.
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Figure A12. Sensitivity analysis:Figure reportsMV I values obtained in the simulated Agent-Based model environment for different param-
eter combinations in the case of two time series and for different values of the correlation (0, 0.5, 0.99) of the exogenous component of
the model. In particular, in the upper-left panel we set the intensity of choice parametere = 300, in the upper-right panel we increase the
memory parameterd = .9 while in the bottom panels we set the reactivity of chartists and fundamentalists toc = .9 andf = .1 in the left
andc = .1 andf = .9 in the right sub-plots, respectively.
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