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Abstract—TIn this investigation we explore the realised volatility
forecasting power of various graphs metrics applied to financial
correlation networks. We examine monthly changes in correlation
between 26 global stock market indices over a period of nearly
20 years. These correlations are transformed into networks, from
which we compute the minimum spanning tree (MST), planar
maximally filtered graph (PMFG), mean eigenvector centrality
(MEC) and transitivity (TRANS). The former two networks are
investigated with the aim of reproducing the work from Magner
et al. [18]. The latter two are both derived from the asset graph
(AG) of the fully connected network. To our knowledge, we
are the first to apply these two particular metrics in volatility
forecasting. Our findings suggest that the MEC and TRANS
metrics achieve lower squared errors on out-of-sample tests than
VMSTL and VPMFGL.

I. INTRODUCTION

INANCIAL-MARKET risk, commonly measured in

terms of index-return volatility, plays a fundamental role
in investment decisions, risk management and has wider
implications for macro-economic fundamentals.

From 2004 to early 2007, the financial markets had been
reasonably stable. Both the SP500 volatility and the VIX
index were below their long-run averages [[19]. During the
2008 crisis, the SP500 suffered a loss of over 39%, one of its
worst years on record [34]. The VIX index more than tripled,
earning it the moniker: “the fear index”. Much of the fallout
in 2008 bore strong resemblance to the after effects of the
1987 crisis. In both cases taxpayer funds had to be used to
bail out major institutions, significant financial reform had to
be undertaken and millions of individuals suffered hardship
as a result. Furthermore, Choudhry demonstrates that there
is a long-run causal relationship between index volatility and
subsequent expenditure on both goods and services, [7]]. In
this way, volatility in the market indices “spill out” into the
real economy.

The relationship between market uncertainty and public
confidence leads central banks to monitor market volatility
as an indicator of the wider health of the system. Poon and
Granger state that the Federal Reserve explicitly accounts
for asset volatility when setting monetary policy, similarly
the Bank of England Monetary Policy Committee is known
to make reference to option-implied volatilities [31]. Effec-
tive strategies for volatility forecasting are useful for policy
makers, investors and risk managers alike. The ability to
take pre-emptive action before major perturbations allows
market participants and regulators to adjust their behaviour
to minimise post-crisis consequences.

Network analysis provides us with a convenient tool for
managing the complexity inherent in the relationships between
financial indices. In this analysis we abstract away from the
detailed dynamics and instead focus on whether a relation-
ship exists between indices, and if so, the magnitude of the
relationship. The networks methodology is particularly well
suited to volatility forecasting given that exogenous economic
shocks tend to spread between countries, and network models
are known to be well suited to modelling contagious dynamics
[10]. In this paper we will use various network types and
metrics based on the global financial correlation network to
make predictions about future realised volatility for each of
the individual indices.

II. BACKGROUND

In this section we attempt to provide a brief overview of
literature relevant to our research. We will first investigate
some relevant work on the topic of volatility forecasting, then
cover some literature related to financial correlation matrices
and network metrics. Combining the two topics, we close the
background by introducing “The Volatility Forecasting Power
of Financial Network Analysis” by Magner et al. [[18]]. This
paper represents an early attempt to exploit the correlation
network method for volatility forecasting.

We first wish to motivate our research into volatility fore-
casting. Solnik et al. find that correlations between interna-
tional markets increase in times of high market volatility [39].
One of the mentioned consequences is the loss in effectiveness
of international risk diversification, as both domestic and
international assets are more likely to move in tandem in times
of increased volatility.

In one of the more recent volatility forecasting studies,
Wang presents insights on the importance of VIX and its
larger component in volatility forecasting [43[]. Wang further
finds that using VIX and VIX_L in the regressive models
provides better predictive power in forecasting volatility than
autoregression of RV only, with the emphasis on the superi-
ority of large VIX index over original VIX [43]]. Other recent
approaches that can be found in literature include use of
financial network metrics in predicting the volatility of stocks.

Turning to the usage of network metrics to investigate
financial networks, we have Mantenga, who was one of the
first to construct hierarchical networks based on the correla-
tions between individual stock prices, [20]. The author also
motivates the use of the minimum spanning tree from an
economic point of view. From the time series of stock prices,
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and through the construction of a tree, Mantenga is able to
locate grouping of stocks which he relates back to defined
subindustry sectors. It transpired that these clustering results
were comparable to a more formal clustering method based
on Potts super-paramagnetic transitions, [28].

Onnela et al. extended Mantenga’s work, first with research
on asset trees [28] and later with a series of publications
on asset graphs [29] [27]. Onnela’s early work demonstrates
how the tree evolves over time, and notably, how it shrinks
significantly during a crisis. The authors also observe that the
stocks which form an optimised Markowitz portfolio tend to
lie on the edges of the tree. Two potential characterisation of
the tree are posited, the normalised tree length and the mean
occupation layer. The authors then investigate the effect of
crises on these characterisations. Finding that the normalised
tree length and mean occupation layer both fluctuate in time
and shrink significantly during crises. In a later publication,
Onnela espouses the advantages of asset graphs over asset
trees [29]. When comparing the normalised tree length and
the normalised graph length, the authors find that the asset
graph tends to exaggerate market anomalies and consequently
the asset tree length seems to track market performance more
closely.

Bonanno et al. also attempt to extend the tree approach to
account for time dependence in the study of index data [4]. The
time evolution of the tree structure was studied and periods
of significant structural change were identified. The authors
experimented with different clustering methods and alternative
time horizons. The authors are interested in the consequences
of geographically distributed indices. In particular, the fact that
stock exchanges in different time zones may not have totally
overlapping trading times. The “quasi-synchronous” nature of
these indices means that an orthodox synchronous analysis
of global indices over short time intervals is not possible.
The more general effects of non-synchronous time series
analysis are documented in the econometrics literature, [|17]].
For example, non-synchronicity can obscure the inference of
our correlation results. These effects partially explain why we
choose to examine monthly windows, rather than performing a
more granular analysis. At this interval, the non-synchronous
hourly mismatch of data will be virtually non-existent.

More recently, Liu and Tse [16] propose to investigate com-
plex networks created from the cross-correlations of various
stocks markets over time. Their research concentrates on the
relation between network synchronisation (average correlation
matrix edge weight), node strength (average weight of all
edges connected to a node) and observed market volatility.
They investigate different time window sizes, ranging from 20
to 60 days. They find that as world stock markets fluctuate,
there is high tendency for increased synchronisation between
them. Additionally they find negative correlation between av-
erage price and network synchronisation. Lastly, they note that
these phenomena are more pronounced in developed markets
while frontier and emerging markets remain less affected.

Another investigation focused on local Korean and global
stock index correlation and network topologies is conducted by
Nobi et al. [25]. The authors use intra-day stock index data
to construct correlation matrices and subsequently threshold

networks based on periods before, during, and after the 2008
GFC. Various metrics are used to analyze the constructed
complex networks, including e.g. the clustering coefficient,
minimum spanning tree and the topological changes between
networks are explored with the Jaccard similarity. The authors
find that local indices tend to correlate very strongly in times of
crisis. Moreover, they find that the Jaccard similarities between
global threshold networks are higher than between local ones,
and that this metric has potential as an indicator for systemic
risk in markets due its effectiveness in detecting changes in
market state.

Particularly interested in the effects of the 2008 GFC, Li and
Pi [15] constructed MSTs from a network of global indices
and investigated clustering coefficients and average thresholds.
They find regional clusters among these networks as well as
small world properties before and during crises - that is, a
high clustering coefficient and small characteristic path length,
indicative of a high number of subgraphs with global reach
[21]].

In related terms, Jang et al. [44] relate foreign exchange
network topologies to market returns and volatility. Building
a minimum spanning tree network based on moving window
correlations between FX returns, they investigate network
properties such as normalised tree length, node strength and
closeness centrality. Of interest to our research is their con-
clusion that these market returns correlate positively to the
centrality measures, while their volatility correlates negatively
to them.

The topics of volatility forecasting and financial network
analysis are both associated with reasonably large volumes of
research, the former even more so than the latter. However,
our work is primarily concerned with the intersection of these
two topics. Finding original research in this niche proved to
be quite difficult. The paper by Magner et al. [18] represents
a novel attempt to apply the financial network analysis tech-
niques pioneered by Onnela and Mantenga to the problem of
stock index volatility forecasting. The authors make use of two
common characterisations of financial correlation networks:
the planar maximally filtered graph length and the minimum
spanning tree length. Hypothesising that these quantifications
of the global network contain at least some information which
is useful for predicting the realised volatility of individual
indices, the authors then apply relatively rudimentary regres-
sion techniques to assess the in-sample and out-of-sample
performance of the proposed metrics. It is partially confirmed
that for European and Asian-Pacific market indices, the log-
variation in the minimum spanning tree length can act a useful
predictor. The log-variation of planar maximally filtered graph
length proves to be a substantially less powerful predictor,
contrary to the authors’ original hypothesis.

Our research will be arranged in the following manner. First,
we provide a comprehensive review of the methods used to
construct the financial correlation networks, compute graph
metrics and ultimately, assess the power of the predictors.
Second, we attempt to reproduce the in-sample and out-of-
sample regression results presented by Magner et al., further
discuss the challenges encountered, and finally analyse how
the results we obtain differ from those of the authors. Finally,
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we assess the performance of our proposed metrics, using a
similar testing methodology as that of Magner et al.

III. METHODS

A. Constructing the network

In order to reproduce the results from Magner’s publica-
tion “The Volatility Forecasting Power of financial Network
Analysis”, we utilize daily closing prices for a total of 26
international indices, listed in Table m In order to reproduce
Magner et al.’s results we use data provided to us by the author,
obtained from Bloomberg. However, the exact constituents of
the indices used are not fully disclosed in the publication. Fur-
thermore, for the purpose of our independent research focusing
on the mean eigenvector centrality and transitivity metrics, we
make use of our own data sourced from Bloomberg.

For both the reproductive efforts and our independent re-
search, we first compute logarithmic returns of the closing
prices of indices on consecutive days, as presented in Equa-
tion [I} Computation of logarithmic returns provides very good
approximation of the percentage change given the temporal
proximity of the closing prices [20].

ri=InP(r)—InP(r—1) (1)

where r; stands for logarithmic return, P(7) indicates the
closing price on the trading day 7. Note we only consider
consecutive trading days, the data imputation has not been
performed as not only does it induce artificial correlations
between indices, but also was not employed by Magner et
al. For each month we calculate Pearson correlations between
each index, with the formula presented in Equation [2}

o e - e o

\/[<r§2>-— (rf)?] [{r5?) = (r)?]

where pgj stands for Pearson correlation between indices ¢ and
j on month ¢, and (...) denotes a temporal average over the
consecutive trading days in the return vectors.

Moving forward, the N x NN correlation matrix C' is then
transformed into a N x N distance matrix D, using Equation 3}

dij =/ (2(1 = pi;)) 3)
where, d; ; indicates the distance between indices 4 and j. The
choice of this metric is advocated by Mantegna, as it fulfills
the three axioms of a metric distance [20]]. This transformation
maps the previously computed Pearson’s correlations from
range [—1, 1] to distances ranging from [0, 2], where the high-
est possible distance of 2 indicates perfect negative correlation
and the lowest possible distance of 0 indicates perfect positive
correlation. The distances between indices ¢ and j are further
used to generate networks where indices are represented by
nodes and edges by the distance matrix. The resulting network
is fully connected with N nodes and N (N — 1)/2 edges.
We use logarithmic returns to calculate realized variance RV
(Equation [ for each index ¢ on each month ¢. This is done

TABLE I: Global indices used in the investigation.

Index Abbreyv. Region Country
S&P 500 SPX North America  USA
NASDAQ CCMP North America  USA
S&P/TSX SPTSX North America  Canada
S&P/BMV IPC MEXBOL  South America  Mexico
BOVESPA IBOV South America  Brazil

S&P CLX IPSA  IPSA South America  Chile

S&P MERVAL MERVAL South America  Argentina
S&P BVL IGBVL South America  Peru

FTSE 100 FTSE Europe United Kingdom
CAC 40 CAC Europe France
DAX DAX Europe Germany
IBEX 35 IBEX Europe Spain
FTSE MIB 40 FTSEMIB  Europe Italy

AEX AEX Europe Netherlands
OMX 30 OMX Europe Sweden
RTSI RTS Europe Russia

SMI SMI Europe Switzerland
NIKKEI 225 NKY Asia Japan
HANG-SENG HSI Asia Hong-Kong
KOSPI KOSPI Asia Korea
TAIEX TWSE Asia Taiwan
JKSE JCI Asia Jakarta
FBMKLCI FBMKLCI  Asia Malaysia
STI STI Asia Singapore
S&P/ASX 200 ASX Oceania Australia
S&P/NZX NZSE Oceania New Zealand

by simply summing up the squares of logarithmic returns for
all the days 7 in a month ¢ of the index of interest .

T
RV => 1}, (4)
T7=1

where T indicates all trading days 7 for index ¢ in month ¢.

We further define realized volatility RVOL (Equation [5) and
realized log-variance RLV (Equation|[6), following conventions
introduced by Barndorff-Nielsen and Shepherd [2] in the
following manners:

T
RVOL; ; = - ()
T=1
T
RLV;; = In Zrim (6)
T=1

where, T indicates all trading days 7 for index ¢ in month ¢.

B. Graph Metrics

1) Minimum Spanning Tree: The minimum spanning tree
(MST) is the smallest (in terms of combined edge length)
possible tree which spans the whole network. It joins the N
indices using N — 1 edges. By definition a spanning tree is
a connected acyclic graph. The number of nodes in the tree
will be time independent given that we have index data for all
indices over the entire test time period. However, the value of
the edge weights will be time dependent, given that elements
in D will vary between windows. The MST can be constructed
using either Prim’s algorithm [32f], or Kruskal’s algorithm [/13]].
When discussed, Prim and Kruskal are often cited as both the
sources of the MST problem and the first sources of efficient
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Fig. 1: Example of an MST (black edges) and AG (gray edges) with proportion 6 = 0.6 of the investigated index network. The length of
the displayed edges is not of true scale. Particularly interesting is that while the North American indices are not directly connected to the

European ones via the MST, the AG retains a lot of these connections.

solutions. However, both authors cite the 1926 paper of Czech
mathematician Otakar Boruvka [6] who has since received
wider credit for his formulation of the algorithm [11].

MSTL(t) = (N11> > dl, 7)

di,eT?

Equation |7| describes the sum of edge weights, where dﬁj
is defined as the distance between node 4 and node j, T is
the MST, N is the number of nodes and t is the particular
time period this MST is being constructed for. Additionally,
the length is normalised by the number of nodes.

The idea is to encode the most important information
(lowest distances) from our fully connected network into a tree
with less edges, such that the most important index correlations
are reflected over time through a varying minimum spanning
tree length (MSTL). In general, it is possible for the MST to
have multiplicity, however, given that each of our edge weights
are likely to be unique and time dependent, the probability of
this occurring is low. Following the method of Magner et al.,
we take the log variation of the MSTL, yielding the metric
shown in Equation [§]

VMSTL(t) = InMSTL(t) — InMSTL(t — 1) (8)

An example of an MST constructed from our index cor-
relation network is shown in Figure [T} with the black lines
representing the edges of the minimum spanning tree. Of note
is the natural clustering behaviour which arises, especially the
intra-continental clustering among the European and Asian
indices.

2) Planar Maximally Filtered Graph: The planar maxi-
mally filtered graph (PMFQG), is a subgraph of representative
links which is created by filtering D [41]]. We can construct
a maximally filtered graph by iteratively linking the nodes
with the strongest connections (shortest distances), under the
constraint that the newly generated graph is of a given genus
k. The “filtering” level of the maximally filtered graph can
be adjusted by varying the genus of the resultant graph,
however we will only investigate the planar case where k = 0.
Tuminello et al. also prove that the resulting PMFG will
contain the MST and retain all of the hierarchical information
originally encoded in the MST. The PMFG includes a total of
3N — 6 edges compared to the N — 1 of the MST. In contrast
to the MST, the PMFG is able to retain some triangular loops
and 4-element cliques from the complete graph. Magner et
al. hypothesise that this extra information allows the PMFG
to explain to a greater degree the synchronicity between the
indices [18]]. Again following the method of Magner et al.
we take the log variation of the PMFGL, yielding the metric
shown in Equation 9]

VPMFGL(t) = In PMFGL(t) — InPMFGL(t — 1) (9)

3) Asset Graph: To construct an asset graph (AG) we first
take the elements of D and place them in ascending rank order,
yielding a sequence d¢,ds, ..., d?V(N—l)/z’ assuming single
index notation. We create an empty subgraph and iteratively
add edges in ascending order of weight. We continue adding
edges until we reach a particular proportion of completeness,
6, which represents the proportion of edges from the original
complete graph that we wish to retain in our new asset graph.
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We will refer to the matrix representing this asset graph as
A. Asset graphs need not be connected and neither is there
any acyclicity condition present. Clustering behaviour in the
original network will be more effectively retained in the AG
compared to the MST, given that cliques and cycles can be
included. We conjecture that some of this retained clustering
information may be useful for predicting realised volatility.

We can compute other network metrics based on the asset
graph such as transitivity and mean eigenvector centrality,
explained in Sections [[I[-B4] and [[II-B3] respectively. The
motivation behind applying these metrics on the asset graph
instead of the fully connected network is that, topology-wise,
a fully connected network is rather uninteresting. The asset
graph on the other hand allows to convey some of the edge
length information into the topology by filtering the highest
correlations. Both an asset graph and MST are shown in
Figure[} it can be seen that the asset graph retains significantly
more information than the minimum spanning tree.

The most problematic part of constructing asset graphs is
deciding on 6. Greater values of § mean that more of the
loosely connected nodes retain connections. Lower values of
6 lead to only the nodes with the shortest distances (and thus
higher correlations) retaining their edges. The trick is to retain
some kind of balance when deciding on the threshold. In our
investigation we will use an AG with with proportion 6 = 0.6.
Although we, much like other authors before us [29], must
admit that this is somewhat of an arbitrary choice.

4) Transitivity: The transitivity (TRANS) of a graph is a
measure of the degree to which nodes tend to cluster together.

3 x number of triangles in the graph

Transitivity =

number of connected triples of vertices 10)

As seen in Equation [I0} it is the number of closed triplets
divided by the total number of open and closed triplets in the
graph. The factor 3 is present in the numerator because each
complete triangle of 3 nodes provides 3 connected triples, one
centered at each of the 3 nodes. More specifically, we can
consider the transitivity as the fraction of connected triples
of nodes which ultimately form triangles [3[]. In practice, a
network with a high transitivity will tend to have many tightly
connected groups with a high density of edges. This measure
was originally defined by Newmann, Watts and Strogatz in
2002 [24]. The authors claimed that this measure was equiva-
lent to the popular “global clustering coefficient”; subsequent
articles also failed to make a distinction between the two
metrics. While the metrics are similar as they both measure
the relative frequency of triangles, they give subtly different
results [36]. A complete graph of 4 nodes with one edge
removed is the smallest counter example which demonstrates
the difference between the two metrics.

In this work, we will apply the transitivity measure to a
network which has first been filtered by an asset graph. Given
this, a higher coefficient implies that nodes with particularly
low distances and thus high correlations are clustered together.
This means that a sufficiently large exogenous shock on the
world economy can spread quickly within these clusters and
thus they will move in a synchronised fashion leading to

increased realised volatility. Given this proposed relationship,
we hypothesise that TRANS can serve as a predictor for the
future RLV.

5) Mean FEigenvector Centrality: Eigenvector centrality
measures the influence of individual nodes in a network.
Relative scores are given to all nodes based on the idea that
connections to high-scoring nodes contribute more to the score
of the node in question than connections to low-scoring nodes.
A high centrality for a particular node means that this node
is also connected to many nodes who themselves have high
scores, [23].

We define as x; the centrality of node ¢, then setup a
relationship in which z; is proportional to the sum of the
centralities of the nodes adjacent to 4, shown in equation [T1}

1 n
T; = hy ;Aijxj

We combine the centralities of all nodes (x1, z2, 3, ...) into
an eigenvector x, which allows to rewrite the relationship in
matrix form.

Y

Ar =)\ (12)

From equation [I2] we can see x is an eigenvector of A with
associated eigenvalue A. To determine the centrality values
we must obtain the eigenvector associated with the dominant
eigenvalue. The " value in the eigenvector then gives the
relative centrality score of node 7. The centrality of each node
will be a function of both the quantity and quality of the
connections to adjacent nodes. Having lots of neighbours is
somewhat important but having high quality neighbours is
even more important. That is to say, often a node with a few
high quality connections will outrank a node with many low-
quality connections.

We compute the centrality scores of each of the nodes in the
asset graph filtered network. We continue by taking the mean
of the centrality over all nodes to form the mean eigenvector
centrality (MEC). We hypothesise that this new metric is
indicative of the extent to which these highly correlated indices
are influential upon each other, given that the elements in our
asset graph already represent a subset of the most correlated
indices in our complete network. Similarly to the case of
transitivity, an asset graph with a high MEC implies any
exogenous shock on the world economy can spread quickly
within the network, encouraging index movements in a syn-
chronised fashion and driving increases in RLV.

C. Regression Methods

We perform OLS regression with the Statsmodels package
in Python, [37]. Following the method of Magner et al., we
make use of a heteroskedasticity and autocorrelation consistent
estimators, [22]. This is primarily performed as a precaution,
ensuring that small amounts of potential auto-correlation in
the time-series do not lead to spurious regression results.

We conduct two broad kinds of regression tests to determine
the efficacy of our graph metrics. The first, in-sample testing,
involves fitting an OLS regression on a particular set of data,
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TABLE II: The benchmarks used for out-of-sample testing.

Abbreviation =~ Benchmark

AR(3) RLV;t=c+7vi1 RLVit—1 + 72 -RLV; 2+ 73 -RLV; 3+ ¢

AR(6) RLV; s =c+7vi1 RV -1 +7v,2 RLV; t—2 +7vi3 - RLV; 13+ 7,4 - RLV; g4 +vi5 RLV; 15 +7vi6 - RLV; t—¢ + €
ARQ3)VIX RLV;t=c+7,1 RLVit—1+ 72 RLV; o+ 73 -RLV; 13+ - VVIX;—1 +e;

AR(6)VIX RLV; ¢ =c+7i,1-RLVi 1+ 72 -RLV;¢—2+7i3

+7i,5 - RLV; 45+ vi,6 - RLV; 46 + 6; - VVIXy 1 +

“RLVit—3 +7i,a - RLV; ¢4

and then assessing the fit of the regression on that data. The
second, out-of-sample testing, involves splitting the data into
a training set and a test set. We first estimate the regression
coefficients Bj on the training set and then make predictions
on unseen data. While the former method provides some initial
indication of the usefulness of a predictor, ultimately the latter
assessment forms the basis for evidence of real predictive
power.

For the in-sample regression, the dependant variable is
the RLV (Equation @ of an index 7 in month ¢, and the
independent variables are our metric shifted back to month
t — 1 and autoregressive terms (AR—n) which are also the
RLV of the same index but shifted back to month ¢ — n. The
transformation of RV terms into RLV terms is motivated by
Santos and Ziegelmann, who provide evidence that employing
models based on logarithmic RV terms allows to obtain
significant gains in forecasting accuracy [35].

For the out-of-sample regressions, we have the same de-
pendant variable in each of our models, however here we
compare 4 different models against benchmarks which are
identical except that they don’t contain the tested metric. The
4 benchmarks are AR(3), AR(3)VIX, AR(6) and AR(6)VIX,
which contain the above mentioned autoregressive terms and
the VIX (mean close price of month ¢ — 1) respectively. These
particular benchmarks were chosen to ease comparison with
the results from Magner et al. [18]. Table describes the
benchmark models used when assessing our out-of-sample
performance.

1) Assessment: When conducting an in-sample test we
focus our attention on two particular assessment criteria. First,
we examine the R? of our fitted regressions. This provides an
indication of the amount of variance in the dependent variable
(RLV in our case), which is explained by the predictors. If
the R? of a model increases after we add our new metric, it
suggests that our new metric is useful in explaining RLV. The
second criteria examined is the Granger causality of our metric
time-series upon the time-series of the RLV. If one time-series
“granger causes” another, then the first series should contain
information which is useful for predicting the second time-
series over and above that which is already contained in the
second time series. We perform a hypothesis test on the metric
coefficient where Hy : BZ =0 and H; : Bi > 0. If Hy is
rejected then we can conclude with some level of confidence
that our metric contains information which can be used to
predict future values of RLV.

Our out-of-sample regime involves ENC-NEW, a test statis-
tic developed by Clark and McCracken to compare the predic-
tive power of a model with that of a related benchmark model

[8l. Under the null hypothesis, the squared error loss of the
benchmark model is the same as that of the model including
our additional predictor. Under the alternative hypothesis, the
squared error loss of the larger model is less than that of the
benchmark model.

Hy : E[Ly41(B1)] = E[Le+1(B2)], (13)

Hi : E[Li41(B1)] > E[L+1(B2)],

To formalise this test, we can define the hypotheses as
in Equation [[3] and Equation [I4] where L. represents the
squared error loss of the prediction and 8y and (5 represent
the estimated parameter vectors of model 1 and model 2,
respectively. In our case, model 1 refers to a benchmark model
and model 2 refers to one of our proposed models. We refer
to models in this tested regime as “nested”, given that our
new model contain all of the predictors that are present in the
benchmarks, plus one additional predictor. For example, to test
the efficacy of VMSTL as a predictor, we could compare a
regression model with VMSTL and three autoregressive terms
with a benchmark model which is composed solely of three
autoregressive terms.

(14)

Do (U] 4y — U gt eq)
Zt 7“AL%,IH»I 7

In practice, testing the hypothesis outlined above involves
computing the test statistic as in Equation Q1,441 and
1 ¢4+1 denotes the one-step-ahead forecast errors for model
1 and model 2, respectively. After computing the test statistic,
we next obtain critical values and then determine the outcome
of our hypothesis test using [26].

2) Stationarity: Magner et al. take the log difference of
both the PMFGL and the MSTL to “allow us to work with
a stationary time-series”. While this transformation seems
prudent, considering the effect that non-stationary time-series
can have on regression, we believe it is not necessary in every
case and moreover, marginally improved results are obtained
in some situations with non-differenced time-series. For this
reason, we perform a couple of statistical tests to verify the
stationarity of the proposed metrics.

To obtain useful OLS results, it is vital that non-stationary
time series are not included. If they are, then estimated
coefficients in the regression fit which are not really significant
may appear to be artificially significant: spurious regression.
To ensure that the time series of our metrics are stationary we
employ two tests, both of which rely on testing if the series

ENC-NEW = P -

15)
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in question has a unit root. A series has a unit root of 1 is
a root of the series characteristic equation. The first test we
employ is the Augmented Dickey-Fuller test (ADF) [9]]. Using
the ADF we can test the null hypothesis that our time series
has a unit root (non-stationary). The alternative hypothesis is
that the series is stationary. The ADF test statistic will always
be negative, the larger the absolute value of the statistic, the
stronger the evidence in favour of the alternative hypothesis.
The second test we employ is the Phillips—Perron test (PP)
[30], similar in nature to the ADF test, the null hypothesis
again being that the series has a unit root.

3) Window Types: In the out-of-sample assessment, we
make use of both recursive and rolling windows. To construct
rolling windows, we first define the portion of our data for
which to make predictions. Then, for each of these points,
the regression coefficients are fitted on a window of previous
time-series points. For each subsequent prediction, both the
start and the end of the training window shift one position
forward. The size of the training window remains fixed for
each of the out-of-sample predictions.

In contrast, recursive windows involve increasing the size
of our training window for each additional out-of-sample
prediction. The start position of the training window remains
fixed, but for each subsequent prediction, the end of the
training window expands to encompass the point that was
predicted in the previous time period.

It should be noted that the critical value for our ENC-
NEW test statistic depends on the number of one-step-ahead
forecasts and the number of examples in the training window.
We define 7 = % where P is the number of forecasts and
R is the number of training examples. We use m = 0.4 for
both rolling and recursive schemes. However, in our recursive
window scheme, the size of the training window increases with
each additional forecast. The size of the first training window
is used, given that this leads to most conservative (largest)
critical value.

IV. REPRODUCTION RESULTS
A. In-sample

To reproduce the results from Magner et al. as accurately
as possible we contacted the authors. They kindly sent us the
original returns data used in their study, ostensibly sourced
from Bloomberg. The following VMSTL and VPMFGL re-
sults were computed from this data, any discrepancies are
likely due to differences in data processing, the actual number
of constituents in the indices used and/or due to the ambiguity
surrounding the time periods ultimately used by the authors.
Our reproduction uses a window of data from January 2001 to
February 2002, the rationale for this particular selection will
be explained in Section

1) Minimum Spanning Tree: Table[[II|represents our efforts
in reproducing Magner et al.’s in-sample regression results for
the VMSTL. In principle, we would expect the estimated B
for VMSTL(-1) to have a negative sign, for the regression
fit on each of the indices. As explained earlier, an increase
in MSTL implies decreased correlations between indices, less
synchronous movement and thus lower realised volatility. All

of the estimated coefficients significant at the 10% level have
a negative sign, which partially confirms our economic inter-
pretation of this metric. Broadly, we obtain similar VMSTL
significance results to Magner et al.

We obtain 1 significant coefficient at the 1% level, 8 at
the 5% level and 11 at the 10% level. This is in comparison
to the 12 significant at the 10% level obtained by Magner
et al.; we believe this discrepancy is caused by one of the
justifications outlined in Section [V} Our intercept terms also
have a similar magnitude, although these are mostly devoid of
economic interpretation.

We expect each of the AR terms to have a positive coef-
ficient. That is, higher previous values of realised volatility
imply higher future values of RLV, and vice versa. For each
of the indices, the AR(-1) coefficient term is significant at the
1% level. The AR(-2) and AR(-3) terms are also reasonably
significant; this is intuitive given that more recent AR terms
should be better predictors of future values than older terms.

Magner et al. highlights the intra-continental patterns which
emerge in their regression tests. They find substantial ge-
ographic significance clustering in both the EU and Asia-
Pacific. We find analogous geographic clustering behaviour.
We observe that a large portion of the European indices (FTSE,
CAC, IBEX, MIB and OMX) have significant coefficients.
We also observe a cluster of significant indices in the Asia-
Pacific region: NKY, HSI, KOSPI, TWSE, ASX and NZSE.
Each of these significant coefficients imply the existence of
Granger Causality between the lagged VMSTL and RLV for
that particular index. This causality implies a relationship
between the correlations formed in the global index network
and the volatility of the European and Asian-Pacific indices.

2) Planar Maximally Filtered Graph: Table shows our
in-sample VPMFGL results for the 26 indices. We obtain 1
significant coefficient at the 1% level, 5 at the 5% level and
8 at the 10% in comparison to the 7 found by Magner et al.
Similarly to VMSTL, an increase in VPMFGL implies a lower
correlation among indices, larger probability of synchronised
movements and thus larger volatility. All of our significant
coefficients have a negative sign, partially confirming our
hypothesis about their economic interpretation. However, the
decreased significance of VPMFGL compared to VSMTL
implies that the additional correlation information contained
in the VPMFGL is not particularly useful for RLV prediction,
if anything, it adds additional noise. This finding is consistent
with the findings from Magner et al. who argued that “the
MSTL is more efficient by not considering correlations of
lesser magnitude” [18]].

All of the fitted coefficients for the autoregressive terms are
again positive, implying that larger realised volatility terms in
previous periods imply larger realised volatility in the current
period. All of the AR(-1) coefficients are significant, with
reduced significance for longer lagged terms.

The geographic significance clustering which emerges is
similar to that of the VMSTL, except on a reduced scale. Most
of the significant indices are still clustered in Europe(CAC,
MIB, OMX) or in Asia-Pacific (NKY, HSI, KOSPI, TSE,
NZSE). Again, we conjecture that the additional loops and
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SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Variable
C -1.448%%%  J1.236%FF  -1.458%F* o] T8QFH* -1.862%#%  2.955%kk ] 563*** 1,644 H*k ] 487F** ] 37FwEE ] 304EEE 1332 FE 1], 160%**
(0.390) (0.295) (0.415) (0.366) 0377 (0.475) (0.305) (0.357) 0312) 0.272) (0.270) 0272) (0.233)
VMSTL(-1) -0.276 -0.311 -0.313 0.111 0.257 -0.295 0.313 0.118 -0.642% -0.901%* -0.591 -0.602* -0.713%%
(0.420) 0.362) (0.385) (0.326) (0.300) (0.359) (0.338) 0411) (0.377) (0.395) (0.374) (0.344) (0.320)
AR(-1) 0.4927%** 0.453%** 0.471%** 0.581%** 0.4347%** 0.473%%* 0.513%** 0.4971%#* 0.446%** 0.446%** 0.531 %% 0.512%** 0.487%**
(0.097) (0.084) (0.084) (0.072) (0.086) (0.063) (0.073) (0.063) (0.085) (0.093) (0.083) (0.063) (0.076)
AR(-2) 0.164* 0.174%%  0.268*** 0011 0.157%  0.041 0.013 0172 0207+ 2740 (.172% 0.184%%  0.273wxx
(0.094) (0.084) (0.081) (0.085) (0.075) (0.085) (0.093) (0.084) 0.072) (0.091) (0.088) (0.072) (0.087)
AR(-3) 0.122%* 0.170%* 0.046 0.124* 0.063 0.042 0.164%* 0.072 0.116* 0.050 0.076 0.078 0.040
(0.067) (0.067) (0.061) (0.066) (0.052) (0.074) (0.074) (0.087) 0.061) (0.056) (0.059) (0.052) (0.056)
R-squared 0.495 0.533 0.522 0.421 0.306 0.262 0.350 0.427 0.486 0.520 0.536 0.515 0.563
AEX OMX RTS SMI NKY HSI KOSPI TWSE icl FBMKLCI ~ STI ASX NZSE
Variable
C -1.235%%% 1219k (1 804%FF 2,018k L2,019%%F 158k J1L017F%F 158k 2,093%FF ] 9]k -1.319%%% 527k D 544w
(0.265) (0.287) (0341) (0349) (0370) (0308) (0235) (0.276) (0.390) (0.405) (0.299) (0323) (0.621)
VMSTL(-1) -0.685 -0.751%* -0.038 -0.726 -0.877%* -0.658%* -0.791%* -1.041%%*  -0.217 -0.524 -0.491 -0.684* -0.586%*
(0.428) (0.356) (0.353) (0.482) 0.432) 0.322) 0.315) (0305) (0.340) (0.399) (0383) 0379 (0.288)
AR(-1) 0.483 % 0.417%%* 0.511%** 0.401 %** 0.405%#* 0.509%#* 0.435%#* 0.314%%* 0.457%%* 0.364%** 0.4927%%* 0.433* 0.334*
(0.098) 0.077) (0.089) (0.101) (0.081) (0.066) (0.072) (0.078) 0.072) 0.073) (0.062) (0.086) (0.060)
AR(-2) 0.257%*% 0.295%%* 0.130* 0.202%%* 0.252%%* 0.192* 0.228%** 0.383%** 0.100 0.264%** 0.193** 0.220%** 0.200%**
(0.085) (0.081) (0.072) (0.081) (0.080) (0.104) (0.065) (0.081) (0.076) (0.086) (0.074) (0.074) (0.058)
AR(-3) 0.059 0.086* 0.015 0.084 -0.005 0.106 0.172%** 0.118%* 0.101* 0.107 0.114%* 0.113* 0.121*
(0.050) (0.051) 0.075) (0.060) (0.051) 0.072) (0.053) (0.057) (0.061) (0.070) (0.048) (0.061) 0.071)
R-squared 0.552 0.550 0.356 0.369 0.361 0.565 0.597 0.547 0.321 0.404 0.533 0.479 0.310
SPX CCMP SPTSX MEXBOL IBOV  IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Window  Benchmark
ROL AR(3) -0.049  -0.025 -0.136 -0.099 0.073 -0.362  -0.177 0.129 0.089 1.501%*  0.913*  0.949*  1.602**
AR(3)VIX -0.382  -0.295 -0.075 -0.339 -0.247  -0.189  -0.346 -0.254 -0.257  0.390 0.193 -0.167  -0.193
AR(6) -0.176  -0.136  -0.223 0.157 -0.040 -0.278  0.005 -0.003 0.008 1.327*%*  0.801* 0.726 1.342%%
AR(6)VIX -0.313  -0.238  0.086 -0.205 -0.217  -0.320 -0.435 -0.148 -0.329  0.468 0.034 -0.056  -0.090
REC AR(3) -0.049  0.023 -0.091 -0.439 -0.357 -0359 -0.134 -0.084 0.181 1.251%  0.836*  0.991*  1.450%**
AR(3)VIX -0.230 -0.148  -0.157 -0.516 -0.294  0.036 -0.289 -0.216 -0.339  0.112 0.163 -0.270  -0.173
AR(6) -0.159  -0.070  -0.188 -0.096 -0.071  -0.268  0.001 -0.149 -0.061  1.019% 0.755%  0.742*%  1.283**
AR(6)VIX -0.193  -0.035 -0.126 -0.392 -0.151 -0.086 -0.264 -0.210 -0.407  0.182 0.086 -0.149  -0.054
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Window  Benchmark
ROL AR(3) 0.820*  0.969* -0.352  1.109* 1.300%*%  0.794*  1.359**%  1.070* -0.650 -0.746 -1.018  0.241 0.011
ARQ3)VIX 0.298 -0.082 -1.128  -0.523 -0.045 0.188 1.129* -0.039  -0472 -0.347 -0.761  -0.127  -0.199
AR(6) 0.496 0.678 -0.443  1.013* 1.200%*  0.445 1.301%*  0.859* -0.572 -0.679 -0.986  0.162 -0.142
AR(6)VIX 0.258 -0.055 -1.061  -0.709 0.126 0.050 1.150* -0.155 -0.613  -0.306 -0.823 -0.184  -0.226
REC AR(3) 0.615 1.199%%  -0.961  1.079*%*  1.242**  (0.864* 1.316** 1.015* -0.595 -0.822 -0.995  0.322 0.252
AR(3)VIX 0.089 -0.010 -1.213  -0.172 -0.032 0.387 0.789* 0.172 -0.447  -0.481 -0.810  -0.228 -0.173
AR(6) 0.337 0.928* -1.032  0.886* 1.192%%  0.406 1.212%%  0.790%  -0.547 -0.511 -0.781  0.069 0.032
AR(6)VIX 0.046 -0.024 -1.009  -0.330 0.108 0.148 0.837* 0.118 -0.594  -0.283 -0.660 -0.294  -0.175

TABLE III: In-sample (upper tables) and out-of-sample (lower tables) results for VMSTL. The regression is performed on Magner et al.’s

data for a period starting from 2001-01 until 2019-02.

The first two tables show the coefficients as well as their significance level, and their standard error for all metrics and indices. The bottom
two tables show the ENC-NEW statistic and significance level for all 4 models and for both recursive window regression (used by Magner

et al.), as well as rolling window regression.
ik ok and * indicate significance at the 1%, 5% and 10%-level, re
NEW statistic with m = 0.4 at the 1%, 5% and 10%-level are 2.278

spectively. For the out-of-sample tests, the critical values of the ENC-

, 1.161 and 0.764, respectively, for the rolling window regression and

2.098, 1.079 and 0.685 for recursive window regression, as proposed by Clark and McCracken [26].

clicks contained in the VPMFGL compared to VMSTL are not
adding extra value and if anything, are obscuring the results.

B. Out-of-sample Results

While in-sample results are indicative of the usefulness
of a predictor, ultimately the predictive power of a graph
metric is only borne out when one-step-ahead forecasts are
made. As mentioned in the previous section, for out-of-sample
regressions we consider two types of training windows: the
rolling and the recursive window. Moreover, for each of the
types of window, we test against 4 different benchmarks
previously defined in Table However, when considering

reproduction we are mainly concerned with the recursive
window case. Magner et al. do claim to have considered rolling
windows, however no specific results are presented.

1) Minimum Spanning Tree: Let us first consider the out-
of-sample results for the VMSTL. As can be seen in Table
for our recursive scheme with the AR(3) benchmark we obtain
10 significant ENC-NEW test statistics at the 10% level in
comparison with the 15 significant out-of-sample values at the
10% level achieved by Magner et al. For the recursive scheme
with the AR(6) benchmark, we obtain 9 significant values at
the 10% level, compared to the 14 achieved by the authors.

The two benchmarks including the VIX prove extremely
difficult to beat, with both only having 1 significant value at
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SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Variable
C -1.450%*% 1], 237%kk (] 45TEE (] 781k (] 862%F*  2,952% %k ] §TQFEE 1,647k ] 489% k.1 37FwEE 11305%F 1,333k _],164%F*
(0.390) (0.296) (0415) (0.366) 0.377) (0.476) (0.306) (0358) 0.312) 0272) (0.270) 0272) (0.233)
VPMFGL(-1) -0.115 -0.241 -0.267 0.051 0.258 -0.329 0.225 0.071 -0.587 -0.870%* -0.572 -0.566 -0.668*
(0.438) (0.373) (0.387) (0.338) (0312) (0.364) (0.340) (0419) (0.406) (0.425) 0417 (0373) (0.340)
AR(-1) 0.515%** 0.464%** 0.478%* 0.573% 0.433%% 0.472%%% 0.5027%%* 0.4907%** 0.457%%* 0.4567** 0.537%% 0.520%%% 0.497%#%
(0.097) (0.084) (0.083) 0.072) (0.086) (0.062) (0.073) (0.062) (0.087) (0.094) (0.087) (0.064) (0.076)
AR(-2) 0.142 0.164* 0.2627%** 0.018 0.158%* 0.041 0.022 0.174%* 0.197%** 0.265%** 0.167* 0.177%* 0.265%**
(0.095) (0.085) (0.082) (0.084) (0.075) (0.084) (0.094) (0.084) (0.073) (0.090) 0.091) 0.072) (0.086)
AR(-3) 0.121* 0.169** 0.045 0.124* 0.063 0.044 0.164** 0.071 0.115* 0.049 0.076 0.078 0.038
(0.067) (0.067) (0.061) (0.066) (0.052) 0.074) 0.074) (0.087) (©.061) (0.055) (0.059) (0.052) (0.056)
R-squared 0.495 0.532 0.522 0.420 0.306 0.262 0.349 0.427 0.485 0.518 0.535 0.514 0.562
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Variable
C AL237TEEE L1218 L1803 L2020 2,0201%F  LISERE LOT4ESE LISSESE 2,002%E  LOIIEEE (13I8 .1520%Es 2547w
(0.265) (0.288) (0.341) (0.349) (0.372) (0.308) (0.235) (0.277) (0.390) (0.405) (0.298) (0.323) (0.623)
VPMFGL(-1) -0.601 -0.749%* -0.062 -0.605 -0.819* -0.696** -0.801** -1.017%**  -0.278 -0.526 -0.512 -0.623 -0.574*
(0.466) (0.368) (0.368) (0.502) (0.433) (0.334) (0328) (0.329) (0349) 0417 (0.384) (0.410) (0.299)
AR(-1) 0.498:+* 0.4207%%* 0.5097%%* 0.418%** 0.415%** 0.5107%%* 0.441 %% 0.32] %% 0.455%%* 0.366%** 0.4927%%* 0.445%%* 0.336%%*
(0.101) 0.077) (0.089) (0.102) (0.081) (0.066) 0.072) (0.079) (0.072) (0.073) (0.060) (0.087) (0.059)
AR(-2) 0.2427%*% 0.2927%#% 0.131* 0.185%* 0.239%#* 0.192* 0.223%#% 0.377%%* 0.102 0.2627%#* 0.193* 0.209%#* 0.199%##
(0.087) (0.078) (0.072) (0.081) 0.079) (0.103) (0.067) (0.083) 0.077) (0.087) (0.074) (0.076) (0.058)
AR(-3) 0.059 0.086* 0.015 0.083 -0.002 0.105 0.171 %% 0.116%* 0.101* 0.107 0.114%* 0.112* 0.120%*
(0.050) (0.050) 0.075) (0.059) (0.051) 0.072) (0.053) (0.056) 0.061) 0.070) (0.048) (0.060) 0.071)
R-squared 0.551 0.550 0.356 0.366 0.358 0.565 0.596 0.545 0.322 0.403 0.533 0.478 0.309
SPX CCMP SPTSX MEXBOL IBOV  IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Window  Benchmark
ROL AR(3) -0.169  -0.117  -0.267 -0.168 0.035 -0.284  -0.532 0.077 -0.160  1.030*  0.651 0.638 1.129*
AR(3)VIX -0.416  -0.287  -0.098 -0.367 -0.317  -0.012  -0.568 -0.365 -0.196  0.442 0.242  -0.103 -0.161
AR(6) -0.260  -0.220  -0.356 -0.037 -0.104  -0.225  -0.319 -0.021 -0.246  0.864*  0.535 0.399 0.837*
AR(6)VIX -0.317  -0.204  0.066 -0.275 -0.327  -0.199 -0.684 -0.239 -0.307  0.561 0.109 -0.014  -0.075
REC AR(3) -0.157  -0.093 -0.236 -0.516 -0.345  -0.250 -0.584 -0.145 -0.061  0.868* 0.653 0.713*  1.028*
AR(3)VIX -0.227  -0.162  -0.173 -0.501 -0.311  0.236 -0.537 -0.187 -0.312  0.144 0.177  -0.233 -0.138
AR(6) -0.216  -0.171 -0.352 -0.273 -0.083  -0.184  -0.405 -0.195 -0.267  0.671 0.580 0.456 0.846*
AR(6)VIX -0.186  -0.041 -0.122 -0.430 -0.213  0.078 -0.485 -0.180 -0.405  0.231 0.129  -0.138  -0.023
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Window  Benchmark
ROL AR(3) 0.370  0.806* -0.555 0.557 1.178**  0.959*  1.358**  0.899* -0.534 -0.678 -1.139  -0.023  -0.052
AR(3)VIX 0.267  -0.020 -1.214  -0.569 0.013 0.542 1.280**  0.008 -0.219  -0.390 -0.892  -0.079 -0.145
AR(6) 0.048  0.504 -0.627  0.563 0.995%* 0.656 1.165%*%  0.746 -0.454  -0.680 -1.143  -0.112  -0.208
AR(6)VIX 0.233  0.000 -1.157  -0.710  0.093 0.373 1.140%* -0.117 -0.383  -0.337 -0.862  -0.172  -0.113
REC AR(3) 0.355 1.016* -1.064 0.678 1.132%*%  0.954*  1.320%**  0.890* -0.499 -0.694 -1.109  0.072 0.242
AR(3)VIX 0.052  0.036 -1.223  -0.139  0.051 0.706*  0.979* 0.144 -0.212  -0.459 -0.873  -0.218  -0.043
AR(6) 0.119  0.762* -1.171  0.526 0.970%* 0.545 1.102%*%  0.741* -0.451 -0.487 -0.953  -0.145 0.017
AR(6)VIX 0.026  0.023 -1.084  -0.234  0.108 0.425 0.875%* 0.067 -0.350  -0.302 -0.696  -0.307 -0.019

TABLE IV: In-sample (upper tables) and out-of-sample (lower tables) results for VPMFGL. The regression is performed on Magner et al.’s

data for a period starting from 2001-01 until 2019-02.

the 10% level. This contrasts with the results presented by
Magner et al., who finds 6 and 4 significant test statistics at
the 10% level for the AR(3)VIX and AR(6)VIX, respectively.

Our results for one-step-ahead forecasting using the VM-
STL are clearly less promising than those originally presented
by Magner et al. Additionally, the fact that the authors present
notably more significant out-of-sample values than in-sample
significant coefficients raises some doubts about the integrity
of their out-of-sample methods.

2) Planar Maximally Filtered Graph: Next, we consider
the out-of-sample results presented for the VPMFGL, again
for the recursive windows. The results are presented Table
For the AR(3) model, we obtain 8 significant ENC-NEW test
statistics at 10% confidence, compared to the 13 obtained by
Magner et al. For the AR(6) benchmark we obtain 5 significant
at the 10% level, compared to 14 obtained by the authors.
It seems again slightly counter-intuitive that the author man-

ages to obtain more significant out-of-sample results on the
harder AR(6) benchmark than on the AR(3) benchmark. When
considering VPMFGL on the AR(3)VIX and AR(6)VIX, we
find only 2 and 1 significant values at the 10% level with the
authors finding 3 and 4, respectively. Clearly, both our results
and those of the authors suggest that the VPMFGL is no match
for our benchmarks models which include the VIX.

V. REPRODUCTION DISCUSSION

Reproduction of scientific work may appear to be a simple
task, given that such work does not require any novel findings.
It came to us as a surprise that reproductive efforts can not
only allow one to identify all the flaws in the publication,
but also provide basis for one’s own research. Given that our
findings regarding Magner et al.’s work proved fundamental
for our own research, it is pertinent that we first discuss all the
challenges that we faced while reproducing the work, identify
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the flaws that we found in the publication, and further provide
overall assessment of the method. By doing so we intend to
make it clear how we addressed these challenges and findings
in our own work. The key issues faced were the lack of clarity
regarding various aspects of work and misleading information
regarding the actual regressions.

In particular, one of the key problems was the demystifi-
cation of the transformations performed on monthly realized
variance terms before the regressions were performed. Magner
et al. use the terms realized variance (RV) and realized
volatility (RVOL) interchangeably. The table captions with
regression results state “The forecasting realized volatility
[...]” suggesting that regressions were performed on RVOL
terms (Equation [3). Having carefully followed Magner et
al’s steps, we were unable to reproduce the regression re-
sults, neither using RVOL nor RV. Given that not only the
signs of coefficients were different, but also the magnitude
of coefficients were orders of magnitude smaller, it became
unlikely that either RVOL or RV terms were actually used. Our
investigation concluded that RV computed using Equation [
must have been further transformed into realized log-variance
(RLV) with Equation [6] before the regression was performed.
Although seemingly trivial once solved, this and similar issues
constituted a major challenge in reproducing the results of the
authors, particularly with respect to the total absence of any
mention of RLV throughout the whole paper.

The source of confusion behind these terms could be due
to a misconception across scientific fields. Barndorff-Nielsen
and Shepherd highlight the fact that RV, defined as a sum of
squared returns, is often referred to as RVOL in econometrics
[2f]. Other examples of this particular misconception can be
found in literature. Audrino et al. clearly define RVOL as the
square root of the sum of squares of logarithmic returns []1]],
whereas Vortelinos defines RVOL as simply the “sum of the
observable intraday squared returns” [42].

Using RLV to perform our regressions, the in-sample coef-
ficients for the autoregressive terms (AR) aligned closely with
those presented by Magner et al. However, the coefficients and
their significance for VMSTL and VPMFGL metrics were still
quite far off. While investigating this problem, inconsistencies
regarding the period of data used in the investigation were
found. The authors state “We used daily data provided by
Bloomberg from July 2001 to September 2019, totaling 216
months for a total of 26 market indices [...]”, while in the “The
Data” section they mention “We used daily data provided by
Bloomberg from July 2001 to September 2019, totaling 223
months”. Not only are there actually 219 months in the period
between July 2001 and September 2019, but they also state that
they use 26 indices, whereas a figure presented in the paper
of the constructed MST actually contains 27 indices, with the
added index being the Columbian IGBC. These findings let
us to further investigate which indices were actually used and
over which time periods the regressions were performed.

Upon investigation of the data provided to us by Prof.
Magner, two things became clear. First, that the time period
began in January 2001 and second, that the CSV file contained
the IGBC index. The latter finding raised the question why it
was not used in the author’s final regression tests. Investigating

the data, we found missing entries for IGBC from January
2001 until July 2001, hence in the scenario where one wanted
to work with a different period starting from earlier than July
2001, IGBC would need to be excluded. This finding prompted
us to attempt to drop IGBC from our data and experiment with
different periods. After much experimentation, it turned out
that shifting the period of investigation to the period starting
from January 2001 until February 2019 not only allowed us
to obtain VMSTL and VPMFGL coefficients very closely
aligned with those of the authors, but also resulted in similar
numbers of significant VMSTL and VPMFGL coefficients.
These findings indicate that the actual period of time used
for regression was changed, a claim further supported by the
ambiguity surrounding the supposed period of investigation
mentioned in the paper.

When attempting to reproduce Magner et al.’s results, we
also made a deep dive into the fundamentals upon which the
work was based. It came to our attention that there appears to
be multiple weaknesses in the method, one of them being the
computation of Pearson correlations between indices. More
specifically, the fact that Pearson correlations between indices
are calculated for each month based on, at most, 20 data points.
Kukreti et al. suggest that correlation matrices calculated over
such short time periods are usually noisy, highly singular and
hence very sensitive to minor changes in correlations [14]. It is
usually recommended to apply noise suppression techniques to
such correlation matrices, for example Random Matrix Theory
[14]. A similar notion is presented also by Guhr and Kilber,
where they corroborate the fact that noise is very common
in correlation matrices computed from short time series [|12].
Furthermore, Bonanno et al. clarify that when the number
of indices is larger than the number of time points in the
covariance matrix is only positive semidefinite [5]. On the
other hand, Tang provides a different point of view where he
claims that that minimum spanning trees and planar maximally
filtered graphs are sufficient noise filtering methods themselves
[40].

Nonetheless, this issue remains a source of concern, as not
only do we consider consecutive trading days (which amounts
to roughly 20 days per month, while the correlations are
computed between 26 indices), but also global markets have
different business days, while some operate from Monday to
Friday, others from Sunday till Thursday, not to mention the
possibility of differing holiday schedules. While the literature
surveyed previously suggests various methods of dealing with
the issue, they have not been employed by Magner et al.

The next issue found was that the MST lengths provided in
Figure 1 of the author’s paper are incorrect. Using Magner’s
data and his indicated time periods, we attempted to reproduce
the MSTL values for the pre-crisis, crisis and post-crisis peri-
ods. We obtained different lengths, approximately 70% larger
than those reported. We hypothesise that the authors may have
made an error in their computation. We experimented with
different distance transformations and found that by excluding
the factor 2 from the distance transformation (Equation [3)), we
then obtain the exact same lengths as the original authors.

Finally, another source of discrepancies that we observe are
very significant differences in our and Magner et al.’s data,
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Fig. 2: The log-returns of SPX from our data and the data from Magner et al.

although both are sourced from Bloomberg. Magner et al.
does not mention pre-processing data, or any imputations, thus
making it unclear why we can observe such large differences
in data for various indices. An example of discrepancies
between returns of the SPX index is presented in Figure [2}
The discrepancies could also be due to the indices only being
named implicitly without further specification on how many
constituting companies were included.

VI. OUR RESULTS
A. Retesting VMSTL and VPMFGL

Having outlined our efforts in reproducing the results for
the VMSTL and VPMFGL and challenges faced in doing so,
we will continue with the results from applying VMSTL and
VPMFGL to our own data as well as results of the TRANS
and MEC metrics. For these 4 metrics, we will consider the
same time period, 2001-07 until 2019-09, which corresponds
to the time period Magner et al. claim to have used in their
publication. We will perform the same in-sample and out-of-
sample regression tests that we performed in Section The
motivation for re-testing VMSTL and VPMFGL on our data
is so that we have an equivalent basis of comparison between
the VMSTL, VPMFGL, MEC and TRANS.

1) Minimum Spanning Tree: For the VMSTL, we find 2
out of 26 estimated coefficient significant, both of which are
significant only at the 10% level. Additionally, we also find all
26 coefficients for the constant and AR(-1) to be significant
and 21 out of 26 significant AR(-2) coefficients. The out-
of-sample tests reveal that none of ENC-NEW values of the
AR(3)VIX and AR(6)VIX benchmarks are significant; for the
rolling window we find 2 significant coefficients for both
AR(3) and AR(6) benchmarks and for the recursive window
only 1 for AR(3) and 2 for AR(6). The only index both
significant in-sample and out-of-sample is NZSE and no intra-
continental clusters can be observed.

2) Planar Maximally Filtered Graph: For VPMFGL, the
in-sample and out-of-sample regression results are presented
in Table [VIIIl We find 2 out of 26 estimated coefficients to
be significant; the same two indices are for VMSTL, with

the VPMFGL coefficient being significant at the 10% level
for NKY and at the 5% level for NZSE. For out-of-sample
results, we find 2 and 3 estimated coefficient significant for
rolling window AR(3) and AR(6) benchmarks and again 2 and
3 for recursive window AR(3) and AR(6) benchmarks. NZSE
is significant for all non-VIX benchmarks.

The large number of regressions performed and low num-
bers of significant results, even at the 10% level, indicate that
both the VMSTL and VPMFGL metrics are not particularly re-
liable nor robust predictors of realised volatility. It is important
to remember that the confidence level of our test determines
the rate of type I errors we are willing to accept. Thus, we
have up to 10% probability of incorrectly rejecting a correct
null hypothesis. The sheer number of regressions performed
implies that false positives are inevitable. The insignificance
of the results becomes particularly pertinent when compared
to the two new metrics investigated, TRANS and MEC.

B. Stationarity testing

1) Mean Eigenvector Centrality: Following the explana-
tion of our stationarity testing procedure in Section [[II-C2]
we employ an Augmented-Dickey-Fuller test to determine if
our metric time series has a unit root. Testing the monthly
stationarity of the MEC of our asset graph, we obtain an
ADF test statistic of —6.84, and a p-value of approximately
0. We can reject the null hypothesis of the process having a
unit root. Thus, we can conclude with reasonable confidence
that this process is stationary. Next, the Philips-Perron test
is performed on the same series, we obtain a test statistic
of —15.074 and a p-value of 8.63 - 10725, Thus we can
reject Hy, we again conclude the time series is stationary.
Additionally, we performed more informal tests to ensure the
explicit stationarity of the mean and variance by “chunking”
the process.

2) Transitivity: Next, we perform the ADF test on the
transitivity of the asset graph to confirm stationarity. We obtain
a test statistic of —6.618 and a p-value of approximately
zero. We can reject Hy and conclude that this process is
stationary. We also perform the Philips-Perron test on this
metric, obtaining a test statistic of —13.89, and a p-value of
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SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Variable
C -10.944%%*  -10.370***  -7,896%** -7.339%** -6.819%**  .6.214%* -10.026%**  -6.524%* -9.812%** -9.343%** -8.553%** -7.955%%* -8.269%**
(2.481) (2:379) (2.142) (2.475) (2.140) (2.467) @717 (2.708) (2477) (2:476) (2212 (2.445) (2.799)
MEC(-1) 53.083%** 50.869%** 36.898***  29,650%* 28.940** 19.899 47.800%** 26.939* 46.811%**  44.528%%%  40.721%**  36.914%**  39.291%*
(13.890) (13.255) (12.162) (13.721) (11.614) (13.187) (14.960) (14.628) (13.697) (13.921) (12.331) (13.560) (15.447)
AR(-1) 0.4997%%* 0.473%** 0.533%%* 0.4877%%* 0.405%** 0.472%%%  (,402%** 0.473%%%  (,589%** 0.585%#* 0.628*** 0.610%** 0.5897%**
(0.078) 0.071) (0.088) 0.077) (0.086) (0.074) (0.057) (0.068) (0.070) (0.076) 0.072) (0.060) (0.068)
AR(-2) (.21 3% 0.200%** (.23 0.077 0.246%** 0.047 0.165%* 0.191%* 0.105 0.1387%* 0.094 0.107* 0.176**
(0.036) (0.052) 0.075) (0.064) (0.068) (0.075) 0.070) (0.081) (0.073) (0.068) 0.073) (0.062) (0.075)
AR(-3) 0.104* 0.161%** 0.057 0.106* 0.047 0.057 0.186%** 0.088 0.121* 0.090 0.105* 0.091* 0.061
(0.056) (0.058) (0.063) (0.056) (0.049) (0.071) (0.058) (0.082) (0.062) (0.059) (0.060) (0.051) (0.057)
R-squared 0.491 0.520 0.543 0.325 0.341 0.258 0.362 0.450 0.506 0.518 0.549 0.537 0.581
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Variable
C -10.284%x  .10.601%**  .5.850%% -9.2(7%%% -1.386 -4.716%* -5.499%#% 5. 111%* -4.888%* -2.173 -3.630 -10.080%%*  -4,601%**
(2.463) (2.307) (2.573) (2.480) (2.385) (1.903) (1.924) (2.138) (2.538) (2.342) (2:410) (2.530) (1.693)
MEC(-1) 50.687##* 52,967 22.639 40.300%#*  -3.362 19.085* 24.382%* 21.367* 15.774 0.262 12.104 48,0924 13.220
(13.658) (12.716) (14.052) (13.884) (12.917) (10.480) (10.445) (11.970) (13.958) (12.923) (13.226) (13.972) 9.316)
AR(-1) 0.586%+* 0.593#:#* 0.488##%  (.521%%* 0.410%%%  (.518%#%  (,538%#% 0428 (.468%#* (388w 0.520%%%  (.596%** 0.407%%*
(0.079) (0.069) (0.078) (0.080) (0.067) (0.068) (0.098) (0.073) (0.072) (0.066) (0.070) (0.068) (0.065)
AR(-2) 0.179%# 0.1417%* 0.148%** 0.159%* 0.198%* 0.175%* 0.136* 0.212%*%  0.100 0.2267%%* 0.1827%* 0.091 0.150%*
(0.067) (0.062) (0.065) (0.066) (0.083) (0.083) (0.078) 0.071) (0.073) (0.074) 0.072) (0.072) (0.063)
AR(-3) 0.085 0.124%%* 0.047 0.050 0.045 0.103* 0.151%%* 0.163%**%  (.111* 0.096 0.076 0.124%* 0.110
(0.053) (0.052) (0.070) (0.055) (0.057) (0.061) (0.068) (0.062) (0.061) (0.070) (0.053) (0.062) (0.071)
R-squared 0.569 0.581 0.354 0.399 0.318 0.512 0.558 0.477 0.332 0.380 0.490 0.499 0.307
SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Window  Benchmark
ROL AR(3) 1.921** 1.912%* 0.614 -0.907 0211  -0.502  2.500 -0.970 1.779%*  2,158%* 1.727%* 0.623 0.875*
AR(3)VIX 0.308 0.454 1.041* -0.947 0429  -1.853  2.825%#* -0.113 0.619 1.046* 0.191 0.815*%  1.317**
AR(6) 2.848 3.174* 0.719 -0.326 0.420  0.001 2.309%#% -0.360 1.548**  2,148%* 2.456 0.735 1.931%*
AR(6)VIX 0.295 0.674 0.946* -0.796 0.575  -1.832  3.069%*%** 0.562 0.573 0.973* 0.061 0.798*  1.571%**
REC AR(3) 2.029%* 2.227%%%  0.599 -0.750 0.239  -0.485  2.544##* -1.028 1.826%*  2,170%%*  1.989%* 0.832%  1.022*
AR(3)VIX 0.378 0.861* 1.461**  -0.656 0437  -1.963  2.916%** -0.754 0.616 0.961* 0.292 0.832%  1.418**
AR(6) 3.195%%% 3 595%%*  (),854* -0.183 0.538  -0.032  2.264%** -0.733 1.680%*  2,280%*F  2.870%*%*%  1.060%  2.141%**
AR(6)VIX 0.539 1.043* 1.854**  -0.538 0.677 -1.840  2.786%%** -0.369 0.775* 1.170%* 0.225 0.870%  1.625%*
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Window  Benchmark
ROL AR(3) 2.485%* 2.843 0.478 1.217%*  -0.262  0.936* 2.625%%  0.707 0.344 -0.217 -0.724  1.896**  -0.009
AR(3)VIX 0.256 0.951%* 2.861 -0.087 -0.572  1.195%%  0.778* 0.183 -0.201  -0.168 -1.478  0.788* -0.006
AR(6) 2.611 2.853 0.497 0.991* -0.229  1.074* 2.279% 0.823*%  0.275 -0.263 -0.552  1.591**  -0.117
AR(6)VIX 0.045 0.792* 1.990** 0.037 -0.689  1.171%*  1.636**  0.059 -0.203  -0.296 -1.446  0.724 -0.218
REC AR(3) 2.705%%% 2,803 ***  (.232 1.164%*  -0.202  0.925% 1.876%*  0.573 0.427 -0.252 -0.553  1.894%*  -0.068
ARQ3)VIX 0.523 0.636 2.468**#+  0.034 -0.478  1.222*%*  1.063* 0.326 -0.114  -0.186 -1.433  0.795* 0.244
AR(6) 2.798%*% - 2,519%%F  (.2]1 1.133**  -0.183  1.013* 1.778*%*  0.726* 0.344 -0.273 -0.371 1.707**  -0.109
AR(6)VIX 0.532 0.828* 1.888%* 0.216 -0.695  1.248**  1.538**  0.260 -0.033  -0.299 -1.284  0.960* 0.044

TABLE V: In-sample (upper tables) and out-of-sample (lower tables)
period starting from 2001-07 until 2019-09.

5.88 - 10726, We can reject the null hypothesis of a unit-root
and conclude with reasonable confidence that the time-series
is stationary. Again, we also perform more informal tests to
verify the stationarity of the processes mean and variance.

C. In-sample Results

1) Mean Eigenvector Centrality: The results of in-sample
regressions are presented in Table Our investigation re-
veals 19 out of 26 significant estimated coefficients for mean
eigenvector centrality terms. From the significant coefficients
we find 19 that are significant at the 10% level, 16 that are
significant at the 5%, and 12 which are significant at the 1%
level. Additionally, it is evident that all of the AR(-1) coeffi-
cients are significant at the 1% level. Furthermore, although
we still observe a total of 20 estimated coefficients for AR(-2)
terms that are significant, they do expose substantially reduced
significance, which is inline with our expectations. Moving
forward, it is evident that if the estimated coefficients for the

results for MEC. The regression is performed on our own data for a

constant are not significant, the estimated coefficient for the
MEC is not significant as well.

The high proportion of significant in-sample estimated co-
efficients for MEC implies that the lagged MEC of the global
correlation network “granger causes” RLV for the majority
of the global indices. Given that the MEC is indicative of
the influence of the most connected nodes upon each other,
it seems that this measure of influence is useful for making
out-of-sample volatility predictions.

Moving forward, we also observe the inter-country patterns
which emerge in our regressions tests. There is substantial
geographic significance clustering in the Americas: the SPX,
CCMP, TSX, MEXBOL, IBOVE and MERVAL. This be-
haviour is not something that was observed in the original
paper by Magner et al., with the majority of their North/South
American indices appearing to be insignificant in-sample for
both VMSTL and VPMFGL.

It is apparent that MEC is also a great metric for European
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SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Variable
C 1.852% 1.804%* 1.021 -0.259 0.059 -1.592%* 1.254 -0.307 1.400 1.175 1.204 1.039 1.157
(0.973) (0.898) (0.800) 0.910) (0.700) (0.902) 0.911) (0.900) (0.945) (1.001) (0.883) (0.873) (0.945)
TRANS(-1) =3.671% k3 443wk D FT4EEE 1] 968 -1.914%* -1.169 -3.131%k _1.540 -3.149%#%k L2 83k LD T50FEE L2,650%HE  -2,670%*
(0.967) (0.928) (0.791) (0.928) (0.796) (0.945) (1.027) (1.032) (0.999) (1.039) (0.943) (0.941) (1.060)
AR(-1) 0.521%#%  (0,491%#%  (,549%k%  (,502%%* 0.417%%%  0.477%%  0.411%%*  0.479%%*  0,610%**  0.603%**  0.649%**  0.634%**  (.611%**
(0.082) (0.073) (0.090) (0.078) (0.086) (0.074) (0.057) (0.069) 0.072) (0.080) (0.075) (0.062) (0.068)
AR(-2) 0.200%#%  (,189%#%  0,227*F*%  0.068 0.236***  0.042 0.152%* 0.188%* 0.090 0.130% 0.081 0.094 0.163%*
(0.056) (0.052) (0.075) (0.065) (0.068) (0.076) (0.069) (0.081) 0.073) (0.068) 0.071) (0.063) (0.075)
AR(-3) 0.1147%* 0.169%%#%* 0.066 0.112:%* 0.053 0.063 0.191%%* 0.091 0.130%* 0.094 0.111* 0.097* 0.067
(0.057) (0.058) (0.063) (0.056) (0.050) (0.071) (0.059) (0.082) (0.062) (0.059) (0.059) (0.050) (0.057)
R-squared 0.489 0.517 0.543 0.323 0.339 0.256 0.360 0.448 0.503 0.513 0.546 0.536 0.580
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Variable
C 1.936%* 2.131%* -0.739 0.141 -2.604%** 0384 0.144 -0.098 -1.626* -2.280%* -0.937 1.471 -1.978%#*
(0.957) (0.861) (0.849) (0.981) (0.855) (0.755) (0.606) (0.856) (0.969) (0.983) (0.867) (0.945) (0.809)
TRANS(-1) -3.517%%%  .3.610%**  -1.184 -2.383** 0.698 -1.016 -1.428%* -1.329 -0.476 0.177 -0.582 -3.266%**  -0.300
(1.028) (0.937) (0.946) (1.003) (0.916) (0.786) (0.697) (0.878) (1.018) (0.975) (0.953) (1.003) (0.655)
AR(-1) 0,613 0.622%**  (.493%**  (,530%**  (401%*F  (,523%kk  (),546% %k  (.432%k% 0.470%FF  (.385%%* 0.521%**  (0,619%**  (.403%**
(0.082) (0.072) (0.079) (0.082) (0.065) (0.068) (0.098) (0.073) (0.072) (0.067) (0.070) (0.070) (0.066)
AR(-2) 0.162%* 0.126%* 0.142%* 0.153%* 0.1987* 0.170%* 0.128* 0.211***  (0.094 0.225%: 0.178%* 0.075 0.153%*
(0.068) (0.063) (0.065) (0.066) (0.082) (0.083) (0.078) 0.071) (0.073) (0.074) (0.071) (0.072) (0.061)
AR(-3) 0.092* 0.131%* 0.049 0.054 0.045 0.105%* 0.154%* 0.166%**  0.111* 0.097 0.079 0.134%* 0.104
(0.053) (0.053) (0.070) (0.055) (0.057) (0.061) (0.069) (0.062) (0.062) (0.070) (0.053) (0.062) (0.072)
R-squared 0.567 0.577 0.351 0.393 0.319 0.510 0.555 0.476 0.330 0.380 0.489 0.495 0.303
SPX CCMP SPTSX MEXBOL IBOV  IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Window  Benchmark
ROL AR(3) 1.903%#* 1.798%%* 0.654 -0.709 0.096 -0.516 2.594 -0.758 1.539%%  1.427%*  0.954* 0.381 0.528
AR3)VIX  0.654 0.994* 1.377%* -0.905 0.327  -1.891  3.038*=x  -0.526 0.404 0.657 -0.142 0.913* 1.722%:*
AR(6) 3.032% 3.322%* 0.746 -0.102 0.362  -0.063  2.527*%x  .0.197 1.311%%  1.494%*  1.623** 0.607 1.721%*
AR(6)VIX  0.760 1.3917%* 1.183%* -0.785 0469  -1.925  3.384***  (.164 0.325 0.582 -0.301 0.888* 2.151%*
REC AR(3) 2.052%* 2.193%%%  0,704* -0.531 0212 -0491  2.499%+*  -0.776 1.684%*  1.598**  1.439%* 0.708* 0.796*
ARQ3)VIX 0.819* 1.662%%* 2.074%* -0.610 0477  -2.023  3.107**  -1.061 0.565 0.820* 0.088 1.010%* 1.920%*
AR(6) 3.371%%%  3.804%%*  0,939* 0.124 0519  -0.062 2.376%**  -0.513 1.546%%  1.760%**  2.244%%%  1,094%*  2,082%*
AR(6)VIX 1.148%* 2.068%* 2.408***  -(0.534 0.632 -1.993  3.033*=  -0.633 0.677 1.027%* -0.012 1.134%% 2,373
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Window  Benchmark
ROL AR(3) 1.945%* 2.150%* 0.168 0.803* -0.077 0.374 1.806%*  0.502 -0.248  -0.013 -0.869  1.705%*%  -0.216
ARQ3)VIX -0.185 0.229 2.891 -0.328 -0.617  1.131% 0.805* 0.124 -0.187  -0.083 -1.600  0.555 -0.245
AR(6) 2.122%* 2.080%* 0.238 0.651 0.011 0.654 1.579**  0.670 -0.517  -0.120 -0.695  1.407%F  -0.274
AR(6)VIX -0.399 0.064 1.951%* -0.254  -0.586  1.092* 1.372%%  -0.030 -0.140 -0.257 -1.583 0457 -0.354
REC AR(3) 2.382%%%  2.346%F*  (0.056 0.821*%  0.057 0.506 1.414%* 0477 -0.182  -0.123 -0.553  1.799%*%  -0.156
AR(3)VIX 0.390 0.101 2.579%*%  -0.023 -0.517  1.290%*  1.588**  0.496 -0.147  -0.202 -1.422  0.744* -0.014
AR(6) 2.553*%%  1,999%* 0.032 0.823*  0.068 0.721* 1.293%*%  0.663 -0.427  -0.170 -0.412  1.627*%*  -0.186
AR(6)VIX 0.413 0.215 1.811%* 0.098 -0.616  1.346**  1.786**  0.399 -0.082  -0.346 -1.350  0.858* -0.166

TABLE VI: In-sample (upper tables) and out-of-sample (lower tables) results for TRANS. The regression is performed on our own data for

a period starting from 2001-07 until 2019-09.

indices, as nearly all of them appear to have significant
estimated coefficients for MEC — UKX, CAC, DAX, IBEX,
AEX, OMX and MIB. The coefficient estimated for IBEX
appears to be the least significant, what is further revealed
in lack of significance in the out-of-sample results only for
that index. We hypothesise that this additional geographic
clustering in Europe and the Americas is due to both the
VMSTL and VPMFGL significantly reducing the number of
edges in our complete graph, causing information about intra-
continential patterns to be lost. Specifically, the asset graph we
use to compute transitivity has significantly more edges than
both the VPMFGL and the VMSTL. The MEC then appears
to effectively quantify this information from the asset graph,
exposing intra-continental patterns.

2) Transitivity: The in-sample results are also very promis-
ing for the transitivity (TRANS) metric. The estimated coeffi-
cients for TRANS are significant for 16 out of 26 indices. The
significance is present for the exact same indices as for MEC,

except from HSI, TWSE and IGBVL, which are significant
only at the 10% level for MEC. While IGBVL is not significant
in the out-of-sample results for either of the metrics, the HSI
is significant for most of the out-of-sample for both MEC and
TRANS metrics. It is evident that the significance of both of
our metrics very closely aligns with each other. Overall we
find that 16 that are significant at the 10% and 5% levels
and 11 that are significant at the 1% level. Additionally, all of
the AR(-1) coefficients are significant. The substantial number
of significant estimated coefficients implies Granger causality
between lagged transitivity of our asset graph and the RLV
of that particular country. Specifically, a greater proportion of
closed triplets in our asset graph implies a larger RLV in the
next period.

D. Out-of-sample Results

1) Mean Eigenvector Centrality: Considering recursive
time windows, for the AR(3) model the MEC significantly
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improves the prediction for 14 indices, 5 of which are sig-
nificant at the 1% level. For the AR(6) model we observe
16 significantly decreased squared errors for models with
the MEC metric as compared to the benchmark model, 8 of
which are significant at 1% level. Both models achieve higher
forecasting power in general than the VMSTL or VPMFGL.

The significance of the MEC metric decreases for nested
models benchmarked against the VIX, which is not surprising
given that VIX is a powerful predictor. For the AR(3)VIX
model we detect 10 indices for which the MEC metric
contributes significant predictive power to the model, while
the same is observed for 12 indices for the AR(6)VIX model.
Use of the MEC instead of the VMSTL as a forecasting tool
leads to greater robustness to benchmarks including the VIX
and ultimately reduced squared error losses.

For each of the benchmark models, the rolling window
forecasts provide worse results than the recursive window
forecasts, with fewer of the proposed models performing
significantly better than the benchmark models. Broadly, this
is to be expected, regression coefficients fitted on a greater
number of training samples should more effective predictors
of future outcomes.

2) Transitivity: Using recursive windows, TRANS applied
to the asset graph obtains 14 and 15 values significant at the
10% level for the AR(3) and AR(6) models, respectively. The
results also remain relatively robust to the VIX benchmarks,
we achieve 11 significant values at 10% on both the AR(3)VIX
and AR(6)VIX benchmark. These results are notably better
than those obtained in our VMSTL reproduction. Analogous
to MEC, out-of-sample results for rolling windows lead to
reduced significance as compared to the recursive window
scheme.

VII. CONCLUSION

After extensive systematic experimentation, we were able to
recreate the VMSTL results from Magner et al. Even given the
scale of ambiguity in the method presented, we are confident
in the reproduction of the VMSTL given how well the in-
sample coefficients align with the originals. We were not able
to reproduce the VPMFGL estimated coefficients as precisely
as those of the VMSTL. However, we can say with a degree of
certainty that the inclusion of VMSTL and, to a lesser extent,
VPMFGL does marginally improve one-step-ahead volatility
forecasts, at least against the benchmarks presented. Also of
note is the continental heterogeneity which emerges when
using these metrics.

The aforementioned lack of robustness, both to different
time periods and to heterogeneous global indices motivated
us to search for new graph metrics. We observe that the asset
graph retains a lot of potentially useful additional edges com-
pared to the PMFG and MST. The question then becomes, how
do we choose to quantify this new, more complex topology?
Clearly, we need a measure more nuanced than the sum of
edge weights. First, transitivity is used to determine the extent
to which nodes tend to cluster together, as measured by the
fraction of connected triples of nodes which ultimately form
triangles. We find that a greater proportion of closed triples in

our asset graph implies a larger RLV in the next period. Next,
we use the MEC to characterise the extent to which the nodes
in the asset graph are influential upon each other. We find that
this predictor performs comparably to the transitivity metric
out-of-sample. Certainly, both of the proposed metrics are
substantially more effective than the VMSTL and VPMFGL.

We believe that this work demonstrates that there are signifi-
cant opportunities to improve volatility forecasting through the
use of network metrics. Although additional work will need
to be done to verify the robustness of these metrics against
more difficult benchmarks, we believe this work represents a
first step towards developing more nuanced graph techniques
which can capture the complex inter-index correlation patterns
which partially drive global volatility trends.

A. Future Work

As briefly mentioned in the conclusion section, one of
the notable further work directions would be the usage of
more recent and better benchmarks in order to assess the
performance of our metrics. For example, in a 2015 publi-
cation on realized volatility forecasting, Vortelinos suggests
that GARCH and HAR models are currently considered the
best models for realized volatility forecasting [42]. Hence, it
would be interesting to compare the investigated MEC and
TRANS models to these more advanced benchmarks.

Furthermore, until now our investigation has focused on
one-step forecasting, the results of which appeared to be
promising for both MEC and TRANS. Therefore, it seems
to be necessary to follow this research with an investigation
into whether these metrics also provide predictive power to the
multi-step ahead forecasting framework, such as the approach
presented by Santos and Ziegelmann [35].

Lastly, it could be interesting to connect our research area
with information theory. A first idea for future work in this
domain would be to use the mutual information (MI) between
two variables as defined by Shannon [38]; in our case the
variables could be the monthly returns of two indices. The
nature of this metric could make it an interesting alternative to
the Pearson correlation. Future work could thus be to compute
the MI matrix instead of the correlation matrix and then
continue with our existing metrics. We have taken some first
steps towards implementing this, however, thus far the results
do not appear to be as promising as those achieved with our
graph metrics. We imagine this to be an interesting area of
future research.

Related to this idea, another area for future work could be to
explore the power of the information dissipation length (IDL)
metric as defined by Quax et al. [33]. They define IDL as
the “halftime of the mutual information between [interest rate
swaps (IRS) with] maturity 1 and ¢ for increasing ¢~ [33]]. They
found this metric to have potential as an early-warning signal
for crises in financial markets. It could be interesting to explore
this metric in our context; here it could be feasible to compute
the IDL as the halftime of a decaying exponential fitted to the
sorted MI between indices, or the IDL of a particular index
with itself over time. Given that this metric has already been
shown to be useful as an early-warning signal, it could be
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very interesting to explore its power in forecasting realised
volatility.
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SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Variable
c SLA66FEE 12625 L1.209%E  Q031FEE  LEOTEE  L2.601F  L33TwE 1542%E (L4848 1390%F  1201%E L1307 _1159%E
(0.407) (0.344) 0.327) (0.396) (0.282) (0.454) (0314) (0353) (0.318) (0.282) (0.276) (0.267) (0.232)
VMSTL(-1) 0.233 0.125 0.043 0.364 0.440 0.196 0.578 0.225 -0.353 -0.609 -0.380 -0.252 -0.294
0.351) 0.318) (0.349) (0.354) (0.302) 0.331) (0.356) (0.386) (0.368) (0.381) (0.418) (0.349) (0.356)
AR(-1) 0.477%%* 0.436%** 0.513%** 0.518%** 0.4407%** 0.487%** 0.433%%* 0.489%** 0.493%%* 0.454%%* 0.533#%* 0.547%%* 0.5327%**
0.077) (0.074) (0.103) (0.075) (0.087) (0.075) (0.063) (0.066) (0.073) (0.087) (0.083) (0.063) (0.076)
AR(-2) 0.188%% 01955  0228**  0.027 0.185%  0.021 0.116 0.179%  0.153* 0244555 0.156* 0.1575%  0.218%*
(0.070) (0.062) (0.092) (0.063) (0.072) (0.082) 0.073) (0.084) (0.087) (0.083) (0.091) (0.068) (0.087)
AR(-3) 0.100 0.155%* 0.053 0.098* 0.047 0.059 0.178%** 0.085 0.119% 0.072 0.095 0.077 0.052
(0.061) (0.062) (0.063) (0.056) (0.049) (0.073) (0.058) (0.083) (0.062) (0.059) (0.061) (0.051) (0.056)
R-squared 0.461 0.490 0.527 0.313 0.332 0.252 0.344 0.444 0.487 0.503 0.534 0.523 0.566
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Variable
C SL228EE L 144 L1752 065 19320k L1.206%E  LLO90REE  .1204%EE 2034w 212 L4498 ] 536REE 243w
(0.274) (0297 (0322) (0.344) (0383) 0327) (0.247) (0.286) (0.383) (0.440) (0.285) (0331) (0.539)
VMSTL(-1) -0.384 -0.433 0.030 -0.509 -0.686* -0.481 -0.474 -0.460 -0.055 -0.383 -0.221 -0.343 -0.561*
(0.443) (0356) (0363) (0.379) (0.401) (0.310) (0.344) 0317) (0.348) (0.345) (0.413) (0374 (0.286)
AR(-1) 0.482%%* 0.482%%* 0.485%%* 0.415%** 0.350%** 0.4427%%* 0.464%** 0.355%#* 0.465%** 0.355%#* 0.4827%** 0.507 0.337%%
(0.096) 0.077) (0.085) (0.092) (0.067) (0.063) (0.105) (0.078) 0.071) (0.066) (0.081) 0.073) (0.062)
AR(-2) 0.2487%** 0.210%%* 0.138* 0.231 %% 0.265%** 0.233#* 0.197%* 0.263*** 0.095 0.254%%* 0.212%* 0.138 0.22] %%
(0.088) (0.078) (0.076) (0.078) (0.080) (0.089) (0.090) (0.081) (0.078) (0.080) (0.090) (0.089) (0.061)
AR(-3) 0.073 0.111* 0.045 0.040 0.051 0.103 0.148+* 0.165%** 0.109% 0.101 0.075 0.120* 0.097
(0.055) (0.056) (0.070) (0.058) (0.056) (0.063) 0.072) (0.063) (0.061) 0.071) (0.054) (0.062) (0.070)
R-squared 0.550 0.554 0.348 0.386 0.332 0.512 0.554 0.476 0.329 0.384 0.489 0.478 0.316
SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Window  Benchmark
ROL AR(3) 0.004 -0.031 -0.150 0.349 0.850*  0.145 0.963* 0.467 -0.482  0.001 -0.687  -0.631  -0.093
AR(3)VIX 0.042 0.009 0.211 -0.042 0.226 -0.164  0.320 -0.039 -0.321  -0.327 -0.901 -0.005 0.144
AR(6) -0.007  -0.023 -0.148 0.567 0.784*  0.152 1.274%* 0.323 -0.426  0.193 -0.570  -0.886 -0.171
AR(6)VIX 0.100 0.122 0.266 0.019 0.233 -0.159  0.346 -0.087 -0.344  -0.286 -0.793  -0.343  -0.259
REC AR(3) -0.009 -0.074  -0.267 0.120 0.561 -0.010  0.679 0.130 -0.310  0.296 -0.026  -0.223  0.092
AR(3)VIX -0.050  -0.112  0.208 -0.259 0.038 -0.211  0.270 -0.227 -0.329  -0.156  -0.297  0.131 0.158
AR(6) 0.071 0.012 -0.258 0.518 0.613 0.103 1.188** 0.099 -0.214  0.292 0.020 -0.416  -0.102
AR(6)VIX -0.011  -0.058 0.201 -0.181 -0.095  -0.189 0475 -0.208 -0.296  -0.158 -0.253  -0.028 -0.008
AEX OMX RTS SMI NKY HSI KOSPI TWSE ICI FBMKLCI  STI ASX NZSE
Window  Benchmark
ROL AR(3) -0.430  -0.359  -0.194 -0.504 0.194 -0.153  0.619 -0.217 -0.943  -0.521 -0.421  -0.475 0.525
AR3)VIX -0.288  -0.190 -0.223 -0.884 -0.724 -0.227 0425 0.621 -0.550  -0.050 -0.013  -0.279  0.153
AR(6) -0.346  -0.174 -0.254 -0.534 0.270 -0.132 0465 -0.368 -1.144  -0.659 -0.765 -0.392  0.641
AR(6)VIX -0.236  -0.149 -0.171  -0.777 -0.510 -0.294  0.595 0.529 -0.447  -0.099 -0.040  -0.312  0.239
REC AR(3) -0.092  0.018 -0492  -0.336 0.573 0.160 0.089 -0.449 -1.051  -0.604 -0.339  -0.310  0.727*
AR3)VIX -0.148  -0.237 -0479 -0.868 -0.523 -0.141 -0.368 -0.135 -0.883  -0.199 -0.134  -0.293  0.269
AR(6) -0.078  0.182 -0.595  -0.387  0.520 0.255 -0.158 -0.571 -1.005  -0.595 -0.470 -0.212  0.775*
AR(6)VIX -0.143  -0.188 -0.586 -0.887 -0.335 -0.151 -0.398 -0.102 -0.842  -0.167 -0.047  -0.253  0.382

TABLE VII: In-sample (upper tables) and out-of-sample (lower tables) results for VMSTL.

for a period starting from 2001-07 until 2019-09.

The regression is performed on our own data
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SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Variable
C -1.466%*%  .1.262°%**  .]1.299%kk  2,032%kk  .1,606%F*  -2,606%FF  -1.341%kE ] 5448k L] 485% k.1 39 R .1,2092%kk 11,309 **  .],161%**
(0.408) (0.344) 0327) (0.396) (0.282) (0.456) 0314) (0353) 0318) (0282) (0276) (0.268) (0.232)
VPMFGL(-1) 0223 0.138 0.044 0337 0.474 0.107 0529 0.169 -0329 -0.638 -0.396 -0.169 -0.257
0371) (0332) (0.359) (0.382) (0320) (0.348) 0377) (0.394) (0.385) (0.390) (0.444) (0355) (0359
AR(-1) 0.4747%%* 0.438%** (.51 3% (.51 2% 0.4471 %% 0.476%** 0.427%%* 0.487%** 0.498* 0.455%#% 0.534%% 0.559%:#:# 0.539%:#%
(0.081) (0.076) (0.104) (0.078) (0.086) (0.075) (0.064) (0.066) (0.075) (0.085) (0.085) (0.063) (0.074)
AR(-2) 0.197 % 0.194%* 0.228%* 0.032 0.185%#% 0.030 0.120 0.182%** 0.148* 0.243%* 0.156* 0.144%* 0.212%*
(0.072) (0.063) (0.092) (0.063) (0.071) (0.082) (0.073) (0.084) (0.087) (0.081) (0.093) (0.067) (0.084)
AR(-3) 0.100 0.155%* 0.053 0.099* 0.047 0.060 0.179%** 0.084 0.119* 0.071 0.094 0.077 0.051
0.061) 0.062) (0.063) (0.056) (0.050) 0.073) (0.058) (0.083) (0.062) (0.059) (0.061) 0.051) (0.057)
R-squared 0.461 0.490 0.527 0.313 0.333 0.251 0.343 0.444 0.486 0.503 0.534 0.522 0.566
AEX OMX RTS SMI NKY HSI KOSPI TWSE icl FBMKLCI ~ STI ASX NZSE
Variable
C AL220%EE 143 LTS3 067 .1.922%E 1205%sE  10B9EEE  1293sE  2.034%sE  2119%EE  L44TEEE LS36EE 22405
(0.274) 0.297) (0.322) (0.343) 0.381) 0.327) (0.247) (0.286) (0.383) (0.441) (0.285) 0.331) (0.539)
VPMFGL(-1) -0.338 -0.444 0.041 -0.515 -0.760* -0.528 -0.528 -0.463 -0.099 -0.432 -0.290 -0.316 -0.619**
(0.466) (0.367) (0.384) (0.396) (0.418) (0.320) (0.357) (0.341) (0.361) (0.367) (0.422) (0.391) (0.293)
AR(-1) 0.497 %% 0.4847%** 0.486%** 0.417%%* .34 0.441 %% 0.4607%** 0.356%** 0.463%** 0.353%%* 0.475%** 0.506%** 0.333sk%%
(0.098) (0.078) (0.085) (0.093) (0.068) (0.064) (0.105) (0.080) 0.071) (0.067) (0.082) (0.075) (0.062)
AR(:2) 0.238%5% 0208+  (.137* 0229555 02685 0236%%F 02024 0263 0098 0256+ 0.219%%  0.133 0.225%%%
(0.089) 0.077) (0.075) 0.078) (0.081) (0.089) (0.090) (0.083) (0.078) (0.081) (0.089) (0.089) (0.061)
AR(-3) 0.073 0.111%* 0.045 0.039 0.052 0.102 0.147%%* 0.1647%** 0.108* 0.102 0.075 0.120* 0.097
(0.055) (0.056) 0.071) (0.058) (0.056) (0.063) (0.072) (0.062) (0.061) 0.071) (0.054) (0.062) (0.070)
R-squared 0.549 0.553 0.348 0.385 0.334 0.513 0.555 0.475 0.330 0.384 0.489 0.478 0.317
SPX CCMP SPTSX MEXBOL IBOV IPSA MERVAL IGBVL FTSE CAC DAX IBEX FTSEMIB
Window  Benchmark
ROL AR(3) -0.081  -0.057 -0.238 0.280 0.966*  0.064 0.558 0.299 -0.530  -0.160 -0.793  -0.795  -0.208
AR(3)VIX -0.053  -0.010  0.104 -0.163 0.260 -0.204  -0.109 -0.194 -0.319  -0393 -0.953 -0.014 0.025
AR(6) -0.126  -0.063 -0.241 0.376 0.847%  -0.002  0.804* 0.166 -0.459  0.138 -0.589  -1.012 -0.244
AR(6)VIX 0.019 0.097 0.158 -0.142 0.224 -0.227  -0.092 -0.204 -0.336 -0.272  -0.810 -0.394  -0.307
REC AR(3) -0.019  -0.052  -0.349 0.021 0.628 -0.082  0.335 -0.016 -0.316  0.177 -0.089 -0.349 0.014
ARQ3)VIX -0.051  -0.079  0.158 -0.335 0.084 -0.198  -0.159 -0.251 -0.296  -0.197 -0.313  0.161 0.113
AR(6) 0.015 0.019 -0.332 0.290 0.629 -0.043  0.856* -0.055 -0.205  0.279 0.033 -0.481  -0.090
AR(6)VIX -0.040 -0.042  0.173 -0.292 -0.032  -0.194  0.109 -0.210 -0.257 -0.163 -0.245 -0.011 -0.013
AEX OMX RTS SMI NKY HSI KOSPI TWSE JCI FBMKLCI  STI ASX NZSE
Window  Benchmark
ROL AR(3) -0.548 -0.385 -0.313  -0.655 0.459 0.014 0.494 -0.314  -1.053 -0.437 -0.449  -0.510  0.799*
ARQ)VIX -0.351  -0.202  -0.256  -0.949 -0.625 -0.156  0.638 0.431 -0.663  -0.160 -0.187  -0.282  0.426
AR(6) -0.448  -0.215 -0.377 -0.660  0.588 0.083 0.390 -0.389 -1.243  -0.631 -0.731  -0.421  0.887*
AR(6)VIX -0.268  -0.121 -0.239  -0.832  -0.368 -0.212 0.771%  0.395 -0.601  -0.178 -0.199  -0.306  0.487
REC AR(3) -0.163  0.044 -0.475  -0.469  0.874*  0.305 0.095 -0.469 -1.145  -0.524 -0.339  -0.303  0.880*
ARQ3)VIX -0.151 -0.188  -0.461 -0.845  -0.379 -0.054 -0.174 -0.180  -0.918  -0.307 -0.271 -0.260  0.450
AR(6) -0.102  0.211 -0.627  -0.488  0.868* 0.471 -0.085 -0.527 -1.106  -0.580 -0.442  -0.197  0.934*
AR(6)VIX -0.140  -0.134  -0.585 -0.870 -0.131 -0.062  -0.110 -0.107 -0.907  -0.271 -0.214  -0.217  0.508

TABLE VIII: In-sample (upper tables) and out-of-sample (lower tables) results for VPMFGL. The regression is performed

for a period starting from 2001-07 until 2019-09.

on our own data
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