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MOROCCAN STOCK
EXCHANGE MARKET
TOPOLOGY IN CRISIS
AND NON-CRISIS PERIODS

Abstract

This paper seeks to investigate the dynamics within the Moroccan Stock Exchange
(MSE) market topology in crisis and non-crisis periods using daily historical log re-
turns of sectoral indices covering the period from January 4, 1993 to September 9, 2021.
The study applies the Agglomerative Hierarchical Clustering (AHC) implemented on
the Dynamic Time Warping (DTW) distance matrix over ten sub-periods covering
numerous crises, from Subprime mortgage crisis to European debt crisis and finally
COVID-19 crisis. The obtained clustering results are gathered into a network to display
the cumulated interconnections between the sectoral indices. The findings showed that
the Casablanca Stock Exchange (CSE) market clusters composition is dynamic dur-
ing the studied period. Indeed, some sectoral indices demonstrated evidence of strong
similarities by gathering in the same cluster over numerous sub-periods as the couples
Electrical & Electronic Equipment and Transport or as Banks and Construction &
Building Materials sectoral indices. Moreover, the interconnections of CSE sectoral
indices are trend dependent. According to the obtained network, the Oil and Gas dem-
onstrated its centrality.

Keywords clustering, network analysis, stock market topology,
sectoral indices, financial crises
JEL Classification C38, D53, G11

INTRODUCTION

The adverse impacts of financial crises on the real economy are sub-
stantially significant, explained by a financial disorder that has two
immediate consequences. Firstly, the supply of credit from banks is
curtailed and interest rates are increased. This dissuades borrowers
from taking on debt. Secondly, borrowers became unable to repay
their loans due to the sudden devaluation of their assets. This credit
crunch led to a decrease in growth and eventually a recession. These
harmful consequences can cause a considerable drop in the perfor-
mance of sectors within the capital market. Therefore, the collapse of
one influential sector can lead to series of bankruptcies propagating
through complex linkages within the capital market topological struc-
ture and endangering the global state of the economy. These economic
upheavals have attracted much attention to the study of the sectoral
index interrelations and their topological structure evolution. Despite
this, there is a growing interest explained by the need of alternative
ways to analyze the stock market structure as a complex interconnect-
ed system.

The first attempt to analyze the topology of financial markets was per-
formed by Mantegna (1999), who proposed a novel approach to select-
ing topological space connecting financial market’s stocks using the
information present in time-series. Moreover, the interactions with-
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in the capital market are studied by using a sufficient clustering method presented by Murtagh and
Legendre (2011), in order to discover the inherent linkages within the capital market topological struc-
ture by creating a taxonomy classifying the capital market components based on their similarities.

The MSE market had experienced several crises during the last years, starting from the Subprime crisis
to the European debt crisis and finally the Coronavirus pandemic crisis, which negatively affected the
economy and especially sectoral activities. In such circumstances, it is crucial to understand the stock
market topology dynamics and identify its corresponding behaviors.

1. LITERATURE REVIEW

To understand the stock market behaviors across
different tendencies, this paper sheds light on the
stock market topology and its evolution over time.
Lahmiri (2016) studied the CSE market topolo-
gy co-movement as a complex network in differ-
ent market regimes by using the AHC based on
Hurst estimated exponents to partition sectoral
indices into groups; one of the main findings is
that the Hurst estimate rose during increasing re-
gimes compared to decreasing regimes. Huang et
al. (2021a) identified the determinant factors and
the market co-movement using the complex net-
work approach applied to the China Securities 300
index daily prices over the period from January
4, 2006 to December 31, 2019. This paper shows
that global efficiency, average clustering coefficient
and network density can bring an early warning
for possible future crises. Siudak (2021) used the
log-returns of 496 stock prices among the S&P 500
index to analyze the network topology of the eco-
nomic sectors and found that the central nodes
within the US stock market are utilities, consum-
er cyclical and industrials. Laha et al. (2020) used
the Topological Data Analysis techniques on data
from the Indian National Stock Exchange market
and proved that there are dependencies between
the stock prices and sectoral indices variations.
Jaroonchokanan et al. (2022) explored the hierar-
chical tree structure dynamics of 37 stocks within
the Stock Exchange of Thailand (SET) from 2008 to
2020 covering financial crises based on both Fisher
information and correlation. This approach proved
that the dynamic hierarchy leads to less-variant
clustering, which can bring insights on stock mar-
ket behavior in financial crisis periods. Tian et al.
(2019) investigated the impact of sectoral dynam-
ics on Chinese and American stock markets, es-
pecially during some extreme market events, and
realized that impulsive events can develop the sec-

http://dx.doi.org/10.21511/imfi.19(4).2022.22

tors’ statistical causality and improve the connec-
tions across sectors in the long run. Tsekeris (2017)
proposed an assessment of sectoral relationships
using networks analysis to the input-output ma-
trix of the intermediate transactions among the
Greek economic sectors for 2010 and found the
key sectors that have the ability to influence the
stability of the economic system. Di Matteo et al.
(2010) used the Minimum Spanning Tree on 300
most capitalized stocks data of the NYSE market
and observed that is mostly influenced by the fi-
nancial sector. Tabak et al. (2010) investigated the
commodities topology based on the Minimum
Spanning Tree and Ultrametric Hierarchical Tree
using daily prices of 20 commodities covering the
period from January 2, 1991 to February 8, 2008
and found that agriculture commodities are vital
in the obtained network. Lahmiri (2012) investi-
gated the topological dynamics of the NASDAQ
index before, during and after the subprime crisis
using the Hierarchical Clustering Trees on sectors
returns series and found several results. The author
proved that the sector clusters are trend dependent
and that some sectors tend to form the same cluster
during all the studied period. Huang et al. (2021b)
used Granger Causality and Engle-Granger tests
on the Chinese A-share market daily stock returns
and found that the interconnections linking stocks
can increase in response to the propagation of risk.
Liand Yang (2021) applied the Spectral Clustering
using the CSI 300 index data in order to analyze
the network topology patterns and identified the
key companies in the market. Li et al. (2019) built
a complex network using information from the
China Securities 300 and the S&P 500 indices to
prove that the network periphery is an identifica-
tion factor of optimal assets. Regarding numerous
articles in this area, there is still a need for academ-
ic research to continuously explore the complex in-
terrelations within the capital market topology in
an uncertain world. This paper seeks to explore
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the dynamics of the MSE market topology and to
highlight interrelations between its sectoral indi-
ces during various tendencies.

2. METHODOLOGY

2.1. Data

To study the complex dynamics of the MSE market
topology, the daily historical log returns of sectoral
indices covering the period from January 4, 1993
to September 9, 2021 are used. In this respect, the
data set consists of the sectoral indices represented
as follows: Forestry & Paper (PAP), Transport (TR),
Telecommunications (TEL), Holding Companies
(HOL), Investment Companies & Other Finance
(FIN), Real Estate Participation & Promotion
(PLA), Real Estate Investment Companies (IMM),
Materials Software & Computer Services (INF),
Transportation Services (STR), Mining (MIN),
Utilities (COL), Oil & Gas (P&G), Food Producers
& Processors (A&P), Insurance (ASS), Construction
& Building Materials (BTP), Beverages (BOI),
Chemicals (CH), Distributors (DIS), Electricity
(ELC), Electrical & Electronic Equipment (ELQ),
Pharmaceutical Industry (PHA), Engineering &
Equipment Industrial Goods (EQI), Leisure &
Hotels (L&H), Banks (BQ).

In this work, the time-series of sectoral indices are
partitioned into sub-periods using the structural
changes tests. Therefore, the Moroccan All Shares
Index (MASI) time-series is split using the Bai and
Perron (2003) Multiple Break-Point test and dates
are obtained according to the structural changes

in the MSE market. For 9 breaks equivalent to 10
sub-periods (Figure 1), the test statistic exceeds
the critical value (respectively 8.53 and 5.20) so
that the alternative hypothesis of a break is accept-
ed. Next, these results are taken as a reference to
split the time-series of all sectoral indices into pe-
riods. The studied period covers numerous crises,
going from Subprime mortgage crisis to European
debt crisis and finally COVID-19 crisis. Starting
by the Subprime crisis that revealed interdepend-
encies between financial markets worldwide. In
Morocco, a return spillover effect was present in
the MSE market in post-crisis period (El Ghini &
Saidi, 2017). The international trade and the world
demand of Morocco fell respectively by 11.9% and
10%. This drop has led to a 13.1% decline in the
volume of Moroccan exports of goods and servic-
es. Thus, the decrease in final household consump-
tion compared to its trend level reached 1.42% and
the decline in exports of goods and services was
1.01%. For the year 2009, the drop is more pro-
nounced, it is about 3.12% for consumption and
4.34% for exports, which negatively affected the
demand and therefore the growth. GDP fell by
2.46% in 2009, compared to its trend level. The de-
cline in growth led to a decrease in investment by
around 3.57% in 2009.

The seventh sub-period was characterized by nu-
merous events, the European sovereign debt crisis
affected the Moroccan economy due to their com-
mercial ties, knowing that 51.4% of Moroccan ex-
ports are destined to Euro zone, Morocco’s trade
deficit increased by 25% during 2011 to 185.7 bil-
lion dirhams, and the growth of GDP went from
5.246% in 2011 to 3.01% in 2012.

— 1
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Notes: The dashed line is used to represent the breaks, each break corresponds to a date, the line corresponds to the MASI
time-series. (1) represents the Subprime crisis period, (2) represents the European debt crisis period, and (3) represents the

COVID- 19 crisis period.

Figure 1. MASI break points
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The advent of the COVID-19 crisis caused a spec-
tacular drop during March 2020 with a contrac-
tion in the Moroccan economic activity of nearly
7%, the MASI had reached a record level of -8.82%
never recorded since the creation of the MSE mar-
ket, which experienced a brutal and unprecedent-
ed fall. Regarding the crisis impacts on some sec-
tors, the financial sector (insurance, banks and
finance companies) achieved a downward trend
of -22.8%. However, the sectoral performance of
the capital goods industry, building materials, re-
al estate and industrial engineering are, respec-
tively, -12.2%, -21.8%, -31.6% and -32.5%. Thus,
the capitalization of the construction sector went
from a significant capitalization of 78.812 bil-
lion in January to 59.764 billion dirhams in May.
Furthermore, the total capitalization of the indus-
trial sector went from 119.957 billion dirhams in
January to 100.691 billion dirhams by the end of
May; with a sharp decline of 21.10% in March due
to the spread of the Coronavirus in Morocco.

In this paper, one must check the clustering abil-
ity of the data by the Hopkins test (Hopkins &
Skellam, 1954). Then, the DTW method is used to
calculate the distances spacing time-series (Berndt
& Clifford, 1994). Next, the DTW results are em-
ployed on the AHC method to construct clus-
ters of sectoral indices over multiple sub-periods
(Ward Jr, 1963). Then, to prove the validity of the
clustering results, various cluster validity indica-
tors are called (Arbelaitz et al., 2013). The obtained
clustering results are gathered into a network to
display the cumulated interconnections between
the sectoral indices in the MSE market.

2.2. Hopkins test

Before applying the AHC, one must make sure
that the data set is not generated by a uniform dis-
tribution, which means a presence of meaning-
ful clusters within the data. For this purpose, the
Hopkins test is used to collect information about
the clustering tendency. Let

X:Zn:xl. and Y:iyj,
i=1 =l

respectively a collection of n and m patterns,
where m is much less than 7. Let u, and w, be de-
fined respectively as the minimum distance be-

@
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tween y, and its nearest point in X; and w, as the
minimum distance spacing a random pattern in X
and its nearest point. The Hopkins statistic is de-
fined by formula (2):

2,
U .
— Jj=1J
H - m + m
z‘,-:luj Zj:le

The interpretation of the Hopkins test is based
on the H statistic; the data set does not have the
clustering tendency if H is close to 0. On the oth-
er hand, if H is close to 1, it indicates a clustering
tendency, which means that the data set is signifi-
cantly clusterable.

@)

2.3. Dynamic time warping

The DTW consists in comparing the distance sep-
arating two time-series X and Y (unequal-length),
each alignment between x, and y, is represented by
a grid point (i, j). Moreover, the DTW computes
the pattern in such many-to-one or one-to-many
points as pointed in Figure 2(a) and determines
the optimal warping path between them. The
warping path

K
wW=>w, 3)

k=1
maps the X and Y time-series elements while
checking that the distance between them is mini-
mized. It should be noted that each w, corresponds
to a point (i, j),, as shown in Figure 2(b). In addi-
tion, the warping path W needs to fulfill some sets
of conditions as in Sakoe and Chiba (1978).

Aiming to formulate a dynamic programming
problem, let §(7, j) be the distance measure spacing
two elements x, and y, from each time-series and
define the DTW problem as a minimization of the
warping paths according to a cumulative distance
for each path.

DTW (XY )=min| % 5(w,) |

The cumulative distance ®(i, j) can be defined re-
ferring to the dynamic programming formulation
given by formula (5):

(i, j)=6(i,))+
+min| ®(i-1,7),®(i-1,j-1),®(i,j-1)].

)

®)
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The cumulative distance is represented as the total
of the minimum of accumulated distances of the
surrounding points and the distance between the
time-series elements. By using a backward, the op-
timal warping path can be found choosing at each
step the previous points according to the lowest
cumulative distance.

2.4. Agglomerative hierarchical
clustering

To implement the AHC based on the DTW re-
sults, there are different methods for clustering
(Murtagh & Contreras, 2012). The Ward linkage
implemented by the algorithm of Lance-Williams
is used, which is a part of numerous AHC algo-
rithms that consist of adjusting the cluster dis-
tances at each phase where the cluster pairs are
merged (Ward Jr, 1963; Murtagh & Legendre,
2011). Each pair of the merged clusters must result
in minimum raise in the sum of the intra-class in-
ertia; obtained by the weighted squared distance
calculated between the centers of the clusters. The
Ward method that minimizes the total intra-clus-
ter variance is applied on the DTW results to par-
tition the data. Suppose two clusters C, and C, are

combined, the updated distances spacing clusters
are given by a recursive formula. Noting that, d,,
d, and d, are the distances separating, respec-
tively, the clusters C, CJ and C, where the cluster
distance function d,, represents the distance be-
tween C,, (newly created cluster) and C,.

In this respect, an algorithm is affiliated to the
Lance-Williams family if d,, can be calculated re-
cursively by formula (6):

dy, =a,d, +0,d, +Bd, +y|d, —d,|. ©

The parameters «, 0, 8, and y change depending
|

on the clustering algorithm chosen. The Ward

method implemented by the Lance-Williams for-

mula is used, where C,C,C, and n, n, n, are, re-

spectively, the disjoint clusters and clusters sizes.

d(Cy.C)=ad(C,.C)+0,d(C;.C, )+ %
(60 (0. 4(6,6 )

For better understanding, one must present how it
works. Let C = : I ={1 : n} a group of individuals
with the gravity center g, partitioned in k classes

(b)

= ‘1'];)‘/_—/_!/'
4

Figure 2. An example of time-series alignment (a) and cumulative distance matrix (b)
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of size My My oo 1, presented as C,C,..,C, with
gravity centers g, g, ..., ,. The total cloud’s inertia
is given by:

1< 2
=_Zd(eiag) 9 (8)
n55
where the inter-class inertia is equal to
Zn d(g,.g) . ©)
and the 1ntra-class inertia is equal to
ZZd e gl (10)

i=1 eeC;
The Ward method consists of grouping the class-
es so that the increase in inter-class inertia is
maximal.

The AHC algorithm performs numerous steps.
Starting by considering each individual as a
cluster and getting N clusters for N individuals,
the distances between the clusters are calculat-
ed by the DTW method. Then comes the step
of determining the closest clusters so that they
can be combined into a single cluster using the
Ward method. Next, the distances spacing the
new cluster and the old clusters are calculated.
One must repeat these steps until all elements
are clustered. Several works studied the stand-
ardization of cluster scoring metrics using the
Cluster Validity Index (CVI) (Sarda-Espinosa
(2017). In this work, three indices are used,
Dunn index, Connectivity index, and Calinski
Harabasz index, to determine the quality of the
obtained partitioning (Dunn, 1973; Calinski &
Harabasz, 1974; Tasdemir & Merényi, 2011).

2.5. Network construction

After applying the AHC over multiple sub-peri-
ods, the obtained results are used to construct
an undirected weighted network in order to ex-
plore potential mechanisms underlying com-
plex network. Start by assuming G = (R, F, Q)
an undirected weighted network that includes a
set of vertices R = T Tyy s T, and a set of edges
F :fpfy ...,fn, representing the interconnections
between vertices for which an edgefl_j exists if (i,
j) individuals co-existed in the same cluster and
does not otherwise, and a set of edge weights Q
=W, 0, .. 0 representing the strength of the

http://dx.doi.org/10.21511/imfi.19(4).2022.22

interconnections between individuals for which
the weight w, indicates the number of co-exist-
ences between the couple (4, j) in the same clus-
ter over the studied sub-periods.

3. RESULTS

Table 1 displays the Hopkins statistics, which
shows that the used data set partitioning is pos-
sible, it can be seen that all statistics of the whole
studied sub-periods are close to 1. The next step
is to implement the DTW method on the AHC
algorithm.

Table 1. Hopkins test results

Sub-periods | Hopkins test : Sub-periods : Hopkins test
01 0.9817530 06 0.7269325

. 02 i . ‘O s . - O - 06991124 -

03 .,‘z...‘07778100...,i 0807819251

040691236209 .O 9559426,‘...

. 05 e 05897632 . - 10 i .O 7200521,‘ -

Figure A1 shows the application of multiple AHC,
where every heptagon represents a sectoral index,
every rectangle with rounded corners represents
a sub-period from P1 to P10, and every group
within rectangles with rounded corners consti-
tutes a cluster. Table 2 represents the three clus-
tering validity indices used in this paper to evalu-
ate and judge the quality of the obtained clusters.
Starting with the first indicator, the Dunn index,
which is an internal cluster metric that quantifies
the ratio of the smallest distance between points
in different clusters (better separation), and the
largest distance within any of the clusters (more
compact clusters). This measure lies between 0
(the worst classification) and +oo (the best clas-
sification). The Dunn index ranges from 0.8840,
which is the lowest level returning, to the 4
sub-period to 0.9726, which is the highest level
according to the 10" sub-period. Secondly, the
Connectivity index corresponds to the degree of
connectedness of each cluster by evaluating its
degree at each of all the nearest data points with-
in the same cluster. The connectivity index fluc-
tuates between 0 and +oo (should be minimized);
the results shows that it varies between 3.0290 re-
turning to the second sub-period, which is clearly
the best result over the studied sub-periods and

279



Investment Management and Financial Innovations, Volume 19, Issue 4, 2022

19.3901 relative to the 7" sub-period. Finally, the
Calinski-Harabasz index represents the relation-
ship between the sum of inter-clusters and in-
tra-cluster dispersion, the measure lies between
0 (the worst classification) and +oo (the best clas-
sification). One can clearly notice that the val-
ues obtained are included between 1.492466 and
4.977875, which corresponds, respectively, to the
5% and 1% sub-period. Referring to the clustering
validity indices, one can conclude that the parti-
tioning results are acceptable.

Table 2. Validation indices of sectoral index
clusters

Sub- | . | Connectivity ' Calinski-
. i Dunn index : . i .
periods : index i Harabasz index
01 0.9519 10.0115 4.977875
02 ; 0.9709 3.0290 2.111882
03 0.9380 9.4798 1.815822
04 0.8840 8.6119 1.509191
05 0.9241 8.8869 1.492466
06 0.9079 13.7893 1.578263
07 0.9123 19.3901 1.698532
08 0.9315 12.4306 1.848694
09 ‘ 0.9131 13.3849 2.615046
10 0.9726 9.1230 2.754604

g

Figure 3 shows the undirected weighted net-
work G that maps the interrelations between the
sectoral indices. Unlike classical cluster analy-
sis, which relies on a static overview of the parti-
tioning, this network puts light on the previous
results of clustering by drawing edges that high-
light historical interrelations between sectoral
indices for better understanding of coalitions
and interconnections between sectors.

Table 3 reports the rankings of the sectoral in-
dices in terms of network indicators. Starting by
Eigenvector Centrality (Bonacich, 2007), which
measures the influence of a node within a net-
work while giving consideration to the impor-
tance of its neighbors. The oil and gas, food
producers & processors and holding companies
are connected to numerous sectors; themselves
acquire high values of connectivity, which make
them the most influential sectors in the network.
Looking at Closeness Centrality (Cohen et al.,
2014) and the Harmonic Closeness Centrality
(Rochat, 2009), the oil and gas sector is the best
placed to influence the entire network most
quickly. Betweenness Centrality (Barthelemy,
2004) demonstrates that oil and gas sector rep-
resents a bridge between all nodes in the network.

Source: Own calculations. The graphs are generated using
Gephi Force Atlas 2 layout.

Notes: The width of the edges depends on the strength of the interrelation, the inner nodes represent the sectoral indices,
the node size is related to the number of edges incident on it, the strings mentioned in the nodes are the abbreviations of the

sectoral indices.

Figure 3. Undirected weighted network of sectoral indices of the MSE market
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Table 3. Networking indicators analysis

. ¢ Harmonic
i Eigenvalue :Closeness: i Betweenness
Rankg Centrality iCentraIityi Closeness Centrality
: : : Centrality
2 A&P HOL HOL CH
L3 ..HOL ASP . A& 1 COL . .
Aok o ook i EN
5 A&P DIS
B GG CH RO
7 FIN EQl
S
L.9.....BO  BOL_ . BOL . . BOL
10 DIS A&P
AL MING L UMING L MIN A
13 IMM
4 LB
15 L
16 INF
7. LLPHA
18 MIN
9. LBA
W20 BT
21 TEL
2. LLSTRL
23 LEC
24 PLA

4. DISCUSSION

The composition of the clusters shows that their
structure changes over time demonstrating the dy-
namic of the interrelations between the sectoral in-
dices. From the clustering results, some sectoral in-
dices demonstrated strong similarity by gathering in
the same cluster during most of the studied sub-pe-
riods, the couples (TR; PAP), (TR; BOI), (TR; ELQ)
and (BOJ; ELQ) persisted in the same cluster during
7 sub-periods. Moreover, (PHA; ELQ), (IMM; TEL),
(PAP; BOI), (PAP; ELQ) and (BTP; BQ) persisted in
the same cluster during 6 sub-periods. In addition,
the couples of sectoral indices that matched 5 times
in the same cluster are (BOIL; FIN), (BOL PHA), (BOI;
A&P), (BTP; ASS), (COL; TR), (P&G; HOL), (P&G;
FIN), (BQ; IMM) and (CH; MIN).

In addition, it can be noted that from the first in-
troduction of the insurance index to the MSE mar-
ket, it pertained to the same cluster with the bank
sector through the sub-periods preceding the 2008
crisis. Conversely, during all the sub-periods poste-

http://dx.doi.org/10.21511/imfi.19(4).2022.22

rior the Subprime crisis, these sectoral indices are
not combined into one group, which indicates a
change in the behavior of the bank-insurance activ-
ity post-subprime crisis. On top of that, the trio of
banking, real estate investment companies and its
upstream sector (construction and building materi-
als) are gathered in the same cluster only during cri-
sis sub-periods, meaning that negative shocks cause
an interrelation between the real estate value chain
and the banking sector. In addition, both leisure &
hotels and its sub-sector beverages match each other
consistently during and post Subprime crisis, dur-
ing the Euro Debt crisis and the pandemic crisis of
COVID-19, which explains the strong interdepend-
ence between the two sectoral indices in decreasing
regimes (Aratuo & Etienne, 2019). Knowing that, the
cyclical relationship between the real estate with its
upstream & downstream industries and banking
activity is not novel in the empirical finance litera-
ture. Albulescu et al. (2020) studied the relationship
between the US banking and real estate markets us-
ing a quantile causality framework and nonlinearity
tests to provide evidence of dual causality present in
the tail areas only. Considering the complex linkages
between real estate and bank sectors, the bank stock
market is likely affected by shocks in real estate pric-
es. Besides the findings discussed above, the pharma-
ceutical industry and transport sectoral indices are
grouped in the same cluster only in non-crisis win-
dows. In addition, the analysis of results showed that
during crisis periods, multiple sectors are gathered in
the same clusters, like a pair of oil & gas and holding
companies or transport and utilities, which belong
to the same clusters during crisis periods. Contrary
to the findings discussed above, the pharmaceutical
industry and transport sectors are regrouped in the
same cluster in non-crisis periods.

Indeed, both electrical & electronic equipment and
transport proved strong similarity. The arrival of
new sectoral indices on the MSE market is present-
ed in the periphery of the network with small size
nodes, like electricity and real estate participation &
promotion. According to the networking indicators
analysis, the node of oil & gas sector always domi-
nates the very advanced ranking, which allows us to
conclude that the oil & gas sector plays an important
influential role in the network, which is in line with
the findings of Memon et al. (2020), who proved an
economic expansion in the cement, fertilizers and oil
& gas sectors using networking indicators analysis.
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CONCLUSION

This paper investigates the topology of sectoral indices of the MSE market using daily log-return obser-
vations covering the period from January 4, 1993 to September 9, 2021. First, AHC integrated with DTW
distance measure over multiple sub-periods is performed to partition the data into clusters. Then, these
results are used to construct a network representation to display the interrelations between the sectoral
indices. Three major subtracted findings are presented as follows. Firstly, the clustering results show that
the number and the composition of clusters changed frequently over time, which indicates that the MSE
market topology is dynamic. Secondly, some sectoral indices provided evidences of specific behavior
over crisis and non-crisis periods. Thirdly, the network analysis clearly demonstrates that the oil and gas
sector mostly occupies a very advanced ranking in terms of the importance of each sectoral index in the
MASI network using networking indicators. This allows us to conclude that the MSE market influential
and potential leader sector is the oil and gas sector.
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Figure Al. Sectoral index clusters during crisis and non-crisis periods
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