
Chapter 12
Empirical Analysis of Market Connectedness
as a Risk Factor for Explaining Expected
Stock Returns

Shijie Deng, Min Sim, and Xiaoming Huo

12.1 Introduction

Analyzing financial asset returns by identifying market-wide risk drivers and
common firm-level characteristics that contribute to the explanation of expected
asset returns has evolved into one major research field in the development of the
modern asset pricing theory. The Capital Asset Pricing Model (CAPM) developed
by Treynor (1962, 1961, Market value, time, and risk, “unpublished”),1 Sharpe
(1964), Lintner (1965a,b), and Mossin (1966) initiated this strand of research,
which is referred to as the single-factor model. The single-factor model identifies
a single index, or a market portfolio, as the sole driver of the return of financial
assets and decomposes individual asset return risk into systematic and idiosyncratic
components.

Empirical studies based on the single-factor model report mixed findings in
validating CAPM as a positive economic model. Early studies such as Black et al.
(1972) and Fama and MacBeth (1973) find evidence supporting a linear relationship
between the average asset returns. A quantity measuring how asset returns covary
with the return of market portfolio, termed market beta, is found when the data
period is long. However, subsequent studies such as Fama and French (1992)
and Davis (1994) provide only weak evidence in supporting CAPM. Roll (1977)
points out that the CAPM cannot be empirically tested conclusively because of
the difficulty in measuring the risk-return characteristics of the market portfolio.

1See French (2003) for details of these references.
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Roll and Ross (1994), Kandel and Stambaugh (1995) demonstrate that even very
small deviations from the efficient portfolio can yield the linear relationship between
risk and expected returns insignificant.

The inconclusive empirical testing results of the single-factor model combined
with evidence on that firm-level fundamental variables such as earnings-to-price
(E/P) ratio (Basu (1977)) predict higher asset returns than those predicted by market
beta prompt that the market beta alone may not be able to explain the cross-sectional
variation in the asset returns. This leads to a growing research literature on extending
the single-factor CAPM to a multi-factor model by using firm-level fundamental
variables such as E/P ratio (Basu (1977)) and market value to book value ratio
(e.g., Rosenberg et al. (1985), De Bondt and Thaler (1987)), market-level variables
such as price momentum (Jegadeesh and Titman (1993)), and macroeconomic
variables such as trading liquidity (Paster and Stambaugh (2003)) to explain the
expected asset returns.

Even with the extended multi-factor models such as Rosenberg (1974), Roll and
Ross (1980), and Fama and French (1993), empirical studies with equity market data
still do not generate clear-cut positive results. Researchers are constantly searching
for alternative risk factors that may have stronger explanatory variables for the
cross-sectional asset returns. Paster and Stambaugh (2003) is one such example in
which the authors show that individual stock’s sensitivity to market level liquidity
innovation can be a significant driver for asset return variations. In a similar vein,
Sim et al. (2014) show that individual stock’s sensitivity to the overall market
connectedness forms a promising risk factor that helps to explain the expected stock
returns.

In this article, we introduce a quantitative measure for the connectedness of
financial markets as proposed in Sim et al. (2014). We demonstrate via empirical
tests using a two-factor model that the market connectedness measure holds
explanatory power the expected stock returns. The remainder of this article is
organized as follows. Section 12.2 presents the classical approaches for empirically
testing CAPM and its multi-factor extensions. The description of the alternative
measure for market connectedness and its construction are given in Sect. 12.3.
Empirical tests on whether the market connectedness corresponds to a new source
of systematic risk driving the stock returns are performed in Sect. 12.4. Finally, we
present results and conclude in Sect. 12.5.

12.2 CAPM and the Multi-Factor Asset Pricing Model

Let Rs, RM , Rf denote the returns of an asset s, the market portfolio M, and the risk-
free asset, respectively. CAPM specifies a linear relationship between the return of
any individual financial asset and that of a market portfolio. Namely,

EŒRs� D Rf C ˇs;M.EŒRM� � Rf / (12.1)
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where EŒ�� denotes expected value, and ˇs;M � Cov.Rs;RM/

�2
M

D �s;M
�s
�M

is the market

beta of asset s measuring the systematic risk exposure of the excess return of s to
the risk of the market portfolio M. In the definition of ˇs;M , �R and �s;M denote,
respectively, the volatility of R and the correlation coefficient between the returns
Rs and RM .

12.2.1 Empirical Testing of CAPM

Equation (12.1) is often referred to as the Security Market Line (SML) and it leads
to the usual form of the testing hypothesis of the empirical investigation of CAPM.

As CAPM is a single-period ex ante model and asset returns are not known in ex
ante, researchers use ex post returns to test CAPM instead. Specifically, market beta
of asset s is estimated through the following equation using historical data:

rs;t � rf ;t D as C ˇs;M.rM;t � rf ;t/ C �s;t; (12.2)

where in each period as is a constant return earned by asset s, rs;t is the return of
asset s at time t, rf ;t is the risk-free rate at time t, and �s;t is the noise in the realized
return of s. The estimated market beta ˇs;M is used as explanatory variable to test
the cross-sectional equation (12.3).

rs;t D ˛0 C ˛1ˇs;M C �s;t; (12.3)

where ˛0 is the expected return of a risk-free asset (or, a zero-beta portfolio), ˛1

is the expected excess return of the market portfolio (or, the market risk premium),
and �s;t is the noise term. If the cross-sectional test yields a statistically significant
value of ˛1, then the validity of CAPM is supported.

While initial empirical research such as Black et al. (1972), Fama and MacBeth
(1973) found supporting evidence of high beta assets tend to generate high level
of returns that is consistent with the linear relationship in (12.2), later research
working with a larger amount of historical data (e.g., Fama and French (1992),
Davis (1994)) found that the empirical evidence is rather weak. Further evidence
on the market portfolio falling short in fully explaining asset returns such as Basu
(1977), Banz (1981), Rosenberg et al. (1985), Jegadeesh and Titman (1993) sparks
a vast body of research on extending the CAPM model, in the spirit of the arbitrage-
pricing model of Ross (1976), to a multi-factor model as proposed by Fama and
French (1993, 1996), Carhart (1997), Frankel and Lee (1998), Paster and Stambaugh
(2003), among others.
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12.2.2 Multi-Factor Asset Return Model

In a general multi-factor asset return model, the excess return of asset s (namely, the
amount in excess to the risk-free return rate rf ), denoted by Nrs, is attributed to its
exposure to a set of Nc non-diversified systematic risk factors. Specifically, we have

Nrs D ˛ C
NcX

cD1

ˇs;cNfc C �s; (12.4)

where Nfc is the excess return of the cth systematic risk factor, �s is the asset-specific
residual after removing the impact of all factors from the excess return of asset s.
It represents the diversifiable risk that is specific to asset s, and ˇs;c measures the
exposure of the excess return of asset s to the systematic risk-factor c and is termed
factor beta.

Various types of observable variables have been proposed as alternative sys-
tematic risk factors. These include firm-level variables (e.g., earnings-to-price,
book-to-market, market capitalization level), market-level variables such as price
momentum, and macro-economics level variables such as liquidity. There are also
pure statistical factors obtained through analyzing the covariance matrix of asset
returns directly (see Connor and Korajczyk (2010) for an extensive review of the
risk factor models).

12.3 Market-Connectedness and Systematic Risk
in Asset Returns

As the scope of financial markets has been expanded tremendously over the recent
decades through introductions of vast amounts of stocks and diverse derivatives
products, a question arises as to whether this yields a more expanded investment
opportunity set for investors in general.

Anecdotal evidences indicate that the levels of interactions within and among
financial markets have increased significantly over the last decade. Thus the
expanding landscape of financial markets may not result in a much expanded
investment opportunity set. In fact, markets with highly correlated traded assets,
even with the total market capitalization being large, do not necessarily provide
diverse investment opportunities to market participants. Market participants must
comprehend the inter-related structures in markets in order to truly assess the
investment opportunity set so that they can practice portfolio diversification and
risk managements effectively.
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12.3.1 Alternative Measures for Financial Market
Connectedness

The research strand on the study of market connectedness2 has been growing and
focusing on quantifying the level of association in financial assets in order to assess
overall market structures from the perspective of a graph or a network. For example,
Billio et al. (2012) and Diebold and Yilmaz (2011) construct their connectedness
measures in financial institutions to measure the level of systemic risk during the
global recession period in 2007–2008 and provide empirical evidence that their
measures are related to the cycle of economy.

In analyzing the connectedness of financial markets and its impact on the
investment opportunity set, Sim et al. (2014) propose a market connectedness
measure, termed modularity, to quantify the level of connectedness of financial
markets. They take a different approach to quantify the market connectedness
through analyzing the clustering tendency in stock markets.

According to recent studies, the cluster property, where entities with similar
characteristics tend to form a subgroup or a cell, is one of the most evident
and important structural properties in financial markets. Materassi and Innocenti
(2009) provide empirical evidence that the major stocks in the US can be drawn
in tree structure, a special case of cluster structure, where branches of the tree
connect the highly correlated stocks together. Pojarliev and Levich (2010) classify
foreign exchange investing funds into two groups and proposed a few crowdedness
measures for co-movement tendency of market participants. Chandrasekaran et al.
(2012) conduct an empirical analysis on the US stock market through a hidden
Gaussian graphical model, which shows that the clustering tendency across the
universe of stocks is observable even after eliminating a few common drivers of
the stock market.

Following the clustering studies in Materassi and Innocenti (2009) and Chan-
drasekaran et al. (2012), Sim et al. (2014) classify the correlation elements in
stock markets into two groups: one group containing stocks that tend to be highly
correlated with each other and the other group containing stocks that fluctuate along
with the flucturation of the cycle of economy. Connectedness measures are then
constructed by measuring the relative difference between the respective average cor-
relations of the two groups. The relationship between the proposed connectedness
measure and the movements of individual stocks are further explored.

2The development of this line of study is largely grounded in the development of graph theory or
network theory that are actively studied in the various disciplines such as combinatorics, computer
science, physics, and (bio)-statistics.
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12.3.2 Market Connectedness Measure: Modularity

This section offers a bottom-to-top approach for constructing the modularity
measure using Pearson’s pairwise correlation. Let C.i; j/ denote Pearson’s pairwise
correlation between two stock returns. Namely,

C.i; j/ � �i;j D Cov.ri; rj/

std:dev:.ri/std:dev:.rj/
(12.5)

where ri and rj are the returns of stock i and j, respectively. Using pairwise
correlations as a building block, the connectedness between two groups of stocks
is defined as follows:

C.A; B/ WD Mean .fC.i; j/j8i 2 A; 8j 2 B; i ¤ jg/ (12.6)

where A and B are two groups of stocks, and Mean.�/ calculates the mean of
elements in a set. Note that the groups A and B are allowed to have overlaps (or, even
be identical to each other). The condition i ¤ j excludes trivial self-correlations for
overlapping stocks.

Let V denote the universe of stocks considered for investment in the market.
A partition P of V is defined as P D fV1; V2; : : : ; Vkg, where V D Sk

cD1 Vc; Vi \
Vj D ;, and Vi denotes the ith sub-group of stocks. Each sub-group is termed a
cell. Clustering or cluster analysis on correlation matrix is a task of finding the best
partition P for V such that the pairwise correlation of returns between stocks within
each cell are generally higher than the return correlations of stocks that belong to
different cells.

The connectedness of stock returns in universe V is defined with respect to a
given partition P. Specifically, the inner-sector connectedness (INSC) is the average
of all pairwise correlations within the cells in the partition P,

INSC.P/ WD Mean

 
k[

cD1

fC.i; j/j.i; j/ 2 .Vc; Vc/; i ¤ jg
!

: (12.7)

Similarly, the inter-sector connectedness (ITSC) is defined as the average of all
correlations across the cells in the partition P. Namely,

ITSC.P/ WD Mean

0

@
k�1[

c1D1

k[

c2Dc1C1

fC.i; j/j.i; j/ 2 .Vc1 ; Vc2 /g
1

A : (12.8)

If the partition P exhibits a prominent cluster structure in the asset return correlation
matrix, then INSC(P) is expected to be much higher than ITSC(P), meaning that the
returns of assets in each cell of P are much more dependent on each other in their
own cell than they are with the returns of stocks in other cells. Therefore, a high
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INSC(P) in conjunction with a low ITSC(P) implies that the partition P represents
a very prominent clustering of asset returns in universe V while a low INSC(P)
combined with a high ITSC(P) implies the contrary.

The modularity of the asset returns in universe V with respect to the partition P is
defined as the difference between INSC(P) and ITSC(P) with an intuitive meaning
of capturing the significance of a clustering structure represented by partition P.
Namely,

MOD.P/ WD INSC.P/ � ITSC.P/: (12.9)

Clearly, identifying a clustering structure among the myriad of financial assets
traded in the markets, if such a structure exists, is a first important step towards
the understanding of connectedness of various financial markets. Sim et al. (2014)
adopt the Modulated Modularity Clustering (MMC) method proposed by Stone and
Ayroles (2009) for detecting the clustering structure in the financial security returns.

12.4 Modularity Index as a Systematic Risk Factor:
Empirical Analysis

In this section, we take 60 major stocks from the top of the Fortune 500 U.S.
firms, ranked by their operating revenue in 2011, as the universe of investment
opportunities and report the clustering structure obtained by applying the MMC
method. Pairwise return correlations are calculated based on daily return data from
the The Center for Research in Security Prices (CRSP) Database provided by
Wharton Research Data Services (WRDS).

Using the identified clusters as a partition, the market connectedness measures
and the modularity index are computed. We demonstrate that one may construct
portfolios using US equities based on their sorted beta with respect to the modularity
index and generate excess returns, which is greater than what is predicted by a
CAPM model.

12.4.1 Clusters of Asset Returns over a Long Period

The pairwise return correlations of the 60 stocks (full-list given in Table 12.1) are
computed using the daily close price in CRSP from 1/1/2002 to 12/31/2011 to form
a sample correlation matrix. Twelve clusters (or, cells) are obtained after applying
the MMC algorithm to this sample correlation matrix. The identified clusters are
given in Fig. 12.1. Note that the partitioning clusters identified by the MMC method



282 S. Deng et al.

Ta
bl

e
12

.1
L

is
to

f
60

st
oc

ks
ch

os
en

ba
se

d
on

20
11

Fo
rt

un
e

50
0

ra
nk

in
g

R
ev

en
ue

s

($
m

ill
io

ns
)

SI
C

SI
C

C
el

l
T

ic
ke

r
C

om
pa

ny
na

m
e

(i
n

20
11

)
co

de
de

sc
ri

pt
io

n

1
C

V
S

C
V

S
C

ar
em

ar
k

1
0
7
;7

5
0

59
12

R
et

ai
l-

D
ru

g
St

or
es

an
d

Pr
op

ri
et

ar
y

St
or

es

W
A

G
W

al
gr

ee
n

7
2
;1

8
4

59
12

R
et

ai
l-

D
ru

g
St

or
es

an
d

Pr
op

ri
et

ar
y

St
or

es

SY
Y

Sy
sc

o
3
9
;3

2
4

51
41

W
ho

le
sa

le
-G

ro
ce

ri
es

,G
en

er
al

L
in

e
(m

er
ch

an
di

se
)

E
SR

X
E

xp
re

ss
Sc

ri
pt

s
H

ol
di

ng
4
6
;1

2
8

80
93

Se
rv

ic
es

-S
pe

ci
al

ty
O

ut
pa

tie
nt

Fa
ci

lit
ie

s,
N

E
C

K
FT

K
ra

ft
Fo

od
s

5
4
;3

6
5

20
52

C
oo

ki
es

&
C

ra
ck

er
s

W
L

P
W

el
lP

oi
nt

6
0
;7

1
1

63
24

H
os

pi
ta

l&
M

ed
ic

al
Se

rv
ic

e
Pl

an
s

2
K

O
C

oc
a-

C
ol

a
4
6
;5

4
2

20
86

B
ot

tle
d

&
C

an
ne

d
So

ft
D

ri
nk

s
&

C
ar

bo
na

te
d

W
at

er
s

PE
P

Pe
ps

iC
o

6
6
;5

0
4

20
86

B
ot

tle
d

&
C

an
ne

d
So

ft
D

ri
nk

s
&

C
ar

bo
na

te
d

W
at

er
s

PG
Pr

oc
te

r
&

G
am

bl
e

8
2
;5

5
9

28
41

So
ap

an
d

O
th

er
D

et
er

ge
nt

s

PF
E

Pfi
ze

r
6
7
;9

3
2

28
34

Ph
ar

m
ac

eu
tic

al
Pr

ep
ar

at
io

ns

JN
J

Jo
hn

so
n

&
Jo

hn
so

n
6
5
;0

3
0

28
34

Ph
ar

m
ac

eu
tic

al
Pr

ep
ar

at
io

ns

M
R

K
M

er
ck

4
8
;0

4
7

28
34

Ph
ar

m
ac

eu
tic

al
Pr

ep
ar

at
io

ns

3
G

E
G

en
er

al
E

le
ct

ri
c

1
4
7
;6

1
6

35
11

T
ur

bi
ne

s
an

d
T

ur
bi

ne
G

en
er

at
or

Se
ts

D
O

W
D

ow
C

he
m

ic
al

5
9
;9

8
5

28
21

Pl
as

tic
M

at
er

ia
ls

,S
yn

th
R

es
in

s
&

N
on

vu
lc

an
E

la
st

om
er

s

JC
I

Jo
hn

so
n

C
on

tr
ol

s
4
0
;8

3
3

25
31

Pu
bl

ic
B

ld
g

&
R

el
at

ed
Fu

rn
itu

re

M
E

T
M

et
L

if
e

7
0
;6

4
1

63
11

L
if

e
In

su
ra

nc
e

PR
U

Pr
ud

en
tia

lF
in

an
ci

al
4
9
;0

4
5

63
11

L
if

e
In

su
ra

nc
e

4
X

O
M

E
xx

on
M

ob
il

4
5
2
;9

2
6

29
11

Pe
tr

ol
eu

m
R

efi
ni

ng

C
O

P
C

on
oc

oP
hi

lli
ps

2
3
7
;2

7
2

29
11

Pe
tr

ol
eu

m
R

efi
ni

ng

C
V

X
C

he
vr

on
2
4
5
;6

2
1

29
11

Pe
tr

ol
eu

m
R

efi
ni

ng

M
R

O
M

ar
at

ho
n

Pe
tr

ol
eu

m
7
3
;6

4
5

29
11

Pe
tr

ol
eu

m
R

efi
ni

ng

C
A

T
C

at
er

pi
lla

r
6
0
;1

3
8

35
31

C
on

st
ru

ct
io

n
M

ac
hi

ne
ry

&
E

qu
ip



12 Empirical Analysis of Market Connectedness as a Risk Factor for. . . 283

R
ev

en
ue

s

($
m

ill
io

ns
)

SI
C

SI
C

C
el

l
T

ic
ke

r
C

om
pa

ny
na

m
e

(i
n

20
11

)
co

de
de

sc
ri

pt
io

n

5
M

SF
T

M
ic

ro
so

ft
6
9
;9

4
3

73
70

Se
rv

ic
es

-C
om

pu
te

r
Pr

og
ra

m
m

in
g,

D
at

a
Pr

oc
es

si
ng

,E
tc

.

D
E

L
L

D
el

l
6
2
;0

7
1

35
70

C
om

pu
te

r
&

of
fic

e
E

qu
ip

m
en

t

IB
M

In
te

rn
at

io
na

lB
us

in
es

s
M

ac
hi

ne
s

1
0
6
;9

1
6

35
71

E
le

ct
ro

ni
c

C
om

pu
te

rs

A
A

PL
A

pp
le

1
0
8
;2

4
9

35
71

E
le

ct
ro

ni
c

C
om

pu
te

rs

U
T

X
U

ni
te

d
Te

ch
no

lo
gi

es
5
8
;1

9
0

37
24

A
ir

cr
af

tE
ng

in
es

&
E

ng
in

e
Pa

rt
s

H
PQ

H
ew

le
tt-

Pa
ck

ar
d

1
2
7
;2

4
5

35
71

E
le

ct
ro

ni
c

C
om

pu
te

rs

IN
T

C
In

te
l

5
3
;9

9
9

36
79

E
le

ct
ro

ni
c

C
om

po
ne

nt
s,

N
E

C

C
SC

O
C

is
co

Sy
st

em
s

4
3
;2

1
8

36
74

Se
m

ic
on

du
ct

or
s

&
R

el
at

ed
D

ev
ic

es

IN
T

L
IN

T
L

FC
St

on
e

7
5
;4

9
8

62
11

Se
cu

ri
ty

B
ro

ke
rs

,D
ea

le
rs

&
Fl

ot
at

io
n

C
om

pa
ni

es

A
M

Z
N

A
m

az
on

.c
om

4
8
;0

7
7

73
70

Se
rv

ic
es

-C
om

pu
te

r
Pr

og
ra

m
m

in
g,

D
at

a
Pr

oc
es

si
ng

,E
tc

.

6
C

A
H

C
ar

di
na

lH
ea

lth
1
0
2
;6

4
4

51
22

W
ho

le
sa

le
-D

ru
gs

,P
ro

pr
ie

ta
ri

es
&

D
ru

gg
is

ts
’

Su
nd

ri
es

M
C

K
M

cK
es

so
n

1
1
2
;0

8
4

51
22

W
ho

le
sa

le
-D

ru
gs

,P
ro

pr
ie

ta
ri

es
&

D
ru

gg
is

ts
’

Su
nd

ri
es

A
B

C
A

m
er

is
ou

rc
eB

er
ge

n
8
0
;2

1
8

51
22

W
ho

le
sa

le
-D

ru
gs

,P
ro

pr
ie

ta
ri

es
&

D
ru

gg
is

ts
’

Su
nd

ri
es

U
N

H
U

ni
te

dH
ea

lth
G

ro
up

1
0
1
;8

6
2

63
24

H
os

pi
ta

l&
M

ed
ic

al
Se

rv
ic

e
Pl

an
s

7
W

FC
W

el
ls

Fa
rg

o
8
7
;5

9
7

60
21

N
at

io
na

lC
om

m
er

ci
al

B
an

ks

JP
M

J.
P.

M
or

ga
n

C
ha

se
&

C
o.

1
1
0
;8

3
8

67
12

B
an

k
H

ol
di

ng
C

om
pa

ni
es

B
A

C
B

an
k

of
A

m
er

ic
a

C
or

p.
1
1
5
;0

7
4

60
21

N
at

io
na

lC
om

m
er

ci
al

B
an

ks

A
IG

A
m

er
ic

an
In

te
rn

at
io

na
lG

ro
up

7
1
;7

3
0

63
31

Fi
re

,M
ar

in
e

&
C

as
ua

lty
In

su
ra

nc
e

C
C

iti
gr

ou
p

1
0
2
;9

3
9

60
21

N
at

io
na

lC
om

m
er

ci
al

B
an

ks

8
SU

N
Su

no
co

4
5
;7

6
5

29
11

Pe
tr

ol
eu

m
R

efi
ni

ng

V
L

O
V

al
er

o
E

ne
rg

y
1
2
5
;0

9
5

29
11

Pe
tr

ol
eu

m
R

efi
ni

ng

E
PD

E
nt

er
pr

is
e

Pr
od

uc
ts

Pa
rt

ne
rs

4
4
;3

1
3

49
22

N
at

ur
al

G
as

T
ra

ns
m

is
si

on

(c
on

tin
ue

d)



284 S. Deng et al.

Ta
bl

e
12

.1
(c

on
tin

ue
d)

9
T

G
T

Ta
rg

et
6
9
;8

6
5

53
31

R
et

ai
l-

D
ep

ar
tm

en
tS

to
re

s

W
M

T
W

al
-M

ar
tS

to
re

s
4
4
6
;9

5
0

53
31

R
et

ai
l-

D
ep

ar
tm

en
tS

to
re

s

L
O

W
L

ow
e’

s
5
0
;2

0
8

52
11

R
et

ai
l-

L
um

be
r

&
O

th
er

B
ui

ld
in

g
M

at
er

ia
ls

D
ea

le
rs

H
D

H
om

e
D

ep
ot

7
0
;3

9
5

52
11

R
et

ai
l-

L
um

be
r

&
O

th
er

B
ui

ld
in

g
M

at
er

ia
ls

D
ea

le
rs

B
B

Y
B

es
tB

uy
5
0
;2

7
2

57
31

R
et

ai
l-

R
ad

io
,T

V
&

C
on

su
m

er
E

le
ct

ro
ni

cs
St

or
es

C
O

ST
C

os
tc

o
W

ho
le

sa
le

8
8
;9

1
5

53
30

Fo
od

&
D

ru
g

R
et

ai
le

rs

U
PS

U
ni

te
d

Pa
rc

el
Se

rv
ic

e
5
3
;1

0
5

42
15

C
ou

ri
er

Se
rv

ic
es

,E
xc

ep
tB

y
A

ir
in

du
st

ry

10
A

D
M

A
rc

he
r

D
an

ie
ls

M
id

la
nd

8
0
;6

7
6

20
75

So
yb

ea
n

O
il

M
ill

s

B
A

B
oe

in
g

6
8
;7

3
5

37
21

A
ir

cr
af

t

L
M

T
L

oc
kh

ee
d

M
ar

tin
4
6
;6

9
2

37
64

Sp
ac

e
Pr

op
ul

si
on

U
ni

ts
an

d
Pa

rt
s

11
F

Fo
rd

M
ot

or
1
3
6
;2

6
4

37
11

M
ot

or
V

eh
ic

le
s

&
Pa

ss
en

ge
r

C
ar

B
od

ie
s

D
IS

W
al

tD
is

ne
y

4
0
;8

9
3

79
96

Se
rv

ic
es

-A
m

us
em

en
tP

ar
ks

V
Z

V
er

iz
on

C
om

m
un

ic
at

io
ns

1
1
0
;8

7
5

48
13

Te
le

ph
on

e
C

om
m

un
ic

at
io

ns
(N

o
R

ad
io

te
le

ph
on

e)

T
A

T
&

T
1
2
6
;7

2
3

48
13

Te
le

ph
on

e
C

om
m

un
ic

at
io

ns
(N

o
R

ad
io

te
le

ph
on

e)

12
K

R
K

ro
ge

r
9
0
;3

7
4

54
11

R
et

ai
l-

G
ro

ce
ry

St
or

es

SW
Y

Sa
fe

w
ay

4
3
;6

3
0

54
11

R
et

ai
l-

G
ro

ce
ry

St
or

es



12 Empirical Analysis of Market Connectedness as a Risk Factor for. . . 285

Fig. 12.1 Cluster analysis with 10 years returns of 60 major stocks by MMC algorithm

do not exactly match with those categorized by the Standard Industry Classification
(SIC) codes (see Table 12.1). Based on this cluster partition, a modularity index,
MOD, is constructed from Eqs. (12.7), (12.8) and (12.9).

12.4.2 Modularity: A Systematic Risk Factor

To empirically test whether the modularity index MOD is a valid systematic risk
factor, we conjecture that the decile portfolio sorted by the individual stock’s
sensitivity to MOD would show significant differences in return. We follow a similar
regression procedure as that used by Fama and MacBeth (1973) to estimate the beta
of each stock with respect to MODt over time based on a two-factor model (namely,
setting Nc D 2 in model (12.4)). The detailed steps of the procedure are described
in Sim et al. (2014). After getting the beta-to-MOD of each stock, we construct
the decile portfolios based on sorted values of beta-to-MOD, where the top decile
portfolio consists of stocks with the least beta-to-MOD values.

Using data from the period of January 1992 to December 2011, Table 12.2
shows that beta-to-MOD sorted decile portfolio creates systematic return difference
that are not explained by CAPM. The first row presents the annualized return
and standard deviation of each decile portfolio. The last column corresponds to
the difference of 1-portfolio and 10-portfolio that is equivalent to the net zero
investment portfolio where investors buy the first decile and sell the last decile in
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Fig. 12.2 Cumulative return on enhancement scenarios with MODP

Table 12.3 Performance of enhanced market index portfolio (January
1992–December 2011)

MKT MKTC10 % MODs MKTC20 % MODs

Return (p.a.) 8:94 % 9:69 % 10:45 %

Std (p.a.) 15:46 % 15:44 % 15:57 %

SR (monthly) 0:109 0:123 0:136

the same amount. The second row present the level of alphas (and the t-statistics for
the null hypothesis of alphas being zero) when fitting the excess returns of the decile
portfolios to CAPM. Clearly, the return of the 1–10 portfolio reported in Table 12.2
cannot be fully attributed to that of the market portfolio in CAPM.

Indeed, the 1–10 portfolio based on the MOD factor enlarges the investment
opportunity set for investors. Figure 12.2 illustrates that, if one adds different
weights, such as 10 % and 20 %, of the 1–10 portfolio to the proxy market portfolio,
then the resulting overall portfolio outperforms the proxy market portfolio. The
corresponding Sharpe ratios are higher than that of the proxy market portfolio (see
the last row of Table 12.3).

12.5 Conclusion

In this article, a quantitative measure for quantifying the connectedness of financial
markets is briefly introduced. Through empirical tests, we demonstrate that this
alternative measure for market connectedness, termed modularity in Sim et al.
(2014), can act as a new risk factor for explaining the expected stock returns under
the multi-factor asset pricing model framework. Using the U.S. equity market data
from 1992 to 2011, decile portfolio analysis based on the beta-to-modularity indeed
generates significant excess returns that cannot be explained by CAPM. Empirical
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tests also reveal that the properly constructed decile portfolios based on asset return
sensitivity to market connectedness enhances investment performance by enlarging
the existing investment opportunity set.
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