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CHAPTER 11

Factors and Sectors in Asset Allocation: 
Stronger Together?

Marie Brière and Ariane Szafarz

11.1    Introduction

Factor investing has recently become a huge success in asset allocation 
(Ang 2014). But its supposed superiority over other portfolio management 
techniques has yet to be proven. To fill that gap, we lay down a challenge 
to factor investing by organizing a contest pitting it against a well-estab-
lished competitor, the classical industry-based approach to asset allocation 
(Sharpe 1992; Heston and Rouwenhorst 1994).1 We compare the perfor-
mance of factor-based and industry-based asset allocation strategies in the 
investment universe composed of US equities. We contrast the mean-vari-
ance performance of diversified portfolios made up of US industry sectors 
with diversified component portfolios of the five factors developed by Fama 
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and French (2015). We duplicate all the trials for long-only portfolios (no 
short sales) and long-short ones (unlimited short sales accepted).2 This 
duplication is a key aspect since factor-based asset management relies on 
short-selling and systematic portfolio rebalancing.

Our contest reveals no overall winner. In fact, we find superiority for 
each style depends on the specific time periods and investor restrictions. 
The alphas of factors with respect to the market inflate expected returns, 
while sectors reduce risks through high diversification potential. Factor 
investing tends to dominate when short sales are permitted. By contrast, 
when short-selling is excluded, industry-based allocation is preferable, 
especially for highly risk-averse investors. These results lead us to conjec-
ture that factors and sectors could be complementary investing styles, and 
that combining them should help enhance financial performance, at least 
under some configurations of short-selling ability and/or risk preferences. 
Our empirical investigation suggests that composite portfolios made up of 
sectors and factors are particularly attractive under two types of circum-
stances. First, for long-only portfolios during non-crisis periods, a mixture 
of sectors and factors largely dominates both factor-only and industry-only 
investment styles. Second, unconstrained investors will find it best to com-
bine sector and factor investments, especially during crisis periods. This 
chapter draws on the result that industry returns are difficult to explain 
using existing factors (Lewellen et al. 2010). It also confirms that industry 
portfolios can be used by investors facing portfolio restrictions (Bae et al. 
2016). Further research is needed to investigate the optimal way to com-
bine the different investing styles.

11.2    Data and Methods

Our investment universe is made up of US stocks listed on the NYSE, 
Amex, and Nasdaq, with a Centre for Research in Security Prices (CRSP) 
share code and positive book equity data over the period July 1963–
December 2016. We use the risk factors proposed by Fama and French 
(1992, 2015) and Carhart (1997). All our data are retrieved from 
Kenneth French’s website.3 They include (1) the size factor, Small 
Minus Big (SMB), which is the return on a portfolio of small stocks 
(bottom 30% in terms of market capitalization) minus that of a portfolio 
of big stocks (top 30% capitalization); (2) the value factor, High Minus 
Low (HML), equivalent to the return of a portfolio made of “value” 
stocks, that is, those with a high (top 30%) book-to-market ratio (book 
value of common equity divided by the market equity) minus that of a 
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portfolio of “growth” stocks (bottom 30% book-to-market ratio); 
(3) the momentum factor, Winners Minus Losers (WML), which is the 
return of a portfolio of best-performing stocks (top 30%) minus that of 
a portfolio of worst-performing stocks (bottom 30%) over the previous 
year; (4) the profitability factor, Robust Minus Weak (RMW), the dif-
ference between the returns on diversified portfolios of stocks with 
robust and weak operating profitability (the ratio obtained from divid-
ing annual revenues minus cost of goods sold and expenses by book 
equity); and (5) the investment factor, Conservative Minus Aggressive 
(CMA), the difference between the returns on diversified portfolios of 
low- and high-investment stocks. For each of these five long-short fac-
tors, we extract the long-leg and short-leg components. For example, 
from the SMB factor, we make two factor components: the first is made 
up of small stocks only, while the second is restricted to large stocks. 
Splitting similarly the five factors of Fama and French leaves us with ten 
factor components, which are (1) small, (2) big, (3) value, (4) growth, 
(5) robust profitability, (6) weak profitability, (7) conservative invest-
ment, (8) aggressive investment, (9) high momentum, and (10) low 
momentum. These components are considered as the elementary assets 
in optimal factor-based allocation.

As for sector investing, the dataset includes ten industry-based indices 
made up of U.S. stocks listed on the NYSE, Amex, and Nasdaq. Our sector-
based portfolios are constructed from ten sectors: (1) non-durable con-
sumer goods, (2) durable consumer goods, (3) manufacturing, (4) energy, 
(5) high tech, (6) telecom, (7) shops, (8) health, (9) utilities, and (10) others 
(mines, construction, building materials, transportation, hotels, entertain-
ment, finance, etc.). Finally, we recorded the market index returns (value-
weighted returns of all NYSE, Amex, or Nasdaq-listed US firms) and 
risk-free interest rates (one-month Treasury bill rate from Ibbotson 
Associates). To scrutinize the sensitivity of our results to market conditions, 
we used three different sample periods: (1) the full sample period; (2) the 
crisis period, which combines the recessions dated by the National Bureau 
of Economic Research with the bear-market periods identified by Forbes 
magazine; and (3) the non-crisis period.4 They include the oil-shock-driven 
financial crises in the 1970s, the 1987 stock market crash, the 1998 Asian 
crisis, the 2000 e-crash, and the recent subprime crisis (see Table 11.1). We 
are dealing with discontinuous crisis and non-crisis sample periods, this has 
become standard practice in the empirical literature on financial crises 
(Goetzman et al. 2005).
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The purpose of the contest is to examine the financial performance of 
factor and sector investing. In line with Ehling and Ramos (2006), we run 
tests on the mean-variance efficiency of the market portfolio in order to 
investigate the ability of factor-based and sector-based efficient frontiers to 
beat the market. The two tests we use for this are based on distances in the 
mean-variance plane. First, the test proposed by Basak et al. (2002) checks 
whether the horizontal distance between a portfolio and its same-return 
counterpart efficient portfolio is significantly positive. Second, the Brière 
et al. (2013) test is based on the vertical distance between a given portfo-
lio and its same-return counterpart on the efficient frontier. The two tests 
offer complementary views on the mean-variance attractiveness of efficient 
portfolios.

11.3    Descriptive Statistics

Panel A in Table 11.2 provides the figures for all ten sectors and the mar-
ket. The average annualized returns reveal that two sectors outperform all 
the others: non-durables (12.93%) and health (12.79%). The utilities, 
durables, and telecom sectors are the worst performers (10.01%, 10.23%, 
and 10.53%, respectively). The risk levels differ substantially across sectors. 
Volatilities range from 13.90% (utilities) to 22.26% (tech).5 Skewness is 
negative for all but three sectors (durables, energy, health). Kurtosis is 
higher than 3.0 (between 4.10 and 7.80). The Sharpe ratios range from 
0.45 (durables) to 0.85 (non-durables).

Table 11.1  Crisis periods

Start date End date Crisis type

Feb-66 Oct-66 Bear market
Nov-68 Nov-70 Bear market and recession
Jan-73 Mar-75 Bear market and recession
Jan-77 Feb-78 Bear market
Jan-80 Jul-80 Recession
Dec-80 Nov-82 Bear market and recession
Jul-83 Jul-84 Bear market
Sep-87 Nov-87 Bear market
Jun-90 Mar-91 Bear market and recession
Jul-98 Oct-98 Bear market
Mar-00 Oct-02 Bear market and recession
Oct-07 Jun-09 Bear market and recession

Sources: NBER and Forbes Magazine

  M. BRIÈRE AND A. SZAFARZ



T
ab

le
 1

1.
2 

D
es

cr
ip

tiv
e 

st
at

is
tic

s,
 s

ec
to

rs
, a

nd
 fa

ct
or

s,
 J

ul
y 

19
63

–D
ec

em
be

r 
20

16

Pa
ne

l A
: S

ec
to

rs

N
on

-d
ur

D
ur

ab
le

M
an

uf
E

ne
rg

y
Te

ch
Te

le
co

m
Sh

op
s

H
ea

lt
h

U
ti

lit
ie

s
O

th
er

s
M

ar
ke

t

M
ea

n 
(%

)
1.

08
0.

85
0.

97
1.

02
0.

99
0.

88
1.

03
1.

07
0.

83
0.

94
0.

90
A

nn
. m

ea
n 

(%
)

12
.9

3
10

.2
3

11
.5

9
12

.2
1

11
.8

4
10

.5
3

12
.3

1
12

.7
9

10
.0

1
11

.2
8

10
.8

3
M

ed
ia

n 
(%

)
1.

08
0.

81
1.

19
0.

93
0.

99
1.

02
0.

96
1.

13
0.

90
1.

37
1.

22
M

ax
im

um
 (

%
)

18
.8

8
42

.6
3

17
.5

1
24

.5
6

20
.7

5
21

.3
4

25
.8

5
29

.5
2

18
.8

4
20

.2
2

16
.6

1
M

in
im

um
 (

%
)

−
21

.0
3

−
32

.6
3

−
27

.3
3

−
18

.3
3

−
26

.0
1

−
16

.2
2

−
28

.2
5

−
20

.4
6

−
12

.6
5

−
23

.6
0

−
22

.6
4

St
d.

 d
ev

. (
%

)
4.

24
6.

27
4.

90
5.

42
6.

43
4.

61
5.

13
4.

85
4.

01
5.

27
4.

41
V

ol
at

ili
ty

 (
%

)
14

.6
9

21
.7

3
16

.9
6

18
.7

7
22

.2
6

15
.9

8
17

.7
7

16
.7

9
13

.9
0

18
.2

5
15

.2
8

Sk
ew

ne
ss

−
0.

26
0.

12
−

0.
47

0.
04

−
0.

22
−

0.
20

−
0.

25
0.

04
−

0.
08

−
0.

47
−

0.
50

K
ur

to
si

s
5.

14
7.

80
5.

62
4.

32
4.

38
4.

28
5.

54
5.

46
4.

10
4.

87
4.

95
Sh

ar
pe

 r
at

io
0.

85
0.

45
0.

66
0.

63
0.

51
0.

63
0.

67
0.

74
0.

69
0.

60
0.

68
A

lp
ha

0.
28

**
*

−
0.

12
0.

04
0.

21
−

0.
04

0.
09

0.
12

0.
24

**
0.

17
−

0.
02

0.
00

O
bs

er
va

tio
ns

64
2

64
2

64
2

64
2

64
2

64
2

64
2

64
2

64
2

64
2

64
2

Pa
ne

l B
: F

ac
to

r 
co

m
po

ne
nt

s

Sm
al

l
B

ig
Va

lu
e

G
ro

w
th

R
ob

us
t p

ro
fit

W
ea

k 
pr

ofi
t

C
on

se
rv

 in
ve

st
A

gg
re

s i
nv

es
t

H
ig

h 
m

om
Lo

w
 m

om

M
ea

n 
(%

)
1.

19
0.

93
1.

27
0.

88
1.

14
0.

90
1.

20
0.

89
1.

36
0.

69
A

nn
. m

ea
n 

(%
)

14
.3

3
11

.1
5

15
.2

3
10

.6
0

13
.7

4
10

.8
3

14
.4

0
10

.6
8

16
.2

9
8.

32
M

ed
ia

n 
(%

)
1.

63
1.

26
2.

00
1.

00
1.

33
1.

30
1.

47
1.

25
1.

81
0.

60
M

ax
im

um
 (

%
)

27
.1

2
16

.6
5

26
.0

0
18

.0
0

20
.2

6
21

.2
1

20
.2

1
21

.0
8

17
.4

9
40

.1
3

M
in

im
um

 (
%

)
−

29
.5

4
−

21
.4

1
−

24
.0

0
−

28
.0

0
−

25
.8

0
−

27
.5

2
−

25
.5

4
−

27
.7

7
−

27
.8

7
−

24
.8

2

St
d.

 d
ev

. (
%

)
5.

80
4.

34
4.

99
5.

47
4.

89
5.

61
4.

92
5.

61
5.

29
6.

24
V

ol
at

ili
ty

 (
%

)
20

.0
9

15
.0

2
17

.3
0

18
.9

3
16

.9
5

19
.4

3
17

.0
4

19
.4

3
18

.3
3

21
.6

1
Sk

ew
ne

ss
−

0.
45

−
0.

42
−

0.
47

−
0.

45
−

0.
55

−
0.

50
−

0.
51

−
0.

50
−

0.
62

0.
38

K
ur

to
si

s
5.

43
4.

88
6.

31
4.

72
5.

36
4.

92
5.

21
4.

73
5.

29
7.

00
Sh

ar
pe

 r
at

io
0.

69
0.

71
0.

86
0.

54
0.

79
0.

54
0.

82
0.

53
0.

87
0.

37
A

lp
ha

0.
21

*
0.

04
*

0.
36

**
*

−
0.

11
0.

21
**

*
−

0.
09

0.
27

**
*

−
0.

12
*

0.
40

**
*

−
0.

32
**

*
O

bs
er

va
tio

ns
64

2
64

2
64

2
64

2
64

2
64

2
64

2
64

2
64

2
64

2

So
ur

ce
: K

en
 F

re
nc

h’
s 

w
eb

si
te

 a
nd

 a
ut

ho
rs

’ c
al

cu
la

tio
n

Pa
ne

l A
 r

ep
or

ts
 t

he
 d

es
cr

ip
tiv

e 
st

at
is

tic
s 

of
 t

he
 t

en
 s

ec
to

rs
 (

no
n-

du
ra

bl
es

, d
ur

ab
le

s,
 m

an
uf

ac
tu

ri
ng

, e
ne

rg
y,

 t
ec

hn
ol

og
y,

 t
el

ec
om

, s
ho

ps
, h

ea
lth

, u
til

iti
es

) 
co

m
pa

re
d 

w
ith

 t
he

 m
ar

-
ke

t.
 P

an
el

 B
 p

ro
vi

de
s 

th
e 

de
sc

ri
pt

iv
e 

st
at

is
tic

s 
of

 th
e 

te
n 

fa
ct

or
 c

om
po

ne
nt

s 
(s

m
al

l, 
bi

g,
 v

al
ue

, g
ro

w
th

, r
ob

us
t p

ro
fit

ab
ili

ty
, w

ea
k 

pr
ofi

ta
bi

lit
y,

 c
on

se
rv

at
iv

e 
in

ve
st

m
en

t,
 a

gg
re

ss
iv

e 
in

ve
st

m
en

t,
 h

ig
h 

m
om

en
tu

m
, l

ow
 m

om
en

tu
m

).
 A

lp
ha

s 
of

 s
ec

to
rs

 a
nd

 fa
ct

or
 c

om
po

ne
nt

s 
re

la
tiv

e 
to

 t
he

 m
ar

ke
t 

ar
e 

pr
ov

id
ed

 w
ith

 t
he

ir
 s

ig
ni

fic
an

ce
 le

ve
l. 

T
he

 s
am

pl
e 

co
ve

rs
 t

he
 

pe
ri

od
 J

ul
y 

19
63

–D
ec

em
be

r 
20

16
. *

**
, *

*,
 *

: s
ig

ni
fic

an
t 

at
 t

he
 1

%
, 5

%
, a

nd
 1

0%
 le

ve
ls

, r
es

pe
ct

iv
el

y



296 

Panel B in Table 11.2 gives the corresponding information for our 
ten factor components. The annualized returns range from 8.32% (low 
momentum) to 15.23% (value). Volatilities lie between 15.02% (big) 
and 21.61% (low momentum). Skewness is negative for all factor com-
ponents, except low momentum. The highest absolute value of skew-
ness (0.62) corresponds to high momentum. This is consistent with the 
evidence reported by Daniel and Moskowitz (2016) and Barroso and 
Santa-Clara (2015) to the effect that, despite attractive Sharpe ratios, 
momentum strategies can lead to severe losses, making them unappeal-
ing for investors sensitive to extreme risks. Kurtosis ranges between 
4.72 and 7.00. The Sharpe ratios range from 0.37 (low momentum) to 
0.87 (high momentum), showing a slightly higher performance disper-
sion than for sectors. Six of the ten factor components generate signifi-
cantly positive alphas. The five long legs of the Fama and French factors 
(small, value, robust profit, conservative investment, and high momen-
tum) have positive alphas since they were built for that specific purpose. 
More surprisingly, the “big” factor also exhibits a significantly positive 
alpha.

Table 11.3 reports intra-group pairwise correlations, as well as cor-
relations with the market, for sectors (Panel A) and factor components 
(Panel B), respectively. The average correlation computed for factor 
components (0.92) is much higher than for sectors (0.65). The high 
average correlation tends to indicate that diversification benefits will be 
harder to capture with factors than with sectors. However, correlations 
among sectors exhibit substantial heterogeneity. High correlations 
(above 0.80) are found for manufacturing, shops, and the last sector 
(“others”), which includes finance. In contrast, the correlations 
between the returns of utilities and durables, and between the returns 
of energy and tech are particularly low (0.42 and 0.45, respectively). 
The manufacturing sector is highly correlated with the market (0.94). 
Correlations between factor components are far more homogeneous, 
ranging from 0.74 (between low and high momentum) to 0.99 
(between growth and aggressive investment). As expected, the highest 
correlation with the market is found for big stocks, which have the 
highest capitalization, and thus the largest share of the investment 
universe.
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11.4    Contest

We consider six scenarios, which combine three sample periods (full sam-
ple period, crisis, non-crisis) with long-only and long-short portfolios. In 
each case, we determine two efficient frontiers, the first built from the ten 
sectors, the second from the ten factor components. Figure 11.1 shows 

Fig. 11.1  Efficient frontiers: Sector investing and factor investing
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the efficient frontiers and the market portfolio. For long-only investments, 
no frontier dominates any other. Figure 11.1a illustrates that the risk levels 
reached by sector-based portfolios are disconnected from those accessible 
with portfolios composed of factor components. This is because investors 
with high risk aversion will prefer diversified industry-based portfolios, 
whereas less risk-averse investors will prefer the opportunities based on 
factor components, which capture higher risk premia at the cost of higher 
levels of risk. Yet, a small portion of the factor-based frontier (expected 
return below 13%) is dominated by sector-based portfolios, meaning that 
investors holding these low-return portfolios made up of factor compo-
nents are worse off than those holding sector-based portfolios. This domi-
nance effect is stronger during crises (Fig. 11.1c), but it disappears during 
the non-crisis periods (Fig. 11.1e). For long-only portfolios, sector invest-
ing is a better strategy in troubled times, regardless of the investor’s level 
of risk aversion.

The picture is different for long-short portfolios, where factor compo-
nents perform much better than their sector-based competitors. For the 
full sample (Fig. 11.1b), factor investing beats sector investing in every 
respect, since its efficient frontier sits uniformly above the other one. The 
same evidence applies to non-crisis periods (Fig. 11.1f) except for the far-
left tail of the frontiers. The situation is more balanced for the crises 
(Fig. 11.1d), where the two frontiers intersect, so that sector investing 
looks particularly attractive to investors with high risk aversion, and 
portfolios composed of factor components are more suitable for their 
more risk-tolerant counterparts. The possibility of shorting allows inves-
tors to keep positive expected returns, which contrast with both the long-
only frontiers and the market index during crises.

To test whether our style-based portfolios outperform the market, we 
use both the Basak et  al. (2002) test, which computes the horizontal 
distance between the market portfolio and its same-return counterpart effi-
cient portfolio, and the Brière et al. (2013) test, which exploits the vertical 
distance between the market portfolio and its same-variance counterpart 
efficient portfolio. In the few cases where the counterpart is inexistent 
(see Fig. 11.1), we use its closest proxy, located on the efficient frontier 
either on the left for the vertical test or upwards for the horizontal test. 
Table 11.4 reports the results. The winning style is such that it beats the 
market with the greatest distance, provided that this distance is significant 
at the 5% level. Table 11.4 presents the test results corresponding to the 
graphs in Fig.  11.1. They use geometric distances between the market 
portfolio and the efficient frontiers.
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The results in Panel A (long-only portfolios) show that sector investing 
is the winner for all trials that are not draws. All three winners of 
horizontal-distance contests are sector-based. These findings confirm the 
visual impression from Fig. 11.1 that sector-based long-only optimal port-
folios are less risky than their counterparts using factor components. Less 
expectedly, Panel B indicates that the same holds true for long-short port-
folios in the full sample period and during crises. The result is reversed for 
non-crisis periods when factor investing manages to significantly mitigate 
market risk. When short sales are authorized, investing in factor compo-
nents gives its full potential in enhancing expected returns and wins the 
three contests relying on the vertical distance. Overall, the winning style 
for long-only is sector investment and the winning style for long-short 
portfolios is factor investment. The left-hand side of Table 11.4 indicates 

Table 11.4  Contest between sector investing and factor investing

Style Sector 
investing

Factor 
investing

Winner Sector 
investing

Factor 
investing

Winner

Beating the market on expected returns: 
Vertical distance

Beating the market on volatility: 
Horizontal distance

Panel A: Long-only portfolios

Full 
sample

0.0017* 0.0011*** = 0.0007*** 0.0001*** Sector 
investing

Crisis 0.0088*** 0.0027*** Sector 
investing

0.0013*** 0.0001** Sector 
investing

Non-
crisis

0.0005 0.0001 = 0.0001*** 0.0000 Sector 
investing

Panel B: Long-short portfolios

Full 
sample

0.0031** 0.0102*** Factor 
investing

0.0008*** 0.0007*** Sector 
investing

Crisis 0.0226*** 0.0234*** Factor 
investing

0.0016*** 0.0014*** Sector 
investing

Non-
crisis

0.0007 0.0049*** Factor 
investing

0.0002*** 0.0003*** Factor 
investing

Source: Authors’ calculation

Panel A (resp. B) shows the outcomes of significance tests for the vertical (resp. horizontal) distance 
between the market portfolio and the efficient frontier. ***, **, *: significant at the 1%, 5%, and 10% 
levels, respectively. The winning style, if any, beats the market with the highest distance, provided that this 
distance is significant at the 5% level. There is a tie (“=”) either if both styles have distances significant at 
the 5% level, or if none does. The absence of result (“−”) means that at least one style lacks an efficient 
vertical/horizontal counterpart of the market portfolio
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that factors tend to enhance expected returns, while the right-hand side 
shows that sectors perform well in reducing portfolio volatility. Such a bal-
anced overall outcome suggests that combining styles might generate 
attractive investment opportunities. The next section explores these inno-
vative options.

11.5    Combination

The overwhelming success of factor investing has overshadowed other 
investment styles, especially from the perspective of investors who wish to 
benefit from diversification potential. The previous section of this chapter 
shows that sector investing is competitive in specific circumstances, includ-
ing in the presence of long-only restrictions and high risk aversion. An 
additional advantage of sector investing stems from its quasi-passive struc-
ture, which is more cost-effective than factor investing (Novy-Marx and 
Velikov 2016). On the other hand, factor investing delivers significant risk 
premia and short positions help to hedge, at least partially, risks that inves-
tors wish to avoid. For all these reasons, we now explore portfolios that 
optimally combine sectors and factor components. The resulting efficient 
frontiers are presented in Fig. 11.2.

Does mixing the two styles improve on the winner of the previous con-
test? The answer to this question depends on the situation. Figures 11.2e 
and 11.2f reveal that the gain is modest, especially with respect to factor 
investing, in the non-crisis cases, regardless of whether short-selling is 
allowed. Figure 11.2c indicates that, in a long-only context, sectors alone 
can be sufficient to handle crises. By contrast, Fig. 11.2d suggests that 
combining sectors and factor components in long-short portfolios might 
be a smart strategy in order to prepare for financial crises and recessions. 
The full sample graphs deliver intermediate results. Figure 11.2a shows 
that the combination is especially valuable to investors with medium levels 
of risk aversion.

Table 11.3 shows that the optimally combined portfolios always beat 
the market index, both vertically (higher expected return for same volatil-
ity) and horizontally (lower volatility for same expected return) at the 1% 
level. In 10 out of 12 cases, the result derives from the winner’s perfor-
mance in Table 11.2. In the case of long-short portfolios (Panel B), the 
distance obtained for mixed portfolios is always strictly larger than the one 
computed for the previous winner. These results suggest that investors 
aiming to beat the market are better off with combined portfolios than 
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single-style ones. For long-only portfolios, the figures are less clear-cut. 
During crises, the optimally combined portfolios are made up of sectors 
only; factor components not only perform poorly, they fail to bring any 
diversification benefit. Yet, the full sample and non-crisis results suggest 
that combining the two styles leads to notable improvements in terms of 
increasing the distances from the market index.

Fig. 11.2  Efficient frontiers with combinations
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Table 11.5 compares the test outcomes for the mixed portfolios with 
those of the winner of the previous contest presented in Table 11.2. First, 
significant scores are obtained under any circumstances, including for 
long-only portfolios during non-crisis periods where tests using the verti-
cal distance show neither sector investing nor factor investing was able to 
beat the market on expected returns (see Table 11.4). The results from 
Panel B reveal that the added value from the inclusion of sectors into opti-
mal portfolios originally made up of factor components comes from 
increasing the dominance scores with respect to the market expected 
returns. The figures suggest that the most spectacular impact takes place 
during crises: the vertical distance to the market expected return in crises 
passes from 0.0234 (or 0.28% per annum) for factor components alone to 
0.0449 (or 0.59% per  annum) for the “sector  +  factor” investing 
combination.

Table 11.6 presents the compositions of the “sector + factor” portfolios, 
which beat the market. It shows the fit between factor components and 
sectors. Over the full sample and the non-crisis periods, vertical long-only 
portfolios mainly include factor components, while horizontal long-only 

Table 11.5  Combining sector investing and factor investing

Style Previous winner Sector + factor 
investing

Previous winner Sector + factor 
investing

Beating the market on expected returns: 
vertical distance

Beating the market on volatility: 
horizontal distance

Panel A: Long-only portfolios

Full sample = 0.0031*** 0.0006*** 0.0006***
Crisis 0.0088*** 0.0088*** 0.0012*** 0.0012***
Non-crisis = 0.0021*** 0.0001*** 0.0002***

Panel B: Long-short portfolios

Full sample 0.0102*** 0.0161*** 0.0007*** 0.0009***
Crisis 0.0234*** 0.0449*** 0.0016*** 0.0019***
Non-crisis 0.0048*** 0.0068*** 0.0003*** 0.0004***

Source: Authors’ calculation

Panel A (resp. B) shows the outcomes of significance tests for the vertical (resp. horizontal) distance 
between the market portfolio and the efficient frontier. ***, **, *: significant at the 1%, 5%, and 10% 
levels, respectively. “=” indicates that either both styles were significant in Table 11.4 at the 5% level, or 
no style was significant at that level
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factors have a heavier loading on sectors. These results are consistent with 
the risk reduction associated with sector investment, as opposed to the 
return enhancement triggered by factor components. Our results also con-
firm the previous finding that factor components do not help in beating the 
market in long-only portfolios during crisis periods, both vertically (in 
order to achieve higher expected returns) and horizontally (to reach lower 
volatility). For the long-short portfolios reported in Panel B, both the ver-
tical and the horizontal portfolios include unrealistically high short expo-
sures. Even so, differences emerge between the loadings of sectors and the 
factor components. Both the long and the short exposures of factor com-
ponents are impressive, but the net exposure (long + short) is always posi-
tive. By contrast, the net exposure of sectors is positive in non-crisis periods 
and negative during crises. The figures in Panel B confirm that all the effi-
cient long-short portfolios (i.e. those that permit short-selling) have long 
and short exposures both to sectors and to factor components. In Panel A, 
by contrast, 50% of the portfolios include assets of one category only (see 
the detailed compositions in Appendix A).

Table 11.6  Sector + factor portfolios beating the market

Vertical portfolios Horizontal portfolios

Full sample Crisis Non-crisis Full sample Crisis Non-crisis

Panel A: Long-only portfolios

Sectors 37% 100% 45% 100% 100% 72%
Factor components 63% 0% 55% 0% 0% 28%

Panel B: Long-short portfolios

Sectors: Long 
exposure

120% 191% 93% 96% 79% 120%

Sectors: Short 
exposure

−209% −373% −86% −73% −172% −31%

Factor components: 
Long exposure

916% 1127% 634% 614% 858% 486%

Factor components: 
Short exposure

−727% −845% −542% −537% −665% −474%

Source: Authors’ calculation

This table shows the compositions of the optimal portfolios, which are made up of sectors and factor 
components, and beat the market. The vertical portfolios beat the market with same expected return and 
lower volatility, while the horizontal portfolios beat the market with same volatility and higher expected 
returns. The table provides the results for long-only portfolios (panel A) and long-short (panel B) portfo-
lios, and over three periods (full sample, crisis, and non-crisis). For long-short portfolios, an indication of 
the degree of leverage is given through the sum of positive and negative weights
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11.6    Discussion and Conclusion

From a theoretical perspective, sector investing and factor investing rely 
on different logics. On the one hand, industrial sectors were originally 
built to diversify risks across economic activities. Risk reduction stemming 
from diversification is a benefit that is especially needed in crisis periods 
when volatility spikes. On the other hand, the advantage of factor compo-
nents lies in being able to earn the risk premia they were built to deliver 
(Brière and Szafarz 2015). Our first results confirm that both styles keep 
their promises and produce the expected outcomes. Regarding the factor/
sector contest, our findings suggest that factor investing performs better 
when short-selling is authorized. By contrast, sector investing outper-
forms its competitor when short sales are forbidden. Overall, factor invest-
ing is riskier than sector investing as a direct consequence of the obvious: 
capturing risk premia primarily means taking more risks (see the volatilities 
reported in Table 11.2). In addition, sector investing has superior diversi-
fication potential, and factors exhibit large and positive extreme correla-
tions (Christoffersen and Langlois 2013).

Next, guided by the hope that combining the two styles would have a 
positive effect on the financial performance, we mixed them and then 
observed the mean-variance performance of the resulting portfolios. Our 
results show that the gain is especially visible for long-short portfolios, 
where the already good performance of factor investing is enhanced by 
including lower-risker sectors. The benefits are higher during crisis peri-
ods, suggesting that the diversification benefits brought by sectors play 
their part very well when needed. This favorable outcome in troubled 
times, however, fails when short sales are prohibited. For long-only 
portfolios, factors can still enhance returns by delivering alphas with 
respect to the market during quiet times, but they lose their attractive 
properties for hedging against crises. By showing that industry-based 
portfolios can help asset managers reduce factor-specific risks, this chapter 
offers a strategy to bypass short-sale restrictions in factor investing using 
industry-based portfolios. This is because several industries have negative 
loadings on factors (Chou et al. 2012), implying that a well-chosen com-
bination of sectors could shrink the loadings on the factors. Thus, sector-
based investment strategies could help long-only investors achieve better 
risk-return properties for their portfolios. Further research could assess in 
a general setting how efficiently industry-based portfolios hedge investor 
against performance losses associated with short-sale restrictions.
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Appendix

Table 11.7  Factor  +  sector long-only portfolios beating the market, detailed 
portfolio composition

Vertical portfolios Horizontal portfolios

Full sample Crisis Non-crisis Full sample Crisis Non-crisis

Panel A: Sectors

Non-dur 25% 100% 5% 16% 10% 12%
Durable 0% 0% 0% 0% 0% 0%
Manuf 0% 0% 0% 0% 0% 0%
Energy 1% 0% 11% 7% 0% 12%
Tech 0% 0% 0% 0% 0% 3%
Telecom 0% 0% 8% 21% 26% 11%
Shops 0% 0% 0% 0% 0% 2%
Health 4% 0% 0% 12% 19% 1%
Utilities 7% 0% 20% 44% 45% 31%
Others 0% 0% 0% 0% 0% 0%

Panel B: Factor components

Small 0% 0% 0% 0% 0% 0%
Big 0% 0% 0% 0% 0% 0%
Value 17% 0% 0% 0% 0% 0%
Growth 0% 0% 0% 0% 0% 0%
Robust profit 0% 0% 0% 0% 0% 0%
Weak profit 0% 0% 0% 0% 0% 0%
Conserv invest 0% 0% 0% 0% 0% 0%
Aggres invest 0% 0% 0% 0% 0% 0%
High mom 46% 0% 55% 0% 0% 28%
Low mom 0% 0% 0% 0% 0% 0%
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Notes

1.	 The way individual stocks are grouped into industrial sectors raises specific 
issues (Vermorken et al. 2010).

2.	 Brière and Szafarz (2017) examine intermediate situations such as the 
130/30 and the case where only the market index can be shorted.

3.	 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.
html.

4.	 In Brière and Szafarz (2015), we consider crises and bear periods 
separately.

5.	 In fact, t-tests fail to detect any significant differences among means, while 
some differences in variances are statistically significant.

Table 11.8  Factor + sector long-short portfolios beating the market, detailed 
portfolio composition

Vertical portfolios Horizontal portfolios

Full sample Crisis Non-crisis Full sample Crisis Non-crisis

Panel A: Sectors

Non-dur 3% 60% −9% 11% 27% 2%
Durable −37% −72% −18% −11% −14% −10%
Manuf −50% −88% −20% −12% −31% −2%
Energy −13% −34% 4% 4% −18% 13%
Tech 60% 76% 42% 23% 9% 33%
Telecom 9% 1% 7% 14% 15% 6%
Shops 5% 7% 9% 4% −17% 18%
Health 43% 46% 26% 19% 21% 19%
Utilities −9% −5% 6% 20% 8% 27%
Others −100% −173% −38% −50% −93% −19%

Panel B: Factor components

Small 295% 274% 269% 292% 348% 264%
Big 337% 400% 255% 322% 468% 223%
Value −58% −52% −63% −61% −108% −40%
Growth −269% −281% −185% −67% −129% −62%
Robust profit 81% 54% 50% −63% −81% −39%
Weak profit −130% −192% −86% −71% −112% −68%
Conserv invest −19% 24% −7% −94% −106% −54%
Aggres invest −251% −319% −165% −137% −130% −119%
High mom 153% 224% 59% −23% 31% −42%
Low mom 49% 150% −36% −20% 12% −50%

  FACTORS AND SECTORS IN ASSET ALLOCATION: STRONGER TOGETHER? 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html


308 

References

Ang, A. (2014). Asset management—A systematic approach to factor investing. 
Oxford: Oxford University Press.

Bae, J. W., Elkhami, R., & Simutin, M. (2016). The best of both worlds: Accessing 
emerging economies by investing in developed markets. SSRN Working Paper 
264475.

Barroso, P., & Santa-Clara, P. (2015). Momentum has its moments. Journal of 
Financial Economics, 116(1), 111–120.

Basak, G., Jagannathan, R., & Sun, G. (2002). A direct test for the mean-variance 
efficiency of a portfolio. Journal of Economic Dynamics and Control, 26(7–8), 
1195–1215.

Brière, M., & Szafarz, A. (2015). Factor investing: Risk premia vs. diversification 
benefits. SSRN Working Paper 2615703.

Brière, M., & Szafarz, A. (2017). Factor investing: The rocky road from long-only 
to long-short. In E. Jurczenko (Ed.), Factor Investing. Elsevier, 25–45.

Brière, M., Drut, B., Mignon, V., Oosterlinck, K., & Szafarz, A. (2013). Is the 
market portfolio efficient? A new test of mean-variance efficiency when all 
assets are risky. Finance, 34(1), 7–41.

Carhart, M. M. (1997). On persistence in mutual fund performance. Journal of 
Finance, 52(1), 57–82.

Chou, P. H., Ho, P. H., & Ko, K. C. (2012). Do industries matter in explaining 
stock returns and asset-pricing anomalies? Journal of Banking and Finance, 
36(2), 355–370.

Christoffersen, P., & Langlois, H. (2013). The joint dynamics of equity market 
factors. Journal of Financial and Quantitative Analysis, 48(5), 1371–1404.

Daniel, K.  D., & Moskowitz, T.  J. (2016). Momentum crashes. Journal of 
Financial Economics, 122(2), 221–224.

Ehling, P., & Ramos, S.  B. (2006). Geographic versus industry diversification: 
Constraints matter. Journal of Empirical Finance, 13, 396–416.

Fama, E. F., & French, K. R. (1992). The cross-section of expected stock returns. 
Journal of Finance, 47(2), 427–465.

Fama, E. F., & French, K. R. (2015). A five-factor asset pricing model. Journal of 
Financial Economics, 116(1), 1–22.

Goetzmann, W. N., Li, L., & Rouwenhorst, K. G. (2005). Long-term global mar-
ket correlations. Journal of Business, 78(1), 1–38.

Heston, S. L., & Rouwenhorst, K. G. (1994). Does industrial structure explain 
the benefits of international diversification? Journal of Financial Economics, 
36(1), 3–27.

Lewellen, J., Nagel, S., & Shanken, J. (2010). A skeptical appraisal of asset pricing 
tests. Journal of Financial Economics, 96(2), 175–194.

  M. BRIÈRE AND A. SZAFARZ



  309

Novy-Marx, R., & Velikov, M. (2016). A taxonomy of anomalies and their trading 
cost. Review of Financial Studies, 29(1), 104–147.

Sharpe, W. F. (1992). Asset allocation: Management style and performance mea-
surement. Journal of Portfolio Management, 18(2), 7–19.

Vermorken, M., Szafarz, A., & Pirotte, H. (2010). Sector classification through 
non-Gaussian similarity. Applied Financial Economics, 20(11), 861–878.

  FACTORS AND SECTORS IN ASSET ALLOCATION: STRONGER TOGETHER? 


	Chapter 11: Factors and Sectors in Asset Allocation: Stronger Together?
	11.1 Introduction
	11.2 Data and Methods
	11.3 Descriptive Statistics
	11.4 Contest
	11.5 Combination
	11.6 Discussion and Conclusion
	Appendix
	References




