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Anomalies and the Expected Market Return
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Anomalies and the Expected Market Return

S SR BElF

QO RHIE

LA AT A IS, WRIERATRFIEHET, value-weighted decile portfolios
2.Long tenth-decile 2 &M% Sk, short first-decileZl &M 2 Sk H &
3.#Jj¥long-short portfolio, A PAiT5r e

O &%

Rt =a+PBifit+ Bafor + -+ Bufur + &it
AR DE %, RO Z AN, WBEHZRIEE — 1 7
a EF
FR N> AR FTE 7 G KT
FAF: NAZBEE X fFRE U3 7 TS 2 238 1R Rl 1 22 e A 0 2 1) 3 = DT ik
Ri:— Ry =a+b(Rye— Rr) +sxSMB, +h x HML, +e(t)
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MOTIVATION

| B E R AT HE: |

QI 2 B RFIE 2 75 R CATRHU P 52 (Bl 43 A R R T 22 5 2

(e.g., Fama & French 2015; Harvey, Liu & Zhu 2016; McLean & Pontiff 2016; Hou,
Xue & Zhang 2020))

QE:T 25t SRR B 1T S8 3 813 BB 18] Fr 51 W] P 4 7

((HELLZE . FIZEFEBERE K eg, Nelson 1976, Campbell 1987, Fama & French 1988, 1989,
Campbell & Yogo 2006, Pastor & Stambaugh 2009)
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THIS PAPER

O AT TIN5 SCHR B A 2R BE R 5 A ELREK ?

Engelberg, MclLean, Pontiff, and Ringgenberg (2022 JFQA)
o XTEERE, AFZER GHEESWHMEIEO BUEVE e Bk B T AL

« Little evidence: characteristics on average have out-of-sample time-series

predictive ability for the market return

[ Can long-short anomaly portfolio returns—the bed rock of the cross-sectional

literature—predict the market return?
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WHY CAN THE MKT-NEUTRAL ANOMALY RET PREDICT THE MKT RET?

J  Mechanism 1: Asymmetric Mispricing Correction Persistence (MCP)

- New shock — Immediate correct = Reversal effect

Mispricing Shock —

~ Old shock — Persistent correct — Momentum effect

e E T B »[ Mispricing correction »| Serial dependence
» Strong for short leg * Positive in short leg
. o SREERR, BRI e Short is part of the MKT RET
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WHY CAN THE MKT-NEUTRAL ANOMALY RET PREDICT THE MKT RET?

d Mechanism 2: Noise Cancellation

o TWIHA AR
» Goyal and Welch (2008): K 2 7l 2% & /- BE A M 38 + A~ e FH (00S)
o [BAMBABCERY, ArTREFI AL 2 0T34 E SR T AR T 3540 4% &

.

o IERFIATIZEIIRAECATRN, BATITEZETH BRI 635 AN FT TR0 A4 M 3 R 2
% 2 7 BT ALA [RIIR O T 37 [l S L B S O T4
2 AR EILE R, XE I AR TITI Bk ek !
Mk e, I pEke, R RIS T !




INTUITION: FRAMEWORK

) Decomposition the prices for long/short legs of an anomaly portfolio

e Common martingale component with

e / period t increment f;
I Pt ~ '

L__P = martingale +u;, |
e Contains a stationary component
for 1=1L,S reflecting the level of mispricing
« InLong legs: underpricing ur; <0 EZ%: Mg tmartingale (€ — 4 u
* In Short legs: overpricing us; >0 %5 kg temartingale gz = —hu

) The log return (in terms of price changes) in each leg

ri:=f:+Au;; forl=L,S, (1)
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INTUITION: FRAMEWORK

J Long-/short-leg returns

ri;=ft+ Ay, forl=L,S, (1)

cov(f, Aur ;) = cov(fy, Aug,) =0

] The long-short anomaly return

rrs: = Aup s — Augy. (2)

] The market return

rae = f: +0.5(Aur; + Aus;), (3)
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INTUITION: MISPRICING CORRECTION

0 Wold FiRE#
U = Z Y jvis—; forl =L,S (4)
Jj=0 1 \
response shock

O HETRE MK IR N S BT A & 3R e i oy B B 3
* u; + can follow any stationary ARMA process
° v+ < 0(vs, = 0) serially uncorrelated underpricing (overpricing) shock
* v, and vg . are uncorrelated

e Yo=T1andyp;; =0 forj =1

how each pricing error v; ;_; affects current mispricing level u; ;
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INTUITION: MISPRICING CORRECTION

Uy = Z Wy V1 for =L,S, (4)
J=0 1 \
response shock

O MASH R AT LUREE g AN SE B Wy oy e 2B RLEI R 2 1
e T

N\

VART SR — AT R E
2.'3\ BE vs1=0.9, ¥ss =045, and ¥g, =0 for j > 3
1847 Shock 0.9 ) 0.45 o
't . v e
\ ' )\ ' I\ ' |

10% % E M g 4 1 A5% 4 21 1F A5%Hk 21 1F
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INTUITION: MISPRICING CORRECTION

J Mispricing correction

U = Z Yivie—j for [=1L,S (4)
=0
—IREN 1B _
Ay = z iV for l=1L,S (5)
=0
HEf o=y, =1
Y=y, — P ;-1 <0forj=>1 (6)

mispricing correction assumption:

BN RBIERR, {RiEt —1EAf shock X tBA KR EM A -1 = &
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INTUITION: CORRECTION OF OLD VS NEW MISPRICING SHOCKS

. Consider the predictive regression

i1 =0+ Pirgs + e forl =8 L, (7)
g= cov(Tme+1,T1t) - 0.5cov(Auyes1 ,Auyye) (8)
vvar(m,) \/afz + var(Au; ¢)

 The sign of f; is determined by cov(Au; 1, Auyy)

current Auy N Y (Vi —Y1)vis )\ forl=L,S, (10)
BT R ST R TE = <0 FITA |F A5 A R S48 1
7 A (AL ) S e 3 R A [ 1) Bl = 1 o

AUp 41 = U141 + for/=L,S, (11)

future

(Wz,l - l)vl, + Z Vi — lffz,j—1)vz,t+1—j
=2

J:

<0
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INTUITION: MISPRICING CORRECTION PERSISTENCE(MCP)

oo

4 cov(Aug i1, Augy) = |:(1ﬁz,1 -1)+ Z (Vi — Y1) (Y11 — Tlfz.j)}val‘(vz,c)

J=1

for/ =L,S.
(9)

When the momentum effect dominates, MCP is sufficiently strong that
Cov(Aul,Hl,Aul,t) > 0 in equation (9) and B > 0 in equation (8).

Y (s — Vsjo1) (s i1 — ¥sy) > —(¥s1 — 1. (12)
- — \

the return momentum outweigh the magnitude of the return reversal

E: RatLongtum . (12) R Gk % T BB %12 2 M EF ey 3208 R — 3
(Andrei and Cujean (2017), Chan, Jegadeesh, and Lakonishok (1996)...)
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INTUITION: MISPRICING CORRECTION PERSISTENCE(MCP)

o]

. (Vs — ¥sj-1)(¥sji1 — ¥s;) > —(Ps1 — D). (12)
Jj=1
@&ttt EEB—BARRE M, P = 1
.‘g B vs1=0.9, ¥so =0.45, and ys; =0 for j > 3.
REERN: g1—1=0.1
FHERPN: (—0.1)(—0.45) + (—0.45)(—0.45) = 0.2475

15%.{7 price. R 2] 1IE10% @%E@I 1E45%
return 30 Price falls/ return of -0.1 Price fi]”s .
[ %205 0.1] CAESS B3, shERis]
1547 Shock % 0.9 1 0.45 90
| | | : )
t t+1 t+ 2 £+ 3

ER (6)ii7f\ﬁ‘5LJ-EP 5+ 5 WA R B P R AR 89 2 e AR, (9) XA AR £,
cov>01 5 1% & 15 1B R B89 3= 5 b iE 4t @ﬁﬁ¢%ﬁ%&2i@o
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INTUITION: MISPRICING CORRECTION PERSISTENCE
] Consider a predictive regression based on the L-S F % 20 & [k

Mi+1 =S + BLsrrs: + €LS¢+1- (13)

~ 0.5[COV(AZLL,;+1, AuL,t) — COV(AuS,t+1a AuS,t)]
PLs = 05 ‘ (14)
[var(Aur;) + var(Aug,)]

Empirically, we find that ;5 < 0, which holds when

cov(Augyi1, Augy) > cov(Aug i1, Aug ), (15)
J Asymmetric MCP

EE HB R B IERF SR 3 22 R RA G B 5 R I T B3R

Miller (1977):short-sale impediments;

 EGJ(2015) and DKP(2019) : IR S A AE T Bk S sl T IEMESE S, "TRe S EUE
S Sod o

« HLS(2000), SYY(2012, 2015): B S H AT L2 R 5% 2 AE%&”%UE’JE%EI
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INTUITION: NOISE REDUCTION

A2 = 7R A A BN Hshort-leg return 58 4F

BXBL =0, cov(Aup i, Aup) =0

. 0.5[cov(Aur ¢1. Aur ;) — cov(Aug i1, Augy)]
Prs = oE | (14)
[var(Aug,) + var(Aug,)]

—0.5c0v(Aug, 1, Augy)

BLs|; o = . (16)
= [var(Aug,) + var(AuS,;)]O'S
g= cov(Tme+1,T1t) = 0.5cov(Auy it ,Auy ) (8)
Vvar(n) \/afz + var(Auy,)
The magnitude of ﬁ;s in (16) is greater than that on{sj in (8) when
var(rzs,) < var(rs;). or equivalently, var(f;) > var(Aur,). (17)

e — 1 AU rg AR NTRINAZ &, KBR T RSN RE 1) fo, (T3 RE AT, €7 %
RK) I IE+FEI . SEURW SR 17 2 K/ R
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INTUITION: NOISE REDUCTION

A2 =R R H A BHR BN EEmarket return itself 58 iF

The standardized slope coefficient for a regression of the market return on its

own la
g 0.5cov(Aus i1, Ausy)

Buls o= . (18)
|'8L_0 [4var(f;) + var(Aur,) + var(AuSJ)]ﬂ'S
noise
3 —0.5cov(Aus;, i1, Aus,)
Brs|s o = (16)

[var(Aur,) + var(AuS,;)]O'S‘

Consistent with this intuition, in Section IV.C we empirically find that the lagged market
return cannot significantly predict the market return on an out-of-sample basis.
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INTUITION: NOISE REDUCTION

] Aggregating predictors P DAY/ B T H ) a5

rj:s,z = Aur; — Aug,; + wi fori=1,..., n, (19)

rrse = Aupe — Augy,.
. —0.5¢cov(Augyy1, Augy)
ﬁLS|EL=O - 105" (20)
[var(Aur,) + var(Aus,) + var(})]

consider combining the information in the long-short anomaly returns by taking
their period t cross-sectional average

_ 1 . 1< .
FLse =~ ;ris,t = Aup; — Aug, + - le ! (21)
1= 1=

—0.5cov(Aug, i1, Ausy)

[var(Aug ;) + var(Aug,) + ivar(w})]

(22)

5Avg _
ﬁLS |,§L=O _ 05°

Intuitively, IR R H G0/, TR ERCTEI7] A B i8R &
RAETINEE -
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MACHINE LEARNING & DIMENSION REDUCTION

O i
Py eer)e: RAIBT BB R, 15 Bt+1 ] 17 3788 500 Bl e 11 T U 5

X: 10022

,",\.PM — l
M,t+1|t — r

FRHAG R IS

J  The prevailing mean forecast V.S Seven forecasts

t

§ ™ s

s=1

Conventional Methods (OLS)

Penalized Regression (ENET)

Forecast Combination (Combine, CENET)
Predictor combination (Avg, PLS, PCR)
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FORECAST EVALUATION

J Statistical Accuracy: MSFE

€o.tit—1 = I'my —fﬂhﬁt 1 (23)
él,t|t 1= ?‘Mt — JaM,::|.1=—1, (24)
MSFE; = Zemf . forj=0,1, (25)

» test for a difference in the populatlon MSFEs using the Clark and West
(2007) procedure

Hy: MSFE, < MSFE; (u < 0) versus Hy: MSFE, > MSFE; (1 > 0), (27)

« Campbell and Thompson (2008) R3 statistic:

MSFE
R%)S =1- ?1 (28)
MSFE,

. R2ER/DN, ETFHEMEL, C,T(2008)%FH0.5% 1] LI &5 E .
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FORECAST EVALUATION

J Economic Value: to an investor
consider a mean-variance investor /£ 2% (17 3%) 1 Jo KU [E 22 75 2 8] ic & 5% 7=

A 2
- BRI arg max Wi 1trM¢+11t — 0-5th+1|r‘7:+1|: (31)
Wi i1
w;j+1|t. . allocation ’qM,t+1|t : ﬂ?%ﬁ%ﬁ@ﬁ%ﬁﬁ%ﬁmﬂ

Y =3: A AR PR R 6Py ¢ TEEARIEHR 2 M

60 HEshitiit & O N R IREA T =
) (31)3*%3(:]% 1 TA'M J+1)E
Wiy = (—) ( — ) (32)
Y O 11yt

U =7, —05y67, forj=0,1, (33)

« average utility

» average utility gain
A =U; — U,. (34)

L‘I_ (34)*12 ) :'-k J—)@ _}\%
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O 100 long (short) leg and long-short
portfolio returns (Common Stocks,
1970-2017, price>S5)

Q T AE % CRSP value-weight
return minus risk- free return

* Most anomalies are significant

e common component in L/S leg
returns: ft
e Idiosyncratic components

* sharper predictive signal

var(rys;) < var(rs,)

DATA

T

- Long-short

Number of anomalies 100
Fama and French (1993) three-factor model alpha
Number of long-short anomaly portfolio returns with |t-stat.| > 1.645 75
Number of long-short anomaly portfolio returns with [t-stat.| > 1.96 71
Number of long-short anomaly portfolio returns with |t-stat.| > 2.58 56
Number of long-short anomaly portfolio returns with |¢-stat.| > 3 49
Average correlation across anomaly decile rankings 0.05
Average correlation across monthly anomaly excess returns
Long leg 0.76
Short leg 0.82
0.08
Long-leg anomaly portfolio excess returns
Average of sample means 0.71%
Average of sample standard deviations 5.16%

Short-leg anomaly portfolio excess returns
Average of sample means
Average of sample standard deviations
Long-short anomaly portfolio returns
Average of sample means

Average of sample standard deviations




DATA

Panel A: Long Leg

12.5 —

100 Al ¥%J{E: for Short » for Long
< " (4.39 and 2.14, respectively)
]

5.0
25, M WHT’T cov(Augys1, Ausy) > cov(Aug 41, Aury)
oo 1h

I1 HER |
0 4 8 12
Autocovariance

Panel B: Short Leg

. o X RE R, HAA R R R
- - H A JEMME IERF S (strong MCP)
34 1
, I'IFH-I‘\H-H | Hﬂ Innno

Figure IA.1. Histograms for sample autocovariances. The figure depicts his-
tograms for the sample autocovariances for long- and short-leg excess returns for 100
anomaly portfolios.
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Percent

Percent
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Percent

b oo v o

Out-of-Sample Results

AT+ (1970:01-1979:12) . # KN 4&+ 21
)5 75 (1980:01-1984:12) : A s+ HC-ENET# M| é9ho | dout £ A& 7h A
G325 (1985:01-2017:12) : A KILFAM1E4ELR (396 /W XA4H)

Panel (a): OLS Panel (b): Elastic Net Panel (c): Simple Combination
A o] | s
5 il o il ik, | % | S I N
-3 -3
T T _5 L T T T _E L T T T
1990 2000 2010 1990 2000 2010 1890 2000 2010
Panel (d): C-ENet Panel (e): Predictor Average Panel (f): Principal Component
° ° o TV E AR I, F
3 34 ——
| .Ml.ﬂhllldl‘;lhlu_ish. E 0. wh.u.uhluiw.m 2 0. ._u.‘.hmmdlllm.._mhum Z_\‘i%'\ IE o z ’fjféﬂ/ﬁ\ IE[ EI:&ZIK
e LR Lo < JEFHH'F“F‘ITJ—”H*FFF— NN e
[ g o < | IR AR E
1990 2000 2010 o 1990 2000 2010 ~ 1990 2000 2010

Panel (g): Partial Least Squares

| L«mlmuﬁ-wm

' ll B 1. 2 F1001> 2 25 21 A5 [RIFRAN 7R SRS A B H RE T 08 451 ] 3 T

1990 2000 2010

Forecast — Competing Benchmark
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Out-of-Sample Results

Table Il R Statistics

(1) (2) (3) (4) (5) (6) (7) (8)
Anomaly
Portfolio ENet  Combine C-ENet Avg PC PLS
2.81*** 1.89** 1.25™ 206;';:,(‘2‘-,,75%—)

wwper — Long-short 2.03** 0.89***

W‘Jﬁﬂ- return
1\@% — Long-leg —0.90 0.29 —0.68 0.26 0.24 0.41< D.S' Z\E%
excess return
1.81* 0.72* 0.39* 0.75* 0.74* 0.84* > 0\§ &%

mep
gapert @ % — Short-leg

excess return

N s
PO -
*OLS V.S others: fiiRK, Sfl&HL; 0.5%, &LHFE#E, MSFER &M

*Short V.S Long: EHRHEXSFRIR 1 5 e b RE AR BE 5 1) iR 22 18 IE RREE
*L-S V.S short: ZZEESENEH, TUBIR SRR BRI KA I

shanxi universiey




Out-of-Sample Results- 2 FR 8 50 0]k &AL R FH 1 23

Panel A: Elastic Net

Panel B: Simple Combination

Annualized utility gain = 6.26% 41 Annualized utility gain = 2.50%
Came 3_ e
2 N TN, —
— ! 0 ) 1 1
1990 2000 2010 1990 2000 2010
Panel C: C-ENet Panel D: Predictor Average
Annualized utility gain = 6.06% 4 Annualized utility gain = 3.74%
3-
2_ ,\M‘/v\/
. ‘,ﬂ‘""\-,_\_./r“\/«‘/“/ q- _\/,4 TF"-.""/_\\/(’/-/
,_J:f// e~
1 1 1 ﬂ T Ll T
1990 2000 2010 1990 2000 2010
Panel E: Principal Component Panel F: Partial Least Squares
Annualized utility gain = 3.28% 41 Annualized utility gain = 6.38%
3.
M’/’v/ .
,Jﬁ"h__’—’_/‘\lb/‘/ 1 -{-A'-__r,/\\///'/
i et 0
1990

2000 2010

Portfolio — Competing — Benchmark Market

*OLS -4.97%

o HLAth I 25 1A 25

« i /N2.59%
AR K

LERBAER
AR Z T
ipZ ke Ee)
MHERIE B
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Out-of-Sample Results-Additional

Additional Results
O Lagged market return itself FEA AN G A B35
O Popular predictors T J3 A UNL-SZH A Bl
O Forecast encompass test L-S>>popular

Q long-horizons (2,3,6,12 months) SRk AN . 2

Q sAMPlEEEY: Wa. . ‘
Wiy, ERbE. HAh W dll. Hih

ny U, BA T Bet il B 2 Sl A Rk A
H L A1

R L5 K%
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ASYMMETRIC LIMITS TO ARBITRAGE

Q MR BERAXFRERE] & HT 253 57 A & Bl 5 T 3788 35 5] 3% 70 5e 77

AL RIR R ¥ betaid A il it
T

DA

37 R

BN 5

LA I A




Slope coefficient Slope coefficient

Slope coefficient

I
o o
2 O

|
o
o]

o
o

|
o
(54

I
—
o

o
o

[
o
w

I
—
2

I
—
il

ASYMMETRIC LIMITS TO ARBITRAGE

rMes1 = + Brrsy + €41,

Panel A: Predictor Average

2000

Panel B: Principal Component

uuuuuu

- -

- = N -

2000

vvvvv

\\\\\

_____________

mememe

(35)

+ long-short portfolio return for the ith

O Anomaly rets almost
always negatively predict
the market ret

d 90% confidence
intervals tends to narrow

[ Global Financial Crisis
& Great Recession
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MARKET SEGMENTS

* Predictive ability § Stem from Cov(ry ¢41,7Ls)

* Examine cov(7ys, T-) 1; : decile excess returns

1 HHIE B T35(5 7 B ORI 73 T 3) AR 1
Q &IF1001FRHIER, WERA EERERNA Y

LA E A Ay, RIEEEAD 7R ER OO R R i =17
2R A RS, BEMTE RRANTF A
3ARME I EE B4, RIS A AT EDIA T decile 5 B 4.
first decilet) Al K =1 1 1 52

4.2 7% 7?H £ goes long (short) the tenth (first) decile portfolio

’



Cross—autocovariance

Cross-autocovariance

COV(T}',t+1JTLS,t) ] = S' DZ' ""D9'L

MARKET SEGMENTS
Panel A: Unweighted Decile Returns
L1
Short D2 D3 D4 D5 D6 D7 D8 D9 Long
Decile
Panel B: Weighted Decile Returns
Short D2 D3 D4 D5 D6 D7 D8 D9  Long
Decile

i, B3, BWR, Short &K
MCP appears most relevant in the
short leg

it J5 LS IRl AL AL B AR 4 e R
T A R RF R R vy B IS 1) 70 T 4
EEFEIEPS

W Covariance decomposition

COU(TM,I?+1 ) rLs,r)

= Ccov (Ws’t+1r5,t+1 ) rLS,t)
9

+ z cov (WDj,t+1rDj,t+1 , TLs,t)
j=2
+COV(WL,r+1rL,r+1 ) rLs,r)
COV(Wj,t+1Tj,t+1: TLs,t)
j=S,D,,...,Dg, L

shanxi universiey
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SUBGROUPS

MRYEAENSFRE R PR H1 HI3AMRER B IV B 7 RO, LA S 1

* bid-ask spread (BA)
* idiosyncratic volatility (IDIO)
* market capitalization (SIZE)

> LGSR 2N

s H, #iF, HERREEEAE T A ES,.. L

. ﬁﬁis%n LG, st 21~ FIE

1 HlongH & K2 ZE YE I F shortH. A 232 Z ) (E

. TF51970-1984 0} 8] 7+ 51 L~ 34{E Z= 5, 453 DTSA-BA,DTSA-IDIO,DTSA-SIZE

5. %1007 %, TSR R FEA
BA-NEG, IDIO-NEG, and SIZE-NEG (BA-POS,IDIO-POS, and SIZE-POS)

-hwl\)!—\

BORHSESEN 22, SEomMRRRIaR, /NI, XN 5 o i) 2= PR
Tii#H: BA-NEG, IDIO-NEG, SIZE-POSE 5 [ Filill| & 77 (JE Funion/complement)

= AR 17 Sk B ) A SR ) ) 5 R AL




I
B T LA | e
ASYMMETRIC LIMITS TO ARBITRAGE: SUBGROUPS

(1) (2) (3) (4) (5) (6) (7)
Subgroup ENet Combine C-ENet Avg PC PLS
N Panel A: Bid-Ask Spread
gk, 7R BANEG- RERABRA3 s 113t 365 1070 139 2040 BERRLERA

rosﬁm/vmﬂ_\ BA-POS —0.28 048 —1.41 097 085 0.29"
Panel B: Idiosyncratic Volatility ~° s 70T
IDIO-NEG 1.63* 0.97** 2.43*** 1.53* 1.24* 1.85%
IDIO-POS 1.17 0.42* —0.43 —0.33 0.12 —0.14
Panel C: Market Capitalization
SIZE-NEG 0.39 040 —1.01 0.43 0.19 —1.20
SIZE-POS 239" 1.04* 2,917 1.60*" 1.15* 1.59**
5 Panel D: Bid-Ask Spread, Idiosyneratic Volatility, Market Capitalization
himm B> (onpl¥ Union of BA-NEG, 267 098 310" 193" 123" 212"BEA
. IDIO-NEG,
(B3ARH) SIZE-NBG o5
Complement of union 0.37 —0.05 —0.09 —0.26 —0.31 —0.83 — m_%’kl’ﬁ?\

Predictability concentrated in anomalies with higher limits to arbitrage in the short leg

shanxi universiey
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Market Frictions

A BR B XUES 25 B BE TIRIAS 5 AR S R, 22 3B R X e I Mg, 18 UMCP

m%ﬁmbﬁMkM%mﬁ%@m,%/zéﬁéﬁ%@%ﬁm@AEzﬁa
(1) (2) (3) (4) (5) (6) (7)
Friction ENet  Combine C-ENet Avg pPC PLS
Aggregate liquidity 4.48"* 0.86** 5.20** 3.92** 3.64** 0.23*
Liquidity innovations 6.53"* 1.42** 6.56"" 7.82%%F 6.11°*  13.21***
Idiosyncratic volatility 2.73" 1.06** 4.21** 4.29** 3.57* 2.05"
Trading noise 3.67 1.49*** 5.11** 8.12%** 5.83%  12.42**
Short fees 10.347 2.50* 12.56* 9.63%* 8.50"* 14.70*
VIX —0.25 1.26"" 4.87"" 6.06"" 6.10"" 8.93""
Financial uncertainty —1.28 0.02* 1.18* 3.24** 2.80** 3.94™
Macro uncertainty 1.20 0.95** 3.28* 3.07* 4.09%* 7.21*
Real uncertainty 2.02* 1.10*" 6.19** 447 4.31*" 8.02%**
Economic uncertainty 1.29 0.88** 3.93* 3.67 3.48** 3.59*
Risk aversion uncertainty 3.52% 0.60** 6.36"" 4.68" 4.19** 7.38**
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Higher during high-friction periods
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ASYMMETRIC LIMITS TO ARBITRAGE: ARB TRADING AND NEWS TONE

QA Z2ERRAGREIRSEMNEL S TR

Rt SR REEORTIE L E NS ER RN, FEAETAATHEEANTY

MAtH 22 F R AEERIE R FREAETAEENTH (KD WHERT(ZXK-2
KkD)wy, LEBRB TR, MMTAA LS N @HELA

% 7%,/1»\ Ao 5 Vi, el D3 ’M;I Viso-t. BniBly Dii%%e
(1) 2) 3) (4) X (5)]
Arbit.ra.g Arbitrage Arbitrage Financial Market
Strategy Market Position Market Position Market Position News Tone
Predictor 58182 f4 —1.01 2 %} 3.89"" .36
Average
Principal 81€) ~1.18 3.63** —().32°*
component
Partial least 5,306 ~1.62 370 | —0.35
squares %%1%49@ 4. 19%. TS
A3 Lo D L G BEAP

d Higher anomaly ret predicts more market wide arbitrage selling, driven by short
selling, and more negative market wide news tone
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CONCLUSION

O We successfully link cross-sectional predictability to market return
predictability

O Predictors aggregated from anomaly returns negatively predict future
market return with strong OOS R squared

O Anomaly return predictors provide significant economic benefit, especially
in bad times

d Economic channels: Predictability arise form asymmetric MCP and noise
reduction

Future research: links in other markets

how anomalies are related across countries and impact global equity markets collectively

Dong, Xi, Yan Li, David E. Rapach, and Guofu Zhou, 2021, Anomalies and market returns across the world,
Working paper (in progress), City University of New York, Baruch College, Southwestern University of Finance and
Economics, Saint Louis University, and Washington University in St. Louis.
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