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Abstract	
	

	

This	 study	 aims	 to	 document	 and	 provide	 a	 theoretical	 explanation	 for	 investors’	

reaction	to	changes	in	credit	rating	outlooks	and	rating	reviews	announced	by	Moody’s	on	the	

US	 stock	market	 during	 the	 period	 1995-2005.	Our	 results	 show	 that	 outlook	 changes	 that	

convey	 “bad	 news”	 to	 the	 market	 lead	 to	 a	 significant	 negative	 CAAR	 around	 their	

announcement	 day,	 while	 we	 find	 no	 evidence	 of	 significant	 market	 reaction	 around	 the	

announcement	of	outlook	changes	that	convey	“good	news”.	As	the	first	paper	to	exclusively	

focus	on	the	reaction	to	changes	 in	credit	rating	outlooks	and	review	announcements	 in	the	

equities	market,	we	extend	prior	results	by	showing	that	the	stock	market	reacts	similarly	to	

the	CDS	market	 in	 response	 to	 this	 type	 of	 credit	 rating	 announcements.	 In	 contrast	 to	 the	

existing	literature,	which	solely	focuses	on	documenting	related	empirical	evidence	on	different	

securities	markets,	we	use	Luo’s	(2014)	model	of	under	and	overreaction	to	new	information	

as	theoretical	framework	to	explain	the	stock	market’s	short-term	price	dynamics	around	the	

announcements	of	outlook	changes.	Thus,	uniting	a	 large	body	of	empirical	evidence	with	a	

theoretical	background.	Specifically,	we	interpret	the	insignificant	market	reaction	to	positive	

rating	outlook	changes	as	being	potentially	driven	by	conservatism	or	representativeness,	and	

representativeness	as	an	underlying	driver	of	the	significant	market	reaction	to	negative	rating	

outlook	announcements.		
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Stock	Market	Reaction	to	Credit	Rating	Outlooks	and	Watchlist	

Announcements:	A	Behavioral	Perspective	

	

	

1. Introduction	
	

Credit	 rating	 agencies	 play	 an	 important	 role	 in	 financial	 markets	 by	 assessing	 and	

providing	 an	 independent	 opinion	 regarding	 the	 creditworthiness	 of	 major	 corporates,	

financial	institutions,	sovereigns,	and	supranationals	worldwide.	In	doing	so,	they	assign	credit	

ratings	 regarding	an	 issuer’s	ability	 to	meet	 its	 short	and	 long-term	 financial	obligations	by	

analyzing	and	quantifying	its	underlying	credit	risk.	

	

Providing	 accurate	 and	 stable	 credit	 opinions	 to	 the	 market	 is	 among	 the	 primary	

objectives	of	credit	rating	agencies.	A	change	in	rating	usually	takes	place	if	a	permanent	change	

in	an	issuer’s	fundamental	credit	quality	has	been	observed.	On	the	other	hand,	rating	outlooks	

were	 developed	 as	 a	 tool	 to	 indicate	 that	 there	 has	 been	 a	 change	 in	 an	 issuer’s	

creditworthiness,	but	it	remains	to	be	seen	whether	such	a	change	is	temporary	or	not.	If	the	

change	seems	to	be	permanent,	the	issuer	is	likely	to	be	put	under	review	for	rating	change,	

after	which	the	agency	typically	either	confirms	or	changes	the	rating.	Thus,	by	providing	rating	

outlooks	 and	 reviews,	 rating	 agencies	 alleviate	 the	 tradeoff	 between	 rating	 accuracy	 and	

stability	(Cantor	and	Hamilton,	2004).			

	

Past	studies	on	credit	ratings	have	mainly	focused	on	whether	rating	announcements	

convey	pricing-relevant	information	to	the	market;	and	have	provided	considerable	evidence	

that	 they	 do	 (we	 extensively	 review	 empirical	work	 related	 to	 this	 topic	 in	 section	 2).	 The	

underlying	argument	is	that	if	a	credit	rating	announcement	conveys	new	information	to	the	

market,	a	price	reaction	 following	 the	announcement	should	be	observed.	Conversely,	 if	 the	

information	conveyed	by	the	credit	rating	event	is	already	known	by	the	market,	prices	should	

not	adjust.	
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Empirical	evidence	on	credit	rating	announcements	shows	that	the	stock	market	reacts	

significantly	to	rating	downgrades,	while	researchers	generally	find	no	evidence	of	significant	

abnormal	stock	returns	following	rating	upgrades	(Griffin	and	Sanvicente,	1982;	Hand	et	al.,	

1992).	Further,	several	studies	have	found	that	the	market	largely	or	fully	anticipates	rating	

changes	 before	 the	 agencies	 announce	 them	 (Pinches	 and	 Singleton,	 1978).	 Surprisingly,	

literature	on	credit	rating	events	has	focused	mainly	on	rating	changes	and	assignations,	while	

overlooking	rating	outlooks.		

	

Cantor	and	Hamilton	(2004)	was	the	first	study	to	analyze	rating	outlooks	and	reviews	

(hereafter	referred	to	as	rating	outlooks	in	general)	as	an	additional	source	of	information	to	

the	market.	They	note	that	there	is	a	high	degree	of	heterogeneity	among	issuers	within	the	

same	rating	class,	and	document	that	rating	outlooks	and	reviews	can	account	for	most	of	the	

heterogeneity	regarding	default	and	 transition	rates	 to	other	rating	classes.	Rating	outlooks	

serve	to	provide	timely	information	regarding	the	credit	risk	of	an	issuer,	while	credit	ratings	

serve	as	stable	indicators;	thus,	“a	complete	credit	opinion	consists	of	both	a	credit	rating	and	a	

rating	 outlook”	 (Cantor	 and	 Hamilton,	 2004,	 pp.	 3).	 However,	 we	 have	 not	 encountered	 in	

literature	a	study	analyzing	the	effect	of	credit	rating	outlook	changes	in	the	equities	market.	

	

Notably,	it	seems	that	existing	literature	has	focused	mainly	on	documenting	the	market	

reaction	to	credit	rating	event	news	on	different	markets.	Despite	the	large	empirical	evidence	

reporting	a	significant	reaction	in	response	to	negative	credit	rating	announcements	compared	

to	an	insignificant	reaction	for	positive	ones,	a	theoretical	explanation	to	this	finding	has	not	

been	formulated	yet.		

	

This	 paper	 addresses	 the	 following	 issues.	 First,	 do	 rating	 outlook	 changes	 convey	

additional	information	to	the	market,	and	if	so,	how	do	stock	prices	react	in	response	to	such	

events?	Second,	what	are	the	possible	theoretical	underpinnings	that	can	explain	the	market’s	

short-term	dynamics	around	the	announcement	of	credit	rating	outlook	changes?	
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Our	research	investigates	how	stock	market	investors	react	to	changes	in	credit	rating	

outlooks	contained	in	Moody’s	press	releases,	and	how	the	market	reaction	observed	can	be	

explained	by	using	 a	 behavioral	 finance	model	 drawing	 insights	 from	 cognitive	psychology.	

Using	 a	 traditional	 event	 study	 methodology,	 we	 find	 evidence	 of	 a	 significant	 negative	

announcement	 day	 effect	 for	 negative	 rating	 outlook	 changes	 in	 the	 stock	 market,	 and	 an	

insignificant	 market	 reaction	 to	 positive	 outlook	 change	 announcements.	 Based	 on	 Luo’s	

(2014)	model,	we	interpret	the	insignificant	market	reaction	to	positive	rating	outlook	changes	

as	being	potentially	driven	by	conservatism	or	representativeness,	and	representativeness	as	

an	 underlying	 driver	 of	 the	 significant	 market	 reaction	 to	 negative	 rating	 outlook	

announcements.	

	

This	 paper	 contributes	 to	 the	 existing	 literature	 in	 at	 least	 four	 ways.	 Our	 main	

contributions	are	both	to	document	the	stock	market	reaction	to	credit	rating	outlook	changes;	

and	to	provide	a	theoretical	 framework	under	which	our	results,	as	well	as	previous	related	

findings,	 can	 be	 interpreted.	 Namely,	 the	 framework	 used	 has	 the	 potential	 to	 explain	 the	

significant	negative	abnormal	reaction	to	negative	credit	rating	outlook	changes,	as	well	as	the	

insignificant	market	 reaction	 to	positive	 credit	 rating	 outlook	 changes.	 Thus,	we	 combine	 a	

large	body	of	empirical	evidence	with	a	theoretical	background.	By	using	Luo’s	(2014)	model,	

we	also	acknowledge	that	some	investors	may	not	be	fully	rational,	and	on	the	contrary,	exhibit	

behavioral	biases	such	as	conservatism	or	rely	on	representativeness	heuristic.	Subsequently,	

we	 recognize	 heterogeneous	 beliefs	 in	 the	market,	 and	 take	 into	 account	 investors’	 diverse	

probability	updating	processes.		

	

Secondly,	 we	 contribute	 to	 the	 existing	 literature	 by	 providing	 a	 new	 identification	

strategy,	 different	 than	 the	 commonly	 used	 to	 study	 these	 types	 of	 credit	 rating	 news.	

Specifically,	we	classify	good	and	bad	news	across	a	spectrum,	rather	than	solely	based	on	the	

positive	or	negative	connotations	in	the	press-release	title.	Furthermore,	unlike	past	studies	

focusing	mainly	on	rating	changes,	we	exclusively	focus	on	the	impact	of	changes	in	an	issuer’s	

rating	outlook	(including	reviews	for	upgrade	and	downgrade)	on	the	US	stock	market.	The	

motivation	behind	disregarding	actual	rating	changes	is	that	in	the	case	of	downgrades,	they	

are	largely	and	sometimes	fully	anticipated	by	the	market	given	the	credit	warnings	that	rating	

agencies	publish;	 as	 a	 consequence,	 rating	downgrades	 announcements	 sometimes	have	no	
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impact	on	stock	prices	(Finnerty	et	al,	2013).	Therefore,	by	excluding	rating	changes,	we	solely	

focus	on	events	that	tend	to	“surprise”	the	stock	market.		

	

Our	 results	 are	 consistent	with	 the	 literature	 on	 overreaction,	 as	we	 find	 that	 stock	

prices	negatively	react	to	negative	rating	outlook	changes	during	the	event	window	(-1,	1)	and	

subsequently	earn	a	higher	return	in	the	month	following	the	announcement,	as	shown	by	a	

significant	positive	 cumulative	average	abnormal	 return	 in	 the	 (2,	30)	 time	window.	Unlike	

actual	rating	changes,	outlooks	merely	indicate	a	potential	direction	of	a	rating	change.		Hence,	

our	findings	show	that	investors	react	to	the	likely	credit	deterioration	of	an	issuer.			

	

The	significant	price	reversal	in	response	to	negative	rating	outlook	changes	suggests	

that	the	market	briefly	overreacts	to	negative	credit	outlook	changes,	driving	the	price	below	

its	fundamental	value.	As	a	result,	the	asset	may	become	undervalued,	which	triggers	a	price	

correction	in	the	month	following	the	announcement.	This	finding	complements	the	evidence	

reported	by	Glascock	et	al.	(1987)	on	a	reversal	after	the	announcement	of	rating	downgrades.	

	

The	remainder	of	 this	paper	 is	as	 follows.	 In	section	2,	we	start	by	briefly	describing	

Moody’s	credit	rating	system.	We	then	define	conservatism	and	representativeness,	as	well	as	

their	 impact	 on	 investor	 behavior,	 and	 give	 a	 brief	 overview	 of	 the	 existing	 literature	 on	

underreaction	and	overreaction	to	new	information.	Finally,	we	outline	the	findings	of	previous	

research	related	to	the	impact	of	credit	rating	events	on	different	securities	markets.	Section	3	

introduces	Luo’s	(2014)	model	and	formulates	our	testable	hypotheses.	Section	4	describes	our	

data	and	decontamination	process,	while	Section	5	explains	in	detail	our	identification	strategy	

as	well	as	 the	event	study	methodology	used	to	conduct	 this	analysis.	Section	6	reports	our	

results	and	further	relates	our	findings	to	Luo’s	(2014)	model	in	order	to	explain	the	possible	

drivers	of	the	observed	market	reactions	to	outlook	changes.	In	Section	7,	we	first	outline	our	

contributions	to	the	existing	literature,	and	highlight	alternative	explanations	to	the	observed	

phenomenon	as	well	as	the	shortcomings	of	our	study.	Finally,	Section	8	concludes.	
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2.	Literature	Review	
	

The	 literature	 review	 is	 divided	 into	 four	 subsections.	 Section	 2.1	 briefly	 introduces	

Moody’s	 credit	 rating	 system.	 Section	 2.2	 reviews	 the	 relevant	 literature	 regarding	

conservatism	 bias	 and	 representativeness	 heuristic.	 Section	 2.3	 provides	 a	 short	 literature	

review	 on	market	 underreaction	 and	 overreaction	 to	 new	 information.	 Finally,	 section	 2.4	

summarizes	our	literature	review	on	empirical	evidence	of	the	market	reaction	to	credit	rating	

events.		

	

2.1	Moody’s	Rating	System	
	

	 As	the	largest	and	most	influential	credit	rating	agency	in	the	world,	we	have	chosen	to	

focus	on	Moody’s	outlook	publications	for	our	study.	Moody’s	long-term	rating	scale	is	divided	

into:	Aaa,	Aa,	A,	Baa,	Ba,	B,	Caa	and	Ca-C.	With	the	exception	of	the	Aaa	and	Ca-C	categories,	each	

category	 is	subdivided	 into	alphanumeric	ratings	(1,	2	and	3)	 for	enhanced	rating	accuracy,	

with	1	denoting	the	highest	rating	within	a	category.		

	

For	example,	an	issuer	with	a	Aa1	rating	is	understood	to	have	a	better	credit	quality	

than	an	issuer	with	a	Aa2,	in	turn	with	a	higher	creditworthiness	than	one	rated	Aa3.	Moody’s	

pools	its	rating	categories	in	two	different	segments,	the	investment	grade	and	the	speculative	

grade	(or	“high-yield”,	“junk	bond”,	“sub-investment	grade”).	The	former	refers	to	issuers	rated	

Baa3	and	above,	while	the	latter	are	rated	below	that	threshold.		

	

Moody’s	introduced	rating	outlooks	and	reviews	in	the	1990s.	Rating	outlooks	expresses	

the	agency’s	opinion	about	the	likely	direction	of	the	rating	over	the	medium	term.	Moody’s	

rating	outlooks	are	divided	into	four	categories:	Positive	(POS),	Stable	(STA),	Negative	(NEG),	

and	Developing	 (DEV).	A	 stable	outlook	 indicates	 a	 low	 likelihood	of	 a	 rating	 change	 in	 the	

medium-term,	while	a	positive	(negative)	outlook	signals	a	higher	likelihood	of	a	rating	upgrade	

(downgrade)	 in	 the	 medium	 term	 relative	 to	 a	 stable	 outlook.	 Additionally,	 a	 developing	

outlook	suggests	that	the	likelihood	of	a	rating	change	is	higher	than	with	a	stable	outlook,	but	
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that	it	could	be	in	either	direction.	A	rating	can	also	be	withdrawn	(WR),	which	indicates	that	

all	outlooks	assigned	to	this	issuer	subsequently	disappear.		

	
Additionally,	 an	 issuer	 can	 be	 temporarily	 placed	 under	 review	 for	 upgrade	 or	

downgrade.	 Reviews	 fall	 under	 three	 categories	 in	 the	 Moody’s	 rating	 system:	 Review	 for	

Upgrade	(UPG),	Review	for	Downgrade	(DNG),	and	review	with	direction	Uncertain	(UNC).		The	

first	 two	 are	 by	 far	 the	 most	 common.	 When	 placed	 under	 review,	 an	 issuer	 is	 likely	 to	

experience	a	rating	change	in	the	near-term.	Historical	data	shows	that	the	probability	of	an	

issuer	being	downgraded	conditional	on	being	under	review	for	downgrade	is	greater	than	the	

probability	of	being	downgraded	conditional	on	having	a	negative	outlook.	The	same	holds	true	

for	reviews	for	upgrade	and	positive	outlooks	(Cantor	and	Hamilton,	2005).		

	
An	issuer	may	be	placed	under	review	if	a	rating	change	is	likely	to	occur	in	the	short-

term,	but	the	agency	requires	additional	information	in	order	to	make	a	final	decision.	However,	

it	is	not	necessary	to	be	placed	under	review	before	a	rating	change;	and	conversely,	reviews	

do	not	always	lead	to	a	change	in	rating.		Further,	agencies	can	downgrade	or	upgrade	an	issuer	

without	reviewing	its	rating	nor	changing	its	outlook	beforehand.		

	
The	time	duration	of	outlooks	and	reviews	greatly	varies	 from	one	issuer	to	another,	

however	on	average	the	next	rating	action	happens	within	12	to	18	months	of	the	initial	outlook	

announcement.	On	the	other	hand,	the	duration	of	reviews	tends	to	be	shorter,	with	an	average	

length	of	30	to	90	days,	although	it	can	sometimes	exceed	180	days.		

	

	

2.2	Conservatism	and	Representativeness	
	

Heuristics	 are	 mental	 shortcuts,	 or	 rules	 of	 thumb	 used	 by	 people	 when	 making	

decisions.	They	are	commonly	used	to	solve	problems	and	make	judgements	quickly;	however,	

they	 sometimes	 lead	 to	 flawed	 decision-making	 (Kahneman	 and	 Tversky,	 1972).	

Representativeness	 heuristic	 and	 conservatism	 bias	 have	 been	 previously	 used	 to	 explain	

various	 types	 of	market	 anomalies,	 including	 price	 underreaction	 and	 overreaction	 to	 new	

information.		
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Kahneman	and	Tversky	(1972)	describe	representativeness	as	“the	degree	to	which	[an	

event]	 is:	 (i)	 similar	 in	essential	properties	 to	 its	parent	population;	 (ii)	 [an	event]	 reflects	 the	

salient	features	of	the	process	by	which	it	is	generated.”	(pp.	431).	Using	a	series	of	experiments,	

the	 authors	 found	 that	when	 forming	beliefs	 and	evaluating	 the	probability	of	 an	uncertain	

outcome,	people	tend	to	put	too	much	weight	on	current	information	and	too	little	weight	on	

their	prior	knowledge.	In	other	words,	they	underestimate	the	base	rate	relative	to	Bayes	rule.	

As	a	 result,	 representativeness	 leads	people	 to	excessively	 rely	on	stereotypes,	 and	 thereby	

judge	 an	 event	 more	 likely	 than	 it	 actually	 is	 because	 it	 is	 representative	 of	 its	 parent	

population.		

	
	 An	 example	 of	 representativeness	 heuristic	 is	 what	 investors	 commonly	 refer	 to	 as	

technical	 analysis.	 Essentially,	 traders	 that	 use	 technical	 analysis	 rely	 on	 past	 information	

contained	in	prices	to	predict	future	movements	in	the	market.	This	strategy	involves	placing	a	

high	weight	on	recent	 information	and	a	smaller	weight	on	prior	knowledge.	An	 interesting	

finding	 from	 De	 Bondt	 and	 Thaler	 (1985),	 is	 that	 professional	 investors	 who	 rely	 on	

representativeness	are	more	prone	to	predict	reversals	than	other	traders	because	they	view	

the	 market	 as	 a	 mean	 reverting	 process.	 In	 the	 next	 subsection,	 we	 will	 see	 that	

representativeness	 has	 been	 used	 in	 several	 studies	 to	 explain	 price	 overreaction	 to	 new	

information	(Barberis	et	al.,	1998;	Luo,	2014).		

	
	 Conservatism	is	a	type	of	psychological	bias	which	has	previously	been	used	to	explain	

market	anomalies,	including	the	market	underreaction	to	new	market	intelligence.	It	was	first	

introduced	by	Edwards	(1968),	who	analyzed	the	reactions	of	subjects	to	new	information	and	

compared	them	to	a	rational	agent	who	updates	probabilities	according	to	Bayes	rule	in	various	

experiments.	Interestingly,	he	found	that	some	individuals	update	their	beliefs	in	the	correct	

direction,	however	not	sufficiently	relative	to	the	Bayesian.	In	other	words,	investors	that	are	

prone	to	the	conservatism	bias	update	their	probabilities	slowly	compared	to	a	Bayesian.		

	

	 Conservatism	has	 important	 implications.	Pompian	 (2006)	outlines	 several	examples	

where	conservatism	affects	the	behavior	of	financial	investors.	He	explains	that	conservatism	

bias	can	lead	investors	to	forgo	profitable	investment	opportunities	as	they	behave	inflexibly	
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when	presented	with	new	information.	In	the	next	section	we	review	previous	studies	that	have	

incorporated	conservatism	bias	in	their	theoretical	framework	in	an	attempt	to	explain	price	

underreaction	to	new	information.		
	

	

2.3	Market	Underreaction	and	Overreaction	
	

Asset	price	underreaction	and	overreaction	to	new	information	are	regarded	as	market	

anomalies.	Both	are	inconsistent	with	the	efficient	market	hypothesis,	and	if	the	four	traditional	

axioms	 of	 preferences1	 are	 strictly	 satisfied,	 rational	 asset	 pricing	 does	 not	 provide	 an	

explanation	as	to	why	these	phenomena	occur	(Luo,	2014).	There	are	several	empirical	studies	

that	 document	 the	 presence	 of	 under	 and	 overreaction	 to	 new	 available	 information.	 Such	

papers	include	the	works	of	Ikenberry	et	al.	(1995)	and	Ikenberry	et	al.	(1996),	which	study	the	

market	reaction	to	repurchases	and	stock-splits	respectively,	and	find	abnormal	returns	few	

years	after	the	announcements,	attributing	this	to	an	initial	market	underreaction.	Michaely	et	

al.	(1995)	find	similar	evidence	for	dividend	initiations	and	omissions.	

	
Moreover,	Jegadeesh	and	Titman	(1993)	find	evidence	that	stock	returns	are	positively	

autocorrelated	 over	 a	 six-month	 period	 and	 interpret	 this	momentum	effect	 as	 evidence	 of	

underreaction	in	the	market.	Chan	et	al.	(1997)	combine	both	momentum	and	earnings	drift	

evidence	 and	 find	 that	 stocks	with	 high	 past	 returns	 and	 positive	 earnings	 surprises	 often	

outperform	 stocks	with	 lower	 past	 returns	 and	unexpectedly	 low	 earnings	 surprises	 in	 the	

following	 periods;	 concluding	 that	 investors	 underreact	 to	 news	 and	 slowly	 integrate	

information	into	prices.	Other	studies	showing	these	types	of	underreaction	to	new	information	

are	described	by	Fama	(1998)	and	Daniel	et	al.	(1998).		

	

Similarly,	 there	 is	also	 literature	documenting	market	overreaction	 to	good	news.	De	

Bondt	and	Thaler	(1985)	find	that	stocks	with	the	lowest	returns	over	any	given	period	of	five	

years	on	average	earn	higher	returns	over	the	following	five	years,	and	vice	versa.	Their	results	

                                                
1		The	axioms	of	preferences	laid	out	by	von	Neumann	Morgenstern	(1944)	are	Completeness,	Transitivity,	Continuity	and	
Independence.		
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also	indicate	that	stock	prices	that	overreact	to	good	news	must	undergo	a	subsequent	price	

correction.	Related	to	this	finding,	Ritter	(1991)	and	Loughran	and	Ritter	(1995)	document	the	

inferior	long-term	returns	following	IPOs	and	seasoned	equity	offerings.	

	
	 Additionally,	there	also	exist	behavioral	studies	analyzing	the	market	overreaction	and	

underreaction	to	new	information.	These	include	for	instance	the	extrapolation	based	on	past	

prices	by	Hong	and	Stein	 (1999),	who	study	 the	diffusion	of	 information	across	 the	general	

public	to	explain	underreaction	to	new	information	in	asset	markets.	Further,	they	find	that	the	

extrapolation	of	 information	contained	 in	past	prices	 that	 technical	 traders	use	as	a	 trading	

strategy,	causes	the	asset	price	to	overreact	to	new	information.	Another	explanation	for	both	

phenomena	is	outlined	by	Hirshleifer	et	al.	(2011)	who	use	limited	attention	as	a	reason	for	

both	under	and	overreaction	to	earnings	announcements.		

	
Another	explanation	to	market	underreaction	to	new	information	is	given	by	Frazzini	

(2006)	and	refers	to	the	“disposition	effect”.	The	disposition	effect	is	a	behavioral	bias	which	

predisposes	traders	to	seek	to	realize	small	gains	and	to	avoid	small	losses.	The	intuition	is	that	

in	 the	 presence	 of	 bad	 news,	 investors	 are	 reluctant	 to	 sell	 if	 they	 cannot	 realize	 a	 profit,	

therefore	 the	 stock	 price	 does	 not	 drop	 as	much	 as	 it	 would	 otherwise.	 Conversely,	 in	 the	

presence	of	good	news	the	stock	price	rises,	therefore	investors	who	display	the	disposition	

effect	will	want	to	lock	in	the	gains,	which	causes	the	price	to	underreact.		

		
Other	 studies	 such	 as	 Barberis	 et	 al.	 (1998)	 use	 conservatism	 bias	 and	

representativeness	heuristic	as	reasons	for	asset	price	underreaction	or	overreaction	to	new	

information.	 Barberis	 et	 al.	 (1998)	 propose	 a	 model	 that	 attributes	 underreaction	 to	

conservatism	 and	 overreaction	 to	 representativeness.	 In	 their	 paper,	 good	 news	 refers	 to	

earnings	announcement	that	are	higher	than	expected.	Their	model	is	adapted	for	strings	or	

sequences	of	good	news	or	bad	news,	and	subsequent	overreaction	or	underreaction.	On	the	

other	hand,	Luo	(2014)	proposes	a	model	in	which	both	conservatism	and	representativeness	

can	be	the	cause	of	overreaction	as	well	as	underreaction	in	the	market,	which	is	the	base	of	

our	theoretical	framework.		
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2.4	Market	Reaction	to	Credit	Rating	Events	
	

	 In	this	section,	we	review	the	literature	related	to	the	market	reaction	to	credit	rating	

events	in	several	securities	markets.	The	motivation	behind	this	literature	stems	from	the	idea	

that	 if	 credit	 ratings	 announcements	 convey	 new	 information	 to	 the	 market,	 then	 a	 price	

correction	should	be	observed	 in	response;	however,	 if	 the	 information	conveyed	 is	already	

known	to	market	participants,	then	market	prices	should	not	react	to	the	announcement.		

	

	 Previous	studies	have	focused	on	the	impact	of	credit	rating	announcements	on	bond	

and	stock	prices.	Most	researchers	have	found	that	rating	downgrades	have	a	negative	impact	

on	prices.	On	the	contrary,	past	literature	find	virtually	no	evidence	or	at	most	little	evidence	of	

market	 reaction	 to	 rating	 upgrade	 announcements.	 These	 papers	 include:	 Pinches	 and	

Singleton	(1978),	Griffin	and	Sanvicente	(1982),	Holthausen	and	Leftwich	(1986),	Glascock	et	

al.	(1987),	Hand	et	al.	(1992),	Followill	and	Martell	(1997),	Goh	and	Ederington	(1999),	Dichev	

and	Piotroski	(2001),	Norden	and	Weber	(2004).	For	a	more	detailed	description	of	their	main	

results,	please	refer	to	the	literature	matrix	below.		

	

	 Hand	et	al.	 (1992)	 is	one	of	 first	paper	to	document	the	effect	of	credit	watchlists	on	

stock	 and	 bond	 prices.	 Specifically,	 they	 find	 that	 addition	 to	 the	 S&P’s	 CreditWatch	 list	 is	

associated	with	 significant	 negative	 abnormal	 stock	 returns	 immediately	 after	 a	 review	 for	

downgrade	announcement.	On	the	other	hand,	they	find	no	compelling	evidence	of	significant	

positive	abnormal	returns	following	reviews	for	upgrade.	A	series	of	papers	also	report	similar	

findings	(see	Table	1).	Goh	and	Ederington	(1999)	confirm	this	finding	and	further	observe	that	

both	 downgrades	within	 the	 high-yield	 category	 and	 crossovers	 into	 the	 speculative-grade	

category	have	a	larger	negative	impact	on	stock	prices	than	downgrades	within	the	investment	

grade	 category.	Notwithstanding,	 Chung	 et	 al.	 (2012)	 find	 that	 credit	watches	 provide	 new	

information	to	the	market,	and	that	both	reviews	for	upgrade	and	downgrade	are	associated	

with	significant	positive	and	negative	abnormal	returns.		
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	 More	recently,	researchers	have	switched	their	focus	to	the	credit	default	swap	(CDS)	

market	 in	 order	 to	 investigate	 the	 relationship	 between	 CDS	 spreads	 and	 credit	 rating	

announcements,	as	well	as	reviews	for	downgrade	and	upgrade.	CDS	contracts	are	a	form	of	

insurance	policy	against	the	default	of	a	firm,	and	the	CDS	spread	is	the	yearly	cost	of	protection	

against	this	event.	Hence,	CDS	spreads	are	widely	viewed	as	the	default	risk	of	a	firm,	and	the	

greater	the	probability	of	default,	the	greater	the	spread.	As	for	stocks	and	bonds,	if	credit	rating	

events	convey	new	information	to	the	market,	then	they	should	have	an	impact	on	CDS	spreads.		

	

Several	papers	document	this	effect.	Similar	to	evidence	reported	in	the	stock	market,	

Hull	 et	 al.	 (2004)	 and	Norden	 and	Weber	 (2004)	 observe	 a	 significant	 positive	 CDS	 spread	

change	before	and	around	reviews	for	downgrade	announcements.	Additionally,	both	studies	

find	insignificant	CDS	spread	reaction	to	positive	credit	rating	events.		

	
	 In	 contrast	 to	 rating	 changes	 and	 credit	 reviews,	 outlooks	 have	 received	much	 less	

attention.	Hull	et	al.	(2004)	is	one	of	the	seldom	papers	that	include	credit	rating	outlooks	in	

their	dataset.	 Interestingly,	 they	document	an	asymmetric	 reaction	of	CDS	spreads	 to	credit	

rating,	 rating	 reviews	 and	 outlook	 events.	 First,	 they	 find	 that	 the	 CDS	market	 reacts	more	

significantly	 to	 reviews	 for	 downgrade	 and	 negative	 outlook	 announcements	 than	 actual	

downgrades.	Second,	they	provide	no	evidence	of	significant	market	reaction	to	any	of	the	three	

types	of	positive	credit	events.	They	also	show	that	the	market	anticipates	rating	downgrades	

up	to	90	days	before	the	announcement.	Norden	and	Weber	(2004)	find	similar	results	(see	

literature	matrix	below).	

	
Nonetheless,	there	are	hardly	any	papers	that	have	found	rating	upgrades	or	reviews	for	

upgrade	to	have	a	significant	impact	on	prices.		Finnerty	et	al.	(2013)	is	one	of	the	few	published	

papers	that	find	significant	positive	market	adjustments	in	response	to	positive	credit	rating	

announcements2.	 They	 provide	 evidence	 of	 significant	 adjusted	 CDS	 spread	 changes	 in	

response	to	both	positive	and	negative	outlooks,	as	well	as	reviews	for	upgrade	and	downgrade.		

	
                                                
2	In	an	unpublished	paper,	Micu	et	al.	(2006)	find	that	all	types	of	credit	rating	announcements	have	significant	impact	on	CDS	
prices;	with	their	results	holding	for	both	anticipated	and	unanticipated	rating	events.	
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Cantor	 and	Hamilton	 (2004)	 is	 the	 first	 paper	 to	 study	 the	 informational	 content	 of	

rating	 outlooks	 and	 reviews,	 and	 find	 that	 both	 are	 relevant	 instruments	 to	 explain	 the	

differences	in	historical	default	and	migration	rates	within	the	same	rating	class.	They	conclude	

that	credit	rating	outlooks	(including	reviews)	significantly	increase	the	rating	accuracy,	and	

that	a	complete	Moody’s	credit	opinion	includes	both	a	rating	and	an	outlook.	The	authors	also	

show	that	the	effect	of	rating	momentum	on	transition	and	default	probabilities	almost	entirely	

disappears	after	conditioning	on	outlook	and	reviews.		

	
	 In	another	study	published	in	2005,	Cantor	and	Hamilton	provide	an	extensive	review	

of	rating	outlooks,	re-estimate	default	and	rating	migration	rates	conditional	on	outlook	status,	

and	 study	 the	 impact	 of	 rating	 outlooks	 on	 subsequent	 rating	 accuracy.	 The	 authors	 also	

examine	the	relationship	between	rating	outlooks	and	the	gap	between	Moody’s	implied	ratings	

and	CDS-implied	ratings.	A	negative	gap	indicates	that	Moody’s	credit	rating	is	higher	than	the	

CDS	market	rating,	which	is	implied	by	the	CDS	spread,	whereas	when	the	rating	gap	is	positive,	

Moody’s	rates	lower	than	the	market.		

	
Cantor	 and	 Hamilton	 (2005)	 report	 that	 reviews	 for	 downgrade	 have	 a	 significant	

announcement	day	effect	for	both	negative	and	positive	rating	gaps.	Further,	negative	outlooks	

and	reviews	for	upgrade	exhibit	significant	announcement	day	effect	for	positive	rating	gaps	

only.	They	also	find	that	issuers	with	a	negative	outlook	or	placed	under	review	for	downgrade	

typically	 trade	 at	 a	 wider	 spread	 than	 similarly	 rated	 issuers,	 which	 confirms	 empirical	

evidence	that	the	CDS	market	reacts	to	negative	credit	events.	The	literature	mentioned	above	

is	summarized	in	the	literature	matrix	below.	
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Literature	Review	Matrix	
	

	
	

Market	
	

Study	
	

Data	
	

Main	Results	
Bonds	 Wansley	et	al.	

(1992)	

1982–1984,	S&P,	351	

bonds,	weekly	abnormal	

bond	returns	during	the		

[-12,	+12]	time	interval.	

Significant	negative	

performance	in	the	week	of	

downgrade	announcements,	

no	significant	reaction	to	

upgrades.	

	

Bonds	 Steiner	and	

Heinke	

(2001)	

1985–1996,	S&P	and	

Moody’s,	546	rating	

changes,	182	watch		

listings,	daily	abnormal	

bond	returns	during	the		

[-180,	+180]	time	interval.	

Significant	negative	abnormal	

performance	starting	90	days	

prior	to	downgrades	and	

negative	watch	listings,	

evidence	for	overreaction	

directly	after	the	

announcement.	

	

Equities	 Pinches	and	

Singleton	

(1978)	

1959-1972,	Moody’s,	207	

firms,	monthly	abnormal	

stock	returns	during	the		

[-30,	+12]	time	interval.	

	

Anticipation	before	rating	

changes,	but	no	abnormal	

reaction	post	announcement.		

	

Equities	 Griffin	and	

Sanvicente	

(1982)	

1960–1975,	Moody’s	and	

S&P,	180	rating	changes,	

monthly	abnormal	stock	

returns	during	the	[-11,	+1]	

time	interval.	

	

No	market	anticipation	before	

announcement,	but	negative	

adjustment	following	

downgrades.	
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Equities	 Holthausen	

and	

Leftwich	

(1986)	

1977–1982,	Moody’s	and	

S&P,	1014	rating	changes,	

256	additions	to	S&P	Credit	

Watch,	daily	abnormal	

stock	returns	during	the	

[-300,	+60]	time	interval.	
	

Significant	negative	market	

reaction	following	

downgrades,	no	significant	

abnormal	return	following	

upgrades.	

Equities	 Glascock	et	al.	

(1987)	

1977–1981,	Moody’s,		

162	rating	changes,	daily	

abnormal	stock	returns	

during	the	[-90,	+90]	time	

interval.	
	

Significant	negative	

abnormal	returns	before	and	

around	downgrades,	reversal	

after	the	announcement	day.	

	

Equities	

and	Bonds	

Hand	et	al.	

(1992)	

1977–1982/1981–1983,	

Moody’s	and	S&P,	1100	

rating	changes	and	250	

additions	to	S&P	Credit	

Watch,	window	spanning	

stock	and	bond	returns.	

Significantly	negative	

abnormal	stock	and	bond	

returns	for	downgrades	and	

unexpected	additions	to	Credit	

Watch,	no	significant	abnormal	

performance	for	upgrades.	
	

Equities	 Goh	and	

Ederington	

(1993)	

1984–1986,	Moody’s,	daily	

abnormal	stock	returns	

during	the	[-30,	+30]	time	

interval.	

Significantly	negative	stock	

performance	for	downgrades	

due	to	earnings	deterioration,	

positive	abnormal	returns	for	

downgrades	due	to	higher	

leverage.	

	

Equities	 Followill	and	

Martell	

(1997)	

1985–1988,	Moody’s,	64	

reviews	and	actual	rating	

changes,	daily	abnormal	

stock	returns	during	the		

[-5,	+5]	time	interval.	

Significant	negative	stock	

returns	for	reviews	for	

downgrade,	insignificant	

abnormal	return	around	actual	

downgrades.	
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Equities	 Goh	and	

Ederington	

(1999)	

1984-1990,	Moody’s,	795	

rating	changes,	daily	

abnormal	stock	returns	

during	the	[-45,	+1]	time	

interval.	

Significant	negative	stock	

returns	following	rating	

downgrades.	Impact	is	

stronger	within	the	

speculative	grade	segment.	

	

Equities	 Dichev	and	

Piotroski	

(2001)	

1970–1997,	Moody’s,	4,727	

rating	changes,	daily	

abnormal	stock	returns.	

	

Significant	negative	stock	

performance	during	the	first	

month	post	downgrade	

announcement,	no	significant	

reaction	for	upgrades.	

	

Equities	

and	CDS	

Norden	and	

Weber	(2004)	

2000-2002,	Moody’s,	S&P	

and	Fitch,	reviews	and	

rating	changes,	daily	

abnormal	returns	for		

both	markets.	

Anticipation	in	both	markets	

prior	to	downgrades	

Negative	abnormal	stock	

returns	around	negative	rating	

and	review	for	downgrade	

events		

No	significant	reaction	for	

upgrades.	

	

Equities	 Chung	et	al.	

(2012)	

1992-2010,	Moody’s,	credit	

watches	and	rating	changes,	

daily	stock	returns	during	

the	[-1,	+1]	time	interval.	

Up	and	down	credit	watch	

announcements	are	associated	

with	significant	positive	and	

negative	abnormal	returns	

Both	deliver	new	information	

to	the	market.	
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CDS	 Hull	et	al.	

(2004)	

1998–2002,	Moody’s,	rating	

changes,	reviews	and	

outlooks,	adjusted	CDS	

spread	changes	during	the	

[-90,	+10]	time	interval.	

	

Significant	positive	adjusted	

CDS	spread	changes	prior	to	

all	three	types	of	negative	

credit	rating	events.	

	

CDS	 Cantor	and	

Hamilton	

(2005)	

1995-2005,	Moody’s,	7431	

firms,	outlooks,	watchlist	

and	rating	changes,	CDS	

spreads	during	the		

[-90,	+90]	time	interval.	

	

Rating	reviews	have	a	larger	

impact	than	outlooks	on	CDS	

spreads.	Virtually	no	effect	for	

positive	outlooks.		

CDS	 Micu	et	al.	

(2006)	

2001-2005,	Moody’s,	S&P	

and	Fitch,	over	6000	credit	

rating,	reviews	and	outlook	

announcements,	CDS	

spread	changes	during	the	

[-60,	+20]	time	interval.	

	

Significant	impact	on	CDS	

spreads	for	all	types	of	rating	

announcements.	

CDS	 Finnerty	et	al.	

(2013)	

2001-2009,	S&P,	1371	

firms,	rating	changes,	

reviews	and	outlooks,	

adjusted	CDS	spread	

changes	during	the		

[-90,	+30]	time	interval.	

Significant	adjusted	CDS	

spread	changes	for	both	

positive	and	negative	reviews	

and	outlooks	

Rating	downgrades	have	a	

stronger	impact	than	upgrades	

on	CDS	spreads.	
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3.	Theoretical	Framework		
	

In	this	section,	we	outline	different	theoretical	frameworks	that	could	explain	abnormal	

reactions	 to	 credit	 outlook	 changes	 and	 watchlist	 placement	 announcements	 observed	 in	

empirical	evidence.	The	remainder	of	this	section	is	organized	as	follows:	Section	3.1	briefly	

provides	an	illustrative	example	of	price	reaction	given	outlook	announcements	under	classical	

asset	pricing	assumptions.	Section	3.2	highlights	the	contributions	of	Luo	(2014)	and	explains	

how	it	can	be	used	as	a	possible	framework	to	predict	asset	price	reaction	to	credit	outlook	and	

watchlist	announcements.	Finally,	Section	3.3	formulates	our	hypotheses.		

	

	

3.1	A	Classical	Asset	Pricing	Framework	
	

In	this	subsection,	we	use	classical	asset	pricing	theory	to	explain	what	happens	to	the	

price	of	an	asset	following	a	credit	outlook	assignment.		

	

In	equilibrium,	when	there	are	no	arbitrage	opportunities,	the	price	of	a	security	is	the	

expected	weighted	sum	of	 its	 future	payoffs	weighted	by	 the	stochastic	discount	 factor.	The	

price	of	 a	 security	 is	 given	by	Eq.	 (1)	below	and	 is	derived	 from	 the	 representative	 agent’s	

consumption	choice	problem.	In	this	setting,	we	assume	that	investors	are	homogeneous,	and	

that	the	representative	agent	is	rational	and	satisfies	the	four	standard	axioms	of	preferences,	

namely	Completeness,	Transitivity,	Continuity,	and	Independence3.	To	this	end,	we	can	write	

the	following:	

	

	

𝑝 = 	$𝜋(𝑠)𝑚(𝑠)𝑥(𝑠) = 𝐸(𝑚𝑥)	
,

(1)	

	

                                                
3	Neumann	and	Morgenstern	(1944)	define	an	agent	as	rational	under	Expected	Utility	Theory	if	he	satisfies	these	four	
axioms	of	preferences.		
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where	𝜋(𝑠)	is	the	probability	of	state	(𝑠)	being	realized,	𝑚(𝑠)	is	the	stochastic	discount	

factor	in	state	(𝑠),	and	𝑥(𝑠)	is	the	payoff	of	the	stock	in	state	(𝑠).	The	price	is	determined	by	a	

representative	agent	whose	beliefs	and	preferences	about	the	asset	payoff	are	encompassed	in	

𝜋(𝑠)	and	𝑚(𝑠).		

	

	 In	 a	 simplistic	 one-period	model,	 let	 us	 suppose	 there	 is	 only	 one	 risky	 asset	whose	

payoff	is	uncertain	and	depends	on	two	factors:	1)	the	state	of	the	world	that	occurs	and	2)	the	

outlook	assigned	to	the	asset.	The	states	of	the	world	can	either	be	a	Good	economy	or	a	Bad	

economy;	 while	 the	 asset	 can	 either	 be	 assigned	 a	 Positive	 outlook,	 a	 Stable	 outlook,	 or	 a	

Negative	outlook.	The	initial	outlook	of	the	asset	is	Stable.		

	

In	the	Good	State	of	the	economy,	the	expected	payoff	of	the	asset	is	higher	than	in	the	

Bad	State	of	the	economy.	A	Positive	outlook	indicates	that	the	expected	payoff	of	the	asset	in	

any	state	is	higher	than	the	expected	payoff	of	the	asset	with	a	Stable	outlook,	which	in	turn	is	

higher	than	the	expected	payoff	of	the	asset	with	a	Negative	outlook	in	any	state.	Once	the	asset	

is	assigned	an	outlook,	its	expected	payoff	may	be	higher,	remain	stable,	or	decrease	depending	

on	 its	 new	 outlook	 status;	 given	 that	 its	 probability	 of	 upgrade,	 downgrade,	 or	 default	 is	

conditional	on	the	outlook	of	the	asset.		

	

The	key	to	understand	this	example	is	that	the	probability	of	a	higher	expected	payoff	

conditional	 on	having	 a	 positive	 outlook	 is	 larger	 than	 the	probability	 of	 a	 higher	 expected	

payoff	conditional	on	having	a	stable	outlook,	which	 is	 itself	 larger	than	the	probability	of	a	

higher	expected	payoff	conditional	on	having	a	negative	outlook.	Additionally,	the	probability	

of	 a	 lower	 expected	 payoff	 conditional	 on	 having	 a	 negative	 outlook	 is	 larger,	 than	 the	

probability	of	a	 lower	expected	payoff	conditional	on	having	a	stable	outlook,	which	is	 itself	

larger	than	the	probability	of	a	lower	expected	payoff	conditional	on	having	a	positive	outlook.		

	

	 The	states	of	the	world	(good	or	bad	economy)	also	enter	the	pricing	equation	through	

the	 stochastic	 discount	 factor	 (SDF).	 Disregarding	 the	 impatience	 parameter,	 the	 SDF	 is	

essentially	the	ratio	of	the	marginal	utilities	of	consumption	in	state	𝑖, 𝑖	𝜖	(𝐺𝑜𝑜𝑑, 𝐵𝑎𝑑),	which	

differ	according	to	the	state	of	the	world.	Clearly,	a	higher	expected	payoff	does	not	yield	the	

same	marginal	utility	for	an	agent	in	a	good	state	compared	to	a	bad	state.	Hence,	the	final	price	
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of	the	asset	reflects	both	the	marginal	utilities	of	consumption	of	the	agent	given	the	state	of	

the	world	and	the	effect	of	the	outlook	assigned	to	the	asset.	

	

In	this	setting,	we	have	three	pricing	equations	like	Eq.	(1),	yielding	three	different	prices	

conditional	on	the	outlook.	Note	that	there	is	a	unique	initial	price	and	that	there	is	also	a	unique	

final	price;	however,	the	final	price	depends	on	whether	the	asset	receives	a	Negative,	Stable,	

or	Positive	outlook.	An	important	feature	of	this	framework	is	that	as	long	as	the	probabilities	

of	getting	a	higher	expected	payoff,	remaining	stable,	or	obtaining	a	lower	payoff	conditional	

on	having	a	specific	outlook	status	are	different	for	each	of	the	three	types	of	outlook,	the	asset	

will	have	three	different	conditional	prices4.				

	

This	 result	 is	 essential	 because	 it	 implies	 that	 a	 change	 in	 the	 issuer’s	 outlook,	 for	

example	from	stable	to	positive,	or	stable	to	negative,	will	have	an	impact	on	the	price	through	

the	 change	 in	 the	 conditional	 probabilities	 and	marginal	 utilities	 of	 consumption	 given	 the	

state5.	The	purpose	of	this	example	is	to	show	that	from	Eq.	(1),	the	price	of	the	asset	changes	

in	response	to	the	change	in	the	conditional	probability	of	achieving	a	higher	or	lower	expected	

payoff,	which	is	due	to	the	change	in	the	outlook	status.	This	setup	also	showcases	that	in	the	

case	where	the	outlook	remains	the	same	throughout	the	period	(i.e.	stable	to	stable),	the	price	

should	 not	 change.	 This	 model	 can	 of	 course	 be	 extended	 to	 include	 two	 credit	 watchlist	

announcements	 (i.e.	 review	 for	downgrade	and	review	 for	upgrade),	which	would	naturally	

increase	the	number	of	states	of	the	world	and	yield	five	conditional	prices	instead	of	three.	

	

		In	the	previously	described	model,	there	is	one	rational	representative	investor,	who	

updates	 probabilities	 according	 to	 Bayes	 rule.	 However,	 in	 the	 next	 section	 we	 describe	 a	

behavioral	model	introduced	by	Luo	(2014)	which	includes	three	different	types	of	investors,		

thus	taking	into	account	heterogeneous	beliefs	 in	the	market.	Using	his	model	as	theoretical	

framework,	we	attempt	 to	analyze	 investor	behavior,	 specifically	market	underreaction	and	

overreaction	to	new	information,	in	a	more	realistic	setting	than	the	one	in	the	simple	classical	

example	above.		

                                                
4	We	can	think	of	it	as	three	different	assets:	one	asset	with	a	positive	outlook,	one	with	a	stable	outlook,	and	another	with	a	
negative	outlook.	Each	will	have	a	different	price	given	the	setup	mentioned.	
5	Note	that	the	exact	price	reaction	to	the	outlook	assignment	could	be	computed,	however	this	is	beyond	the	scope	of	this	
paper. 
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3.2	Theoretical	Framework	with	Conservatism	bias	and	
Representativeness	heuristic	
	
	

We	now	depart	from	traditional	asset	pricing	theory	in	order	to	provide	an	alternative	

explanation	for	abnormal	reactions	to	outlook	announcements.	Alike	Hong	and	Stein	(1999),	

Frazzini	(2006),	and	Hirshleifer	et	al.	(2011),	we	attempt	to	analyze	market	overreaction	and	

underreaction	from	a	behavioral	perspective.		In	order	to	do	this,	we	use	the	model	introduced	

by	Luo	(2014).		

	

Luo’s	 (2014)	 model	 provides	 a	 theoretical	 framework	 to	 explain	 asset	 price	

overreaction	 and	 underreaction	 to	 new	 information	 using	 both	 conservatism	 bias	 and	

representativeness	heuristic,	both	of	which	have	been	documented	 to	 influence	 individuals’	

decision-making	processes	(Edwards,	1968;	Grether,	1980;	Shefrin,	2008).	We	believe	that	this	

model	 is	 well-suited	 to	 explain	 the	 dynamics	 of	 abnormal	 stock	 returns	 around	 the	

announcement	of	rating	outlooks	as	it	takes	into	account	heterogeneous	beliefs	in	the	market	

and	features	cognitive	biases	that	are	widely	recognized	in	literature.	In	the	remainder	of	this	

section,	we	highlight	Luo’s	(2014)	main	findings	and	use	them	in	order	to	provide	a	theoretical	

framework	for	the	abnormal	reactions	to	outlook	events	in	an	asset	market.	

	

	

3.2.1 The	Model		
		

This	subsection	introduces	a	static	model	of	a	complete	market	with	one	risky	asset	and	one	

market-maker	 who	 acts	 as	 the	 representative	 investor.	 Market	 participants	 can	 trade	 by	

submitting	their	orders	to	the	market	maker.	The	payoff	of	the	asset	is	normally	distributed	

with	mean	θ7	and	variance	𝜎9:	and	its	payoff	is	unknown	to	all	traders,	however	each	trader	

receives	a	signal	about	the	asset	payoff	before	trading	occurs.	The	informational	signal	is	given	

by	𝑆 = 𝜃 + 𝜀,	where	𝜀	is	normally	distributed	with	mean	zero	and	variance	𝜎?:.	Both	random	

variables	are	independent	from	each	other.	The	informational	signal	is	considered	as	bad	news	

if	𝑆 < θ7	and	good	news	if	𝑆 > θ7 .	Note	that	in	the	special	case	where	𝑆 = θ7 ,	the	demand	for	the	

asset	is	zero	for	all	traders,	hence	the	price	does	not	change	(see	below).		
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There	are	three	types	of	traders	in	this	market:	rational,	conservatism,	and	heuristic	traders.	

They	differ	in	terms	of	their	beliefs	about	the	asset	payoff	and	its	distribution.	Once	they	have	

received	the	signal,	rational	traders	update	their	beliefs	about	the	payoff	as	follows:	

	

	

𝐸B𝜃C(𝑆, 𝑟)E = θ7 + 𝜂	(𝑆 − θ7)	 (2)	

	

	

Where	𝑟	denotes	a	rational	trader	and	𝜂 = IJK	
IJK	L	IMK

.		Eq.	(2)	follows	from	the	assumption	that	𝜃	

and	S	are	jointly	normally	distributed.		

	

	 Conservatism	 traders	 exhibit	 conservatism	 bias,	which	 is	 a	 behavioral	 bias	 that	was	

identified	 in	 a	 series	 of	 psychological	 experiments	 by	 Edwards	 (1968),	 who	 analyzed	 an	

individual’s	reaction	to	new	information	compared	to	the	idealized	reaction	of	a	Bayesian	and	

found	out	that	such	individual	would	update	his	or	her	beliefs	in	the	right	direction,	but	not	

enough	relative	 to	a	Bayesian.	Thus,	 such	 traders	are	slow	to	update	 their	beliefs	about	 the	

mean	and	variance	of	the	asset	payoff	compared	to	rational	traders,	in	other	words	they	exhibit	

some	 degree	 of	 sticky	 updating.	 As	 a	 result,	 their	 conditional	 mean	 for	 the	 asset	 payoff	 is	

expressed	as:	

	

	

𝐸B𝜃C(𝑆, 𝑐)E = θ7 + 𝑚OB𝐸B𝜃C(𝑆, 𝑟)E − θ7E (3)	

		

	

Where	 𝑐	 denotes	 a	 conservative	 trader	 and	 𝑚O 	 ∈ (0,1).	 Should	 𝑚O 	 equal	 1,	 the	

conservative	trader	behaves	as	a	rational	trader.	The	degree	of	conservatism	bias	in	the	market	

is	measured	by	1 −𝑚O .	Thus,	the	lower	the	parameter	𝑚O ,	the	greater	the	trader’s	conservatism	

bias.			
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	 Substituting	Eq.	(2)	into	Eq.	(3),	we	obtain:	

	

𝐸B𝜃C(𝑆, 𝑐)E = θ7 + 𝑚O𝜂	(𝑆 − θ7)	 (4)	

	

	

This	equation	tells	us	that	whenever	the	signal	is	smaller	than	the	expected	payoff	of	the	

asset	(bad	news),	a	conservatism	trader	has	a	larger	conditional	mean	of	the	asset	payoff	than	

a	rational	trader;	while	if	the	signal	is	greater	than	the	expected	payoff	of	the	asset	(good	news)	

then	a	conservatism	trader	has	a	smaller	conditional	mean	of	the	asset	payoff	than	a	rational	

trader.	In	addition,	in	both	cases	conservatism	traders	have	a	larger	conditional	variance	of	the	

asset	payoff	than	rational	traders.		

	

	 Heuristic	 traders	 exhibit	 representativeness	 heuristic,	 a	 type	 of	 behavioral	 bias	 first	

documented	by	Kahneman	and	Tversky	(1972).	Traders	that	exhibit	representativeness	place	

too	much	emphasis	on	current	salient	information	available	to	them	and	too	little	on	their	prior	

knowledge	 when	 they	 update	 their	 beliefs	 about	 the	 asset	 payoff.	 In	 other	 words,	 they	

underweight	the	base	rate	relative	to	Bayes	Rule.	Their	conditional	mean	of	the	asset	payoff	is	

given	by:	

	

	

𝐸B𝜃C(𝑆, ℎ)E = θ7 + 𝑚UB𝐸B𝜃C(𝑆, 𝑟)E − θ7E	 (5)	

	

	

Where	ℎ	denotes	heuristic	trader	and	𝑚U > 1.	If	𝑚U	is	equal	to	one,	the	heuristic	trader	

has	the	same	conditional	mean	as	a	rational	trader.	As	𝑚U > 1,	the	degree	of	representativeness	

of	heuristic	traders	is	given	by	𝑚U − 1.		Substituting	Eq.	(2)	in	Eq.	(5)	gives	us:	

	

	

𝐸B𝜃C(𝑆, ℎ)E = θ7 + 𝑚U𝜂	(𝑆 − θ7)	 (6)	

	

	



 27 

Since	𝑚U > 1,	 the	 interpretation	 of	 Eq.	 (6)	 is	 the	 opposite	 of	 Eq.	 (4).	 If	 the	 signal	 is	

smaller	than	the	expected	payoff	of	the	asset	(bad	news),	then	a	heuristic	trader	will	have	a	

smaller	 conditional	 mean	 of	 the	 asset	 payoff	 than	 a	 rational	 trader;	 conversely	 if	 the	

informational	signal	is	larger	than	the	expected	payoff	of	the	asset	(good	news),	then	a	heuristic	

trader	 will	 have	 a	 larger	 conditional	 mean	 of	 the	 asset	 payoff	 than	 a	 rational	 trader.	

Additionally,	heuristic	traders	have	a	smaller	conditional	variance	of	the	asset	payoff	compared	

to	rational	traders.	

	

	 There	is	a	total	of	𝑁	traders	in	the	market.	The	fraction	of	conservatism	traders	in	the	

market	is	denoted	as	𝑓O 	with		𝑓O ∈ (0,1);	and	the	fraction	of	heuristic	traders	is	denoted	as	𝑓U	

with		𝑓U ∈ (0,1).	The	price	of	the	asset	is	determined	by	the	market	maker	which	sets	the	price	

equal	to	the	expected	payoff	of	the	asset	conditional	on	the	observed	aggregate	demand	for	the	

asset.	Here,	the	market-maker	acts	as	the	behavioral	representative	investor,	and	the	price	is	

established	as	if	there	was	a	single	investor	in	the	market	whose	probability	density	function	

about	 the	 asset	 payoff	 is	 a	weighted	 combination	 of	 all	 three	 investors’	 probability	 density	

functions.	The	price	is	denoted	by	𝑃	and	the	aggregate	demand	by	𝐷:	

	

	

𝑃 = 𝐸(𝜃|𝐷)	 (7)	

	

	

The	 introduction	 of	 heterogeneity	 among	 individual	 investor	 beliefs	 induces	 the	

representative	 investor	 to	 have	 an	 equilibrium	 probability	 density	 function	 that	 may	 be	

different	from	the	objective	density	function.	This	interesting	feature	causes	the	representative	

investor	to	hold	beliefs	that	may	deviate	from	the	objective	ones,	which	is	what	Shefrin	(2008)	

defines	as	market	sentiment.	When	investor	sentiment	is	incorporated	in	the	SDF	to	form	the	

so-called	behavioral	SDF	(Shefrin,	2008),	the	behavioral	SDF	becomes	an	oscillating	function	of	

the	 consumption	 growth	 rate,	 as	 opposed	 to	 the	monotonically	 decreasing	 traditional	 SDF.	

According	to	Shefrin	(2008),	the	oscillating	nature	of	the	behavioral	SDF	helps	in	explaining	

mispricing	 in	 equilibrium	 prices,	 and	 his	 theory	 is	 supported	 by	 empirical	 evidence	 from	

market	prices	(Jackwerth,	2000;	Blackburn	and	Ukhov,	2006).		
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Naturally,	 the	 shape	 of	 the	 behavioral	 SDF	 depends	 on	 the	 equilibrium	 probability	

density	 function,	which	 in	 turn	depends	 on	 the	degree	 of	 disagreement	 between	 individual	

investors.	As	a	result,	the	equilibrium	density	function	may	assume	various	shapes	and	exhibit	

fat	 tails.	 A	 crucial	 point	 is	 that	 investors’	 beliefs	 are	 not	 static	 and	 depend	 on	 different	

contextual	 factors	 (Shefrin,	 2008),	 which	 means	 that	 the	 degree	 of	 conservatism	 and/or	

representativeness	in	the	market	may	be	time-varying.		

	

The	equilibrium	of	the	model	is	characterized	by:			

	

● Given	Eq.	(7),	and	by	considering	the	impact	of	his	market	order	on	the	asset	price	and	

on	the	market	orders	of	all	the	other	traders,	trader	𝑖	chooses	his	demand	for	the	asset	

(denoted	𝑋_`)	by	solving:	
	

	

𝑚𝑎𝑥abc d𝐸B𝜃C(𝑆, 𝑗)E − 𝐸 f𝑃gB𝑆, 𝑋_`Ehi 𝑋_`	 (8)	

	

	

	 Where	𝑗 ∈ {𝑟, 𝑐, ℎ}	refers	to	the	type	of	investor,	and	𝑖	 ∈ 	 {1,2, … , 𝑁}.		

	

● Given	the	market	orders	for	the	asset	of	all	market	participants,	the	market	maker	sets	

the	 asset	 price	 equal	 to	 the	 expected	 payoff	 conditional	 on	 the	 observed	 aggregate	

demand.	

	

Assuming	that	in	equilibrium	the	rational,	conservatism,	and	heuristic	traders’	market	

orders	are	linear	functions	of	the	signal,	and	that	the	price	is	a	linear	function	of	the	aggregate	

demand	for	the	asset:	

	
𝑃 = 𝜇 + 𝜆𝐷	 (9)	

	
The	first-order	conditions	of	the	optimization	problem	(Eq.	8	above)	are	solved	in	Luo	

(2014,	chapter	6,	equations	6.8	to	6.27).	
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	 The	optimal	market	orders,	or	demand	for	each	category	of	trader	is	given	by:	

	

	

𝑋q =
𝜂B1 + 𝑁𝑓O(1 − 𝑚O) − 𝑁𝑓U(𝑚U − 1)E(𝑆 − θ7)

𝜆(𝑁 + 1) 	 (10)	

	

	

𝑋O =
𝜂B1 + 𝑁𝑓O(1 − 𝑚O) − 𝑁𝑓U(𝑚U − 1)E(𝑆 − θ7)

𝜆(𝑁 + 1) +
(𝑚O − 1)𝜂(𝑆 − θ7)

𝜆 	 (11)	

	

	

𝑋U =
𝜂B1 + 𝑁𝑓O(1 − 𝑚O) − 𝑁𝑓U(𝑚U − 1)E(𝑆 − θ7)

𝜆(𝑁 + 1) +
(𝑚U − 1)𝜂(𝑆 − θ7)

𝜆 	 (12)	

	

	

	 	The	equilibrium	price	is	modeled	by:	

	

	

𝑃 = θ7 +
𝜂B𝑁 + 𝑁𝑓U(𝑚U − 1) − 𝑁𝑓O(1 − 𝑚O)E(𝑆 − θ7)

𝑁 + 1 	 (13)	

	

	

	 𝑁𝑓U(𝑚U − 1)	and	𝑁𝑓O(1 − 𝑚O)	respectively	capture	the	total	representativeness	and	the	

total	conservatism	bias	in	the	market.		

	

Before	highlighting	the	results,	we	must	define	price	overreaction	and	underreaction.	

Price	 overreaction	 occurs	 if	 the	 rational	 traders	 buy	 (sell)	 the	 asset	 in	 response	 to	 new	

information	and	simultaneously	the	price	is	higher	(lower)	than	it	would	have	been	without	

any	conservative	or	heuristic	trader	in	the	market	(i.e.	𝑓O = 0	and		𝑓U = 0).	On	the	contrary,	the	

price	of	an	asset	underreacts	 to	new	 information	 if	 rational	 traders	buy	(sell)	 the	asset	and	

simultaneously	 the	 price	 is	 not	 as	 high	 (low)	 as	 it	 would	 be	 in	 a	 market	 without	 any	

conservatism	or	heuristic	traders	(i.e.	𝑓O = 0	and		𝑓U = 0).	
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	 The	price	of	the	asset	in	a	market	with	only	rational	traders	is	given	by:	

	

	

𝑃q = θ7 +
𝑁𝜂(𝑆 − θ7)
𝑁 + 1

	 (14)	

	

	

	 Which	allows	us	 to	compute	 the	difference	between	the	price	observed	 in	a	market	

populated	by	rational,	conservatism,	and	heuristic	traders	and	the	price	observed	in	a	market	

with	rational	traders	only:	

	

	

𝑃 − 𝑃q =
𝜂B𝑁𝑓U(𝑚U − 1) − 𝑁𝑓O(1 − 𝑚O)E(𝑆 − θ7)

𝑁 + 1 	 (15)	

		

	

3.2.2 The	Results	
	 	

Luo’s	 (2014)	main	 results	 are	 summarized	 in	 the	 following	propositions.	 Let	 us	 first	

consider	 the	 case	 of	 good	news,	where	 the	 informational	 signal	 is	 larger	 than	 the	 expected	

payoff.	
	

	

	 Proposition	1:	The	asset	price	is	overreacting	to	good	news	if	0 < 	𝑁𝑓U(𝑚U − 1) −

𝑁𝑓O(1 − 𝑚O) < 1;	 and	 the	 asset	 price	 is	 underreacting	 to	 good	 news	 if	 𝑓U(𝑚U − 1) −

𝑓O(1 − 𝑚O) < 0	or	𝑁𝑓U(𝑚U − 1) − 𝑁𝑓O(1 − 𝑚O) > 1.	

	

	

Case	 A.	 The	 intuition	 is	 as	 follows.	 If	 0 < 	𝑁𝑓U(𝑚U − 1) − 𝑁𝑓O(1 − 𝑚O) < 1,	 then	

heuristic	traders	dominate	over	conservatism	traders,	and	thus	also	their	impact	on	the	asset	

price.	From	Eq.	(10),	rational	traders’	demand	for	the	asset	following	the	good	news	is	positive	

and	they	buy	the	asset.	At	 the	same	time,	 from	Eq.	 (15)	 the	observed	price	 is	higher	 than	 it	
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would	be	in	a	market	populated	by	rational	traders	only.	The	idea	follows	from	the	fact	that	

when	receiving	good	news,	heuristic	traders	have	a	higher	conditional	mean	of	the	asset	payoff	

than	rational	traders	do,	thus	the	price	is	higher	than	it	would	be	in	a	market	full	of	rational	

traders.	Therefore,	the	price	overreacts	to	the	good	news	in	this	case.	

	
Case	B.	If	𝑓U(𝑚U − 1) − 𝑓O(1 − 𝑚O) < 0,	conservatism	traders	dominate	over	heuristic	

traders,	and	thus	also	their	impact	on	the	asset	price.	From	Eq.	(10),	rational	traders’	demand	

for	the	asset	following	the	good	news	is	positive	and	they	buy	the	asset.	At	the	same	time,	from	

Eq.	(15)	the	observed	price	is	lower	than	it	would	be	in	a	market	with	rational	traders	only.	The	

idea	follows	from	the	fact	that	when	receiving	good	news,	conservatism	traders	have	a	lower	

conditional	mean	of	the	asset	payoff	 than	rational	traders	do,	 thus	the	price	 is	 lower	than	it	

would	be	in	a	market	with	rational	traders	only.	Therefore,	the	price	underreacts	to	the	good	

news	in	this	case.	

	
Case	C.	If	𝑁𝑓U(𝑚U − 1) − 𝑁𝑓O(1 − 𝑚O) > 1,	then	heuristic	traders’	market	orders	have	a	

much	greater	impact	on	the	price	than	conservatism	traders,	and	in	response	rational	traders	

may	 view	 the	 asset	 as	 overvalued.	 From	 Eq.	 (10),	 rational	 traders’	 demand	 for	 the	 asset	

following	the	good	news	is	negative	and	they	sell	the	asset.	At	the	same	time,	from	Eq.	(15)	the	

observed	price	is	higher	than	it	would	be	in	a	market	with	rational	traders	only.	As	before,	the	

idea	follows	from	the	fact	that	heuristic	traders	have	a	higher	conditional	mean	of	 the	asset	

payoff	 than	rational	 traders	do	when	receiving	good	news,	 thus	 the	price	 is	not	as	 low	as	 it	

would	be	in	a	market	with	only	rational	traders.	Therefore,	the	price	underreacts	to	the	good	

news	in	this	case	as	well.		

	

	

Let	us	now	consider	the	case	of	bad	news,	where	the	informational	signal	is	lower	than	

the	 expected	 payoff.	 	 The	 intuition	 closely	 follows	 the	 one	 explaining	 price	 overreaction	 or	

underreaction	to	good	news.	
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	 Proposition	 2:	 The	 asset	 price	 is	 overreacting	 to	 bad	 news	 if	 0 < 	𝑁𝑓U(𝑚U − 1) −

𝑁𝑓O(1 − 𝑚O) < 1;	 and	 the	 asset	 price	 is	 underreacting	 to	 bad	 news	 if	 𝑁𝑓U(𝑚U − 1) −

𝑁𝑓O(1 − 𝑚O) > 1			or			𝑓U(𝑚U − 1) − 𝑓O(1 − 𝑚O) < 0.	

	

	

Case	 D.	 In	 the	 case	 where	 0 < 	𝑁𝑓U(𝑚U − 1) − 𝑁𝑓O(1 − 𝑚O) < 1,	 heuristic	 traders’	

market	orders	dominate	over	conservatism.	If	the	informational	signal	indicates	bad	news,	we	

can	see	from	Eq.	(10)	that	rational	traders’	demand	for	the	asset	is	negative.	At	the	same	time,	

𝑃 < 	𝑃q 	 (from	 Eq.	 15).	 The	 idea	 follows	 from	 the	 fact	 that	 heuristic	 traders	 have	 a	 lower	

conditional	mean	of	the	asset	payoff	than	rational	trader	do	in	the	case	of	bad	news,	thus	the	

price	 is	 lower	 than	 it	 would	 be	 in	 a	market	 full	 of	 rational	 traders.	 	 As	 a	 result,	 the	 price	

overreacts	to	bad	news	in	this	case.	

	

	

Case	E.		If	𝑁𝑓U(𝑚U − 1) − 𝑁𝑓O(1 − 𝑚O) > 1,	then	heuristic	traders’	market	orders	have	

a	much	greater	impact	on	the	asset	price	than	conservatism	traders,	and	in	response	rational	

traders	may	view	the	asset	as	undervalued.	From	Eq.	 (10),	 rational	 traders’	demand	 for	 the	

asset	is	positive.	At	the	same	time,	𝑃 < 	𝑃q 	(from	Eq.	15).	The	intuition	follows	from	the	fact	that	

heuristic	traders	lower	the	price,	since	they	have	a	smaller	conditional	mean	of	the	asset	payoff	

than	rational	traders	do	when	receiving	bad	news.	As	a	result,	the	price	is	not	as	high	as	it	would	

be	in	a	market	populated	by	rational	traders	only.	Hence,	the	price	underreacts	to	bad	news	in	

this	case.	

	

	

Case	F.	 	 If	𝑓U(𝑚U − 1) − 𝑓O(1 − 𝑚O) < 0,	 then	 total	 conservatism	bias	 is	 greater	 than	

total	 representativeness	 in	 the	 market	 and	 the	 price	 impact	 stemming	 from	 conservatism	

traders	dominates	over	the	 impact	stemming	from	heuristic	traders.	From	Eq.	(10),	rational	

traders’	demand	for	the	asset	is	negative,	thus	they	sell	the	asset.	At	the	same	time,	𝑃 > 𝑃q 	(from	

Eq.	15).	The	intuition	follows	from	the	fact	that	conservatism	traders	have	a	higher	conditional	

mean	of	the	asset	payoff	than	rational	traders	in	the	case	of	bad	news,	hence	they	drive	the	price	

higher	than	it	would	be	in	a	market	populated	by	rational	traders	only.	Therefore,	the	price	also	

underreacts	to	bad	news	in	this	case.	
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3.2.3 Application	to	Credit	Outlook	and	Watchlist	Announcements	
	

In	order	 to	provide	 a	 theoretical	 ground	 for	 abnormal	 reactions	 to	 changes	 in	 credit	

outlook	and	watchlist	placement	announcements,	we	use	Luo’s	(2014)	framework	of	a	static	

model	featuring	representativeness	heuristic	and	conservatism	bias.	We	analyze	this	specific	

empirical	 phenomenon	 and	 interpret	 underreaction	 and	 overreaction	 to	 credit	 outlook	 and	

watchlist	announcements	using	this	framework.		

	 	

Given	empirical	evidence	of	the	market	reaction	to	credit	rating	events,	we	discard	the	

Case	 A,	 E,	 and	 F	 from	 Luo’s	 framework	 in	which	 the	market	 overreacts	 to	 good	 news	 and	

underreacts	to	bad	news.	However,	there	are	three	other	potential	cases;	namely,	either	the	

market	 underreacts	 to	 good	 news	 because	 conservatism	 bias	 dominates	 over	

representativeness	 heuristic	 and	 the	 demand	 of	 rational	 investors	 is	 positive	 (Case	 B)	 or	

because	the	total	degree	of	representativeness	dominates	in	the	market	and	rational	traders	

sell	the	asset	(Case	C).	On	the	other	hand,	the	framework	states	one	unique	situation	(Case	D)	

in	 which	 the	 market	 overreacts	 to	 bad	 news,	 as	 the	 effect	 of	 representativeness	 heuristic	

traders	dominates	over	conservatism	bias	in	the	market.	

	

In	our	framework,	we	define	an	outlook	change	as	good	news	if	and	only	if	the	following	

statements	are	true	regarding	the	company	under	review:	
	

	

1) The	credit	event	results	in	an	increase	of	its	conditional	probability	of	being	upgraded	

following	the	announcement,	

2) The	credit	event	results	in	a	decrease	of	its	conditional	probability	of	being	downgraded,	

3) The	credit	event	results	in	a	lower	(or	equal)6	conditional	probability	of	default.	

	
	

For	example,	 if	a	B1	 issuer	with	a	stable	outlook	receives	a	positive	outlook,	 then	 its	

probability	 of	 being	 upgraded	 conditional	 on	 the	 positive	 outlook	 increases	 from	 8.14%	 to	

                                                
6	For	issuers	rated	Aaa,	Aa1,	Aa2,	Aa3,	and	A1	the	probability	of	default	conditioned	on	outlook	is	0.00%	regardless	of	the	
outlook	(refer	to	table	6.C),	and	it	is	0.00%	for	A2,	A3,	Baa1,	Baa2	conditional	on	positive	outlooks	and	review	for	upgrades.		
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26.24%,	 while	 its	 conditional	 probability	 of	 being	 downgraded	 decreases	 from	 22.17%	 to	

12.02%,	and	its	conditional	probability	of	defaulting	decreases	from	2.27%	to	0.33%.	In	this	

instance,	 the	 outlook	 announcement	 is	 considered	 good	 news	 because	 it	 satisfies	 all	 three	

conditions	mentioned	above	(see	table	6	in	section	5.1	below).	

	

Conversely,	 an	outlook	change	 is	 considered	as	bad	news	 if	 and	only	 if	 the	 following	

statements	are	true	for	the	company	under	review:	

	
	

1) The	credit	event	results	in	a	decrease	of	its	conditional	probability	of	being	upgraded	

following	the	announcement,	

2) The	 credit	 event	 results	 in	 an	 increase	 of	 its	 conditional	 probability	 of	 being	

downgraded,	

3) The	credit	event	results	in	a	higher	(or	equal)6	of	its	conditional	probability	of	default.	

		
	

For	 instance,	 if	a	A2	 issuer	with	a	stable	outlook	 is	given	a	negative	outlook,	 then	 its	

probability	of	being	downgraded	conditional	on	the	negative	outlook	increases	from	8.06%	to	

18.11%,	while	its	conditional	probability	for	being	upgraded	decreases	from	4.44%	to	1.07%,	

and	its	conditional	probability	of	defaulting	increases	from	0.07%	to	0.20%.		In	our	framework,	

this	is	considered	as	bad	news	because	it	satisfied	all	three	conditions	mentioned	above.			

	

Note	that	in	Luo’s	(2014)	model,	an	informational	signal	is	considered	good	news	if	the	

signal	is	at	least	as	great	as	the	expected	payoff	of	the	asset	(see	subsection	3.2.1).	However,	we	

do	not	consider	cases	in	which	outlook	announcements	confirm	the	previous	outlook	(i.e.	stable	

to	stable)	as	good	news,	but	rather	as	“neutral	news”,	and	use	such	cases	as	a	control	for	the	

framework’s	 accuracy.	 The	 intuition	 is	 that	 in	 the	 case	 of	 neutral	 news,	 the	 conditional	

probabilities	 (upgrade,	 downgrade,	 and	 default)	 remain	 exactly	 the	 same.	 Using	 Eq.	 (10)	

through	 (15),	 we	 see	 that	 if	 the	 informational	 signal	 equals	 the	 expected	 asset	 payoff,	 the	

demand	for	the	asset	is	zero	for	all	traders,	hence	the	price	does	not	change.		Thus,	by	including	

neutral	cases	as	a	separate	category,	we	can	test	for	the	model’s	predicting	power.	
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3.3	Hypotheses	
	

As	mentioned	in	the	previous	section,	empirical	evidence	suggests	that	there	is	virtually	

no	evidence,	or	at	most	little	evidence	of	abnormal	stock	returns	in	response	to	positive	outlook	

announcements	 or	 reviews	 for	 upgrade.	 On	 the	 other	 hand,	 researchers	 have	 documented	

significant	abnormal	returns	around	the	date	of	reviews	 for	downgrade	or	negative	outlook	

announcements.	We	expect	to	find	similar	results	in	our	analysis.	

		

In	the	case	of	positive	news,	prices	do	not	react	at	all	or	at	most	underreact.	In	a	market	

with	homogeneous,	rational	traders	only	(like	in	section	3.1),	the	stock	price	given	the	positive	

outlook	 change	would	 increase	 in	 response	 to	 the	 good	 news.	 In	 contrast,	 in	 Luo’s	 (2014)	

model,	 if	 the	 price	 underreacts	 or	 does	 not	 react	 at	 all	 to	 the	 good	 news,	 one	 potential	

explanation	is	that	the	impact	of	conservatism	bias	in	the	market	dominates	over	the	impact	of	

representativeness	heuristic	in	the	market	(Case	B).	In	this	case,	the	observed	reaction	should	

be	small	or	even	null	if	the	degree	of	conservatism	bias	is	very	high	(very	small	𝑚O).	This	comes	

from	the	fact	that	when	𝑚O 	is	very	small,	conservatism	traders	adjust	their	conditional	mean	of	

the	asset	payoff	only	marginally	compared	to	rational	traders:		

	

lim
uv	→	x

𝐸B𝜃C(𝑆, 𝑐)E = θ7 	 (16)	

	

	

	 Since	the	price	is	determined	by	the	market	maker	who	sets	the	price	equal	to	the	

expected	payoff	of	the	asset	conditional	on	the	observed	aggregate	demand	for	the	asset	(see	

Eq.	(7)),	the	price	in	this	case	does	not	respond	or	at	most	underreacts	to	the	good	news.	As	

mentioned	above,	another	possibility	 is	 that	 the	price	underreacts	 to	good	news	 if	 the	 total	

degree	of	representativeness	is	much	higher	than	the	total	degree	of	total	conservatism	(see	

Case	C	above).		

	

	Conversely,	empirical	studies	have	shown	significant	abnormal	returns	around	the	date	

of	review	for	downgrade	or	negative	outlook	announcements	in	other	markets,	which	would	

indicate	that	the	price	overreacts	to	the	bad	news.	Luo	(2014)	predicts	that	prices	overreact	to	

bad	news	if	the	impact	of	heuristic	traders	dominates	over	the	impact	of	conservatism	traders	
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(see	proposition	 2),	 given	 that	 heuristic	 traders	 have	 a	 lower	 conditional	mean	of	 the	 asset	

payoff	 compared	 to	 rational	 traders	when	 receiving	bad	news.	Thus,	 together	with	 rational	

traders,	they	drive	the	price	downwards	which	leads	to	a	price	overreaction.		

	

Our	rationale	is	that,	compared	to	the	classical	asset	pricing	model	outlined	in	section	

3.1,	 the	model	extended	by	Luo	 (2014)	offers	a	more	appropriate	 theoretical	 framework	 to	

provide	 an	 explanation	 for	 the	 empirical	 evidence	 of	 negative	 abnormal	 stock	 returns	 in	

response	 to	 negative	 credit	 rating	 announcements,	 as	 well	 as	 the	 insignificant	 reaction	 to	

positive	credit	rating	announcements.	The	reader	should	note	that	we	do	not	claim	that	this	is	

the	 only	 framework	 that	 can	 explain	 this	market	 behavior.	We	 shall	 discuss	 other	 possible	

frameworks	that	would	be	fit	to	predict	such	reactions	in	section	7.		

	

In	 line	with	earlier	studies,	we	expect	 to	observe	 insignificant	market	adjustments	 to	

positive	news	but	negative	abnormal	stock	returns	for	bad	news,	which	would	indicate	a	large	

market	underreaction	in	the	presence	of	good	news	and	a	market	overreaction	in	the	presence	

of	 bad	 news.	 Furthermore,	 behavioral	 finance	 and	 economics	 studies	 show	 that	 investors	

behave	differently	depending	on	whether	they	are	confronted	with	potential	gains	or	losses;	

and	 that	 the	 same	 individual	 investors	 may	 be	 prone	 to	 different	 heuristics	 or	 biases	

(Kahneman,	Slovic,	 and	Tversky,	1982;	Tversky	and	Kahneman,	1992).	Hence,	based	on	 the	

insights	from	behavioral	finance	and	economics	literature	and	using	Luo’s	(2014)	framework,	

our	main	hypotheses	can	be	stated	as:		

	

	 Hypothesis	1:		We	expect	to	observe	an	insignificant	reaction	to	credit	rating	outlook	

changes	that	communicate	“good	news”	to	the	stock	market.		

	

Using	Luo’s	(2014)	framework,	both	conservatism	bias	and	representativeness	heuristic	

have	 the	potential	 to	explain	 this	pricing	dynamic	 in	a	model	with	heterogeneous	 investors	

(rational	 investors,	 representativeness	heuristic	 investors,	 and	conservatism	 investors)	 that	

features	strategic	interaction	between	them.	Since	there	is	evidence	of	individuals	exhibiting	

both	conservatism	and	representativeness	in	their	decision-making	processes	(Pompian,	2006;	

Barberis	et	al.,	1998,	Edwards,	1968;	Shefrin,	2008),	it	is	plausible	that	investors	could	exhibit	

any	of	these	two	behavioral	biases	regarding	this	particular	news	event.	However,	the	market	
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underreaction	 in	 the	 presence	 of	 good	 news	 and	 its	 cause	 (whether	 representativeness	 or	

conservatism)	 would	 ultimately	 depend	 on	 the	 degree	 of	 conservatism	 bias,	 the	 degree	 of	

representativeness	 heuristic,	 the	 proportion	 of	 conservatism	 traders,	 the	 proportion	 of	

heuristic	traders,	as	well	as	the	number	of	traders	in	the	market	(Luo,	2014).	

	

	 Hypothesis	 2:	 Conversely,	 we	 expect	 to	 observe	 a	 significant	 negative	 market	

reaction	in	response	to	negative	credit	rating	outlook	changes	that	communicate	“bad	news”	to	

the	stock	market.		

	

	 Using	 Luo’s	 (2014)	 framework,	 Hypothesis	 2	 stems	 from	 the	 rationale	 that,	 in	 the	

presence	 of	 this	 particular	 kind	 of	 bad	 news,	 the	 impact	 of	 representativeness	 heuristic	

dominates	over	the	impact	of	conservatism	bias	in	the	market,	leading	to	a	market	overreaction.	

This	 line	 of	 thought	 is	 supported	 in	 other	 behavioral	 finance	 studies	 attempting	 to	 explain	

market	overreaction	to	bad	news	(Barberis	et	al.	1998).	As	mentioned	before,	it	has	been	widely	

documented	 that	 individuals	 may	 exhibit	 representativeness	 in	 their	 decision-making	

processes	 (Grether,	 1980;	 Kahneman	 and	 Tversky,	 1973;	 Tversky	 and	 Kahneman,	 1974;	

Shefrin,	2008).		

	

It	is	important	to	highlight	that	the	potential	explanations	to	both	the	underreaction	and	

overreaction	to	credit	outlook	changes	imply	that	some	investors	exhibit	different	biases	when	

confronted	with	 different	 types	 of	 news.	We	 cannot	 discard	 this	 possibility	 given	 previous	

findings	in	experimental	studies	and	literature	showing	that	investors’	beliefs	are	not	static	and	

may	vary	depending	on	contextual	conditions	(Shefrin,	2008).	However,	 to	approximate	 the	

degree	of	conservatism	and	the	degree	of	representativeness	heuristic	in	the	market	is	beyond	

the	scope	of	this	paper;	although	a	very	interesting	direction	for	future	empirical	studies	in	the	

field.			
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4.	Data	
	

4.1	Initial	Dataset	
	

We	focus	on	corporate	corporates	(financial	and	non-financial),	excluding	sovereign,	

sub-sovereign,	 municipal,	 and	 structured	 issuers.	 Our	 dataset	 consists	 of	 observations	

gathered	from	S&P	500	historical	constituents	from	the	Compustat	Database.	An	important	

reason	 behind	 the	 use	 of	 the	 S&P	500	 in	 this	 study	 is	 that	 this	 Index	 receives	worldwide	

attention;	 thus,	we	 aim	 to	 discard	 the	 phenomenon	 of	 “limited	 attention”	 as	 described	 by	

Hirshleifer	et	al.	(2011)	as	potential	explanation	for	market	underreaction	and	overreaction	

to	credit	outlook	changes	in	this	context.			

	

Another	 reason	 is	 that	 the	 sample	 used	 to	 calculate	 the	 “Average	 One-Year	 Rating	

Migration	Matrices	Conditional	on	Outlook	Status”	provided	by	Cantor	and	Hamilton	(2005)	

and	used	in	this	paper,	consists	of	a	vast	majority	of	North	American	issuers,	and	thus	their	

findings	and	data	are	largely	applicable	to	companies	in	this	Index.		We	use	the	S&P	500	for	

data	convenience	reasons	as	well,	given	that	there	is	ample	available	information	for	historical	

constituents	 and	 daily	 price	 information.	 Lastly,	 this	 Index	 serves	 as	 common	 market	

benchmark	for	all	companies	in	our	study,	and	is	also	typically	used	as	a	benchmark	for	the	

market	in	literature,	thus	facilitating	comparison	to	past	studies.		

	

We	downloaded	the	historical	constituents	of	the	S&P	500	from	1995-2005	from	the	

Compustat	Database,	which	include	803	companies.	We	collected	data	for	corporates	that	had	

joined	the	Index	any	time	before	1995,	and	that	have	either	(1)	never	been	removed	from	the	

Index,	 or	 (2)	 were	 only	 removed	 from	 2006	 and	 onwards.	 Thus,	 all	 the	 outlook	 rating	

observations	were	 recorded	 for	 companies	 that	were	part	of	 the	S&P	500	 throughout	our	

whole	sample	period	(1995-2005),	in	line	with	the	calculated	Migration	Matrices	Conditional	

on	Outlook	Status	published	by	Hamilton	and	Cantor	(2005).	Hence,	the	sample	reduced	to	

266	companies.	From	these,	we	 filtered	out	 the	 firms	 for	which	Moody’s	has	no	rating,	no	

historical	 record	of	outlook	changes,	or	no	 rating	outlook	changes	were	announced	 in	our	

period	of	interest.	After	this	exercise,	our	sample	reduced	to	191	unique	companies.		
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All	rating	outlook	data	was	collected	from	Moody's	online	database.	The	agency	has	

issued	 credit	 ratings	 since	 1919;	 nevertheless,	 it	 only	 included	 reviews	 for	 upgrade	 and	

downgrade	 as	 part	 of	 its	 rating	 system	 after	 1991;	 and	 credit	 rating	 outlooks	 became	

extensively	used	from	1995	onwards	(Cantor	and	Hamilton,	2005).	However,	Moody’s	only	

started	recording	outlook	changes	systematically	in	its	database	since	November	15th,	2003	

on	the	“Rating:	Issuer	outlook”	section	of	their	online	platform.		

	

Unfortunately,	this	section	in	their	platform	does	not	include	the	press-release	header	

related	to	the	change	in	outlook.	Hence,	in	order	to	cover	our	whole	sample	period	1995-2005,	

we	manually	recollected	historical	outlook	change	observations	from	Moody’s	press	releases	

under	 their	Research	 section	 and	 filtering	 for	 the	 category	 of	 “Rating	News”.	 All	 in	 all,	we	

manually	collected	1,034	rating	outlook	announcements	and	changes	from	January	1995	to	

December	2005.		

	

Importantly,	although	companies	might	have	different	types	of	rated	debt,	we	focused	

on	senior	unsecured	debt	ratings.	It	is	also	relevant	to	note	that	a	particular	issuer	may	have	

several	 ratings	 assigned	 to	 its	 senior	unsecured	debt	 throughout	 the	years,	 thus	 for	 every	

observation	we	recorded	(1)	the	alphanumeric	rating	category	of	the	issuer	at	the	time	when	

the	change	in	outlook	took	place,	(2)	whether	the	outlook	was	accompanied	by	a	rating	change	

or	not,	 (3)	 the	pre-classification	of	 the	news	 into	good,	neutral,	or	bad	news	according	the	

“Rating	Symbols	and	Definitions”	manual	provided	by	Moody’s	in	2019	and	statistics	provided	

by	Cantor	and	Hamilton	(2005)	described	in	section	4.3.1	below,	and	(4)	the	final	classification	

of	news	into	good,	neutral,	or	bad	news	according	to	our	theoretical	framework	definition	for	

each	(see	section	3.2.3)	and	using	the	Average	One-Year	Rating	Migration	Matrices	Conditional	

on	Outlook	Status	provided	by	Cantor	and	Hamilton	(2005),	section	5.1	below.			

	

Cantor	and	Hamilton	 (2005)	also	 find	 that	once	conditioning	on	outlook	status,	 the	

predictive	power	of	 rating	history	 for	rating	 transitions	and	defaults	disappears	 to	a	great	

extent.	They	further	state	that	“knowledge	of	a	firm's	current	outlook	status	is	a	better	indicator	

of	its	conditional	probability	of	default	than	its	rating	history”	(pp.	18).		Finnerty	et	al.	(2013)	

further	confirm	their	findings.	Thus,	we	do	not	include	rating	history	as	another	factor	in	our	

study	and	focus	exclusively	on	the	impact	of	credit	rating	outlooks.	Table	1	and	Table	2	below	
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show	 descriptive	 statistics	 of	 the	 initial	 dataset	 of	 1,034	 observations	 regarding	 outlook	

changes	and	announcements	obtained	for	the	191	corporate	issuers	in	our	1995-2005	sample	

period.		

	

Table	1.	Number	of	Observations	per	Rating	Category	

	
															Table	1.	This	table	shows	the	number	of	observations	in	the	initial	dataset	per	alphanumeric	rating	category.		

	

	

Table	2.	Number	of	Observations	per	Year	

	
															Table	2.	This	table	shows	the	number	of	observations	in	the	initial	dataset	per	year,	totaling	1,034	observations.	
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4.2	Data	Decontamination		
	

	

We	reviewed	the	rating	history	of	each	corporate	in	our	sample	in	Moody’s	platform,	

filtering	 for	 senior	 unsecured	 debt	 only.	 For	 a	 clear	 understanding	 of	 the	 issuers’	 rating	

outlook	 changes	 throughout	 the	years,	we	 registered	 in	a	 chronological	manner	 the	 initial	

outlook	of	the	company,	the	date	of	change	in	outlook,	and	the	outlook	status	after	the	change.	

We	also	recorded	whether	the	outlook	change	happened	at	the	same	time	as	a	rating	change.		

Our	data	decontamination	process	consisted	of	three	stages:		

	

(1) We	excluded	observations	containing	the	words	“merger,	acquisition,	repurchase,	share	

buy-back,	 take-over,	 or	 litigation”	 as	 part	 of	 the	 press-release	 title.	 The	 aim	 of	 this	

exercise	is	to	filter	out	the	effect	of	major	events	taking	place	at	the	same	time	of	the	

announcement	that	could	cause	a	potentially	large	stock	market	reaction,	and	which	

could	make	it	more	difficult	to	isolate	the	effect	of	the	outlook	change.		

	

(2) Moreover,	we	registered	and	filtered	out	the	outlook	changes	that	happen	at	the	same	

time	than	an	actual	rating	change.	The	main	reason	is	that	rating	changes	announced	

by	Moody’s	are	largely	or	even	fully	anticipated	by	the	market	(Cantor	and	Hamilton,	

2005)	due	to	how	the	agency’s	rating	system	is	managed,	and	this	is	reflected	by	ex-

ante	 adjustments	 in	 market	 prices.	 Thus,	 we	 removed	 observations	 in	 which	 an	

outlook	change	was	linked	to	a	simultaneous	rating	change,	in	order	to	more	closely	

capture	the	effect	of	rating	events	that	tend	to	surprise	the	market.		

	

(3) Alike	 Cantor	 and	 Hamilton	 (2005),	 we	 further	 excluded	 from	 our	 sample	 any	

observations	 for	which	the	outlook	before	or	after	the	change	was	either	a	“Review	

with	direction	Uncertain”	or	a	“Developing	outlook”,	given	that	by	construction	we	do	

not	 have	 the	 conditional	 transition	 and	 default	 probabilities	 for	 these	 two	 types	 of	

outlooks.		
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After	 this	 exercise,	 we	 discarded	 175	 outlook	 change	 observations	 that	 were	

accompanied	 by	 a	 rating	 change,	 19	 outlook	 changes	 included	 uncertain	 watches	 or	

developing	outlooks,	and	91	observations	related	to	major	credit	events.	Thus,	out	of	1,034	

initial	observations,	749	remained	in	the	sample.		

	

	

4.3	Classification	of	News		
	

4.3.1	General	Classification		
	

During	the	data	recollection	process,	we	initially	classified	outlook	changes	as	good,	

neutral,	or	bad	news	in	general	terms	based	on	the	“Rating	Symbols	and	Definitions”	(2019)	

manual	 provided	 by	 Moody’s,	 as	 well	 as	 Cantor	 and	 Hamilton’s	 (2005)	 statistics	 on	 the	

frequency	of	rating	changes	concluding	outlook	assignment.		

	

According	to	the	“Rating	Symbols	and	Definitions”	(2019)	manual	by	Moody’s:	“A	stable	

outlook	indicates	a	low	likelihood	of	a	rating	change	over	the	medium	term.	A	negative,	positive	

or	developing	outlook	indicates	a	higher	likelihood	of	a	rating	change	over	the	medium	term”	

(pp.	26),	and	“A	review	indicates	that	a	rating	is	under	consideration	for	a	change	in	the	near	

term”	 (pp.	 26).	 Hence,	 according	 to	 these	 definitions,	 a	 rating	 review	 implies	 a	 higher	

likelihood	 of	 a	 rating	 change	 in	 the	 immediate	 future	 compared	 to	 a	 positive	 or	 negative	

outlook.		

	

Similarly,	Cantor	and	Hamilton	(2005)	show	the	frequency	with	which	rating	reviews	

and	 outlooks	 actually	 conclude	 with	 a	 rating	 upgrade	 or	 downgrade	 (regardless	 of	 the	

duration	of	outlook	status).	Below	we	show	an	extract	from	their	paper,	illustrating	that	the	

above	 holds	 for	 both	 Investment	 and	 Speculative	 grade	 issuers,	 and	 subsequently	 for	 the	

combined	sample	(“All	rated”	in	the	exhibit	below):	
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Extract	1.	From	Cantor	and	Hamilton	(2005),	page	6:	

	
	

As	 it	can	be	seen	 from	Extract	1	above	 from	Cantor	and	Hamilton	(2005),	60.9%	of	

reviews	 for	 downgrade	 concluded	 in	 actual	 downgrades	 for	 “All	Rated”	 issuers	 combined,	

compared	 to	 20.1%	 negative	 outlooks	 concluding	 in	 downgrades,	 while	 13.5%	 of	 stable	

outlooks,	 6.7%	 of	 positive	 outlooks,	 and	 only	 0.6%	 of	 reviews	 for	 upgrade	 concluded	 in	

downgrades.	On	the	other	hand,	62.6%	of	reviews	for	upgrade	concluded	in	actual	upgrades,	

compared	to	25.8%	positive	outlooks	concluding	in	an	upgrade,	while	8.0%	of	stable	outlooks,	

4.3%	of	negative	outlooks,	and	only	0.5%	of	reviews	for	downgrade	concluded	in	upgrades	as	

well.	The	same	monotonic	order	applies	for	Speculative	grade,	as	well	as	for	Investment	grade	

issuers.	

	

Credit	 ratings	relate	 to	 the	credit	worthiness	of	an	 issuer	because	 they	reflect	 their	

average	probability	of	default.	Based	on	the	previous	two	sources,	 it	can	be	stated	that	the	

average	likelihood	of	an	issuer	being	upgraded	conditional	on	having	an	outlook	is	decreasing	

monotonically	with	the	outlook	status	in	the	following	order:	review	for	upgrade	>	positive	

outlook	>	stable	outlook	>	negative	outlook	>	review	for	downgrade.		Likewise,	the	average	

likelihood	 of	 an	 issuer	 being	 downgraded	 conditional	 on	 having	 an	 outlook	 is	 decreasing	

monotonically	 with	 the	 outlook	 status	 in	 the	 following	 order:	 review	 for	 downgrade	 >	

negative	outlook	>	stable	outlook	>	positive	outlook	>	review	for	upgrade.	

	

		Thus,	during	the	data	recollection	process,	we	initially	classified	news	as	good	or	bad,	

in	 general	 terms	 as	 indicated	 in	 the	 diagram	 below.	 Observations	 were	 pre-classified	 as	

neutral	if	and	only	if	the	issuer	remained	with	the	same	outlook.	
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Table	3.	General	Rating	Outlook	Classification	

	
Table	3.	This	highlights	the	initial	classification	of	good,	neutral	and	bad	news	in	general	terms.	For	example,	if	an	issuer	

which	currently	has	a	negative	outlook	is	subsequently	assigned	a	positive	outlook,	we	consider	this	change	as	good	news;	

and	vice	versa.	However,	this	is	not	enough	to	determine	whether	or	not	the	outlook	change	can	be	used	as	an	observation	in	

our	good	news	subsample.		

	

	

	

4.3.2		Classification	according	to	Migration	Matrices			

	

After	 pre-classifying	 the	 outlook	 changes	 into	 good,	 neutral,	 or	 bad	 news	 for	 the	

market,	and	decontaminating	the	data	as	mentioned	previously,	we	proceeded	to	 filter	the	

observations	that	could	in	fact	be	used	according	to	the	definition	of	good,	bad,	and	neutral	

news	as	described	in	the	theoretical	framework	(see	section	3.2.3).		

	

In	order	to	do	so,	we	use	the	Average	One-Year	Rating	Migration	Matrices	Conditional	

on	Outlook	Status	 (1995-2005)	published	by	Cantor	and	Hamilton	(2005).	These	migration	

matrices	state	the	probability	of	an	Issuer	to	change	from	one	rating	category	to	another,	as	

well	as	its	default	probability,	conditional	on	its	outlook	status.	Rating	outlooks	can	take	seven	

different	denominations:	“Stable	outlook”,	“Positive	outlook”,	“Negative	outlook”,	“Review	for	

Downgrade”,	 and	 “Review	 for	 Upgrade”,	 “Developing	 outlook”	 or	 a	 “Watch	with	 direction	

Uncertain”.	 	 As	 mentioned	 before,	 Cantor	 and	 Hamilton	 (2005)	 also	 exclude	 Uncertain	

Watches	and	Developing	Outlooks,	and	provide	matrices	for	the	five	remaining	outlooks.	
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We	grouped	the	observations	by	alphanumeric	rating	category,	and	excluded	from	our	

sample	 the	 observations	 for	 which	 the	 conditional	 probability	 changes	 in	 the	 Migration	

Matrices	Conditional	on	Outlook	Status	did	not	satisfy	simultaneously	the	three	conditions	for	

their	 formal	 classification	as	either	good,	neutral,	or	bad	news	as	 stated	 in	our	 theoretical	

framework.	These	conditions	include	the	increase	or	decrease	in	conditional	probabilities	for	

upgrade,	downgrade,	and	default.	All	 in	all,	we	excluded	146	observations	 for	which	 these	

conditions	were	not	fully	satisfied,	and	our	sample	reduced	to	603	observations.	We	describe	

this	process	further	in	our	identification	strategy	(Section	5.1).			

	

	

4.4	Final	Dataset	
	

We	maintained	603	observations	out	of	 the	1,034	 initially	collected.	The	number	of	

firms	was	reduced	to	172.	Our	final	dataset	consists	of	205	observations	for	bad	news,	219	

observations	 for	 good	 news,	 and	 179	 observations	 for	 neutral	 news.	 The	 distribution	 of	

observations	per	alphanumeric	rating	category	is	shown	below,	as	well	as	the	distribution	per	

year.		

	

Table	4.	Number	of	Final	Observations	per	Rating	Category	

	
Table	4.	This	table	shows	the	number	of	final	observations	in	the	initial	dataset	per	alphanumeric	rating	category.	
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Table	5.	Number	of	Final	Observations	per	Year	

	

Table	5.	This	table	shows	the	number	of	final	observations	in	our	final	dataset	per	year,	totalling	603	observations.	
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5.	Methodology	
	

In	 this	 section	we	 explain	 the	methodology	 employed	 to	 test	 for	 abnormal	market	

reactions	to	changes	in	credit	rating	outlooks.	First,	we	highlight	how	we	select	the	firms	used	

in	 our	 study	 given	 our	 definition	 of	 good,	 bad,	 and	 neutral	 news,	 using	Moody’s	 one-year	

average	transitional	probability	matrices	conditional	on	outlook.	 In	 the	second	part	of	 this	

subsection,	 we	 describe	 the	 methodology	 used	 to	 calculate	 abnormal	 returns.	 Lastly,	 we	

provide	information	regarding	the	statistical	testing	methodology	employed	in	this	study.	

	
	

5.1	Identification	Strategy	
	

	 Our	identification	strategy	is	one	of	the	main	contributions	of	our	study	to	the	existing	

literature.	As	mentioned	in	section	3,	we	divide	our	sample	into	three	separate	subsamples,	

one	for	each	type	of	news,	i.e.	good	news,	bad	news,	and	neutral	news	for	control.	As	stated	

previously,	 a	 company	 is	 included	 in	 the	 good	 news	 subsample	 if	 the	 all	 the	 following	

statements	hold:	

	

1) The	credit	event	results	in	an	increase	of	its	conditional	probability	of	being	upgraded	

following	the	announcement,	

2) The	 credit	 event	 results	 in	 a	 decrease	 of	 its	 conditional	 probability	 of	 being	

downgraded,	and	

3) The	credit	event	results	in	a	lower	(or	equal)7	conditional	probability	of	default.	

	

The	good	news	subsample	is	composed	exclusively	of	S&P	500	companies	that	were	part	

of	 the	 S&P	500	during	 the	 entirety	 of	 the	 1995-2005	period,	 and	whose	 long-term	 senior	

unsecured	debt	received	at	least	one	outlook	change	that	meets	the	previous	criteria.	Similar	

but	opposing	selection	criteria	is	used	for	the	bad	news	subsample,	while	the	neutral	news	

subsample	is	composed	of	outlooks	that	did	not	change	from	one	date	to	another.		

                                                
7	For	issuers	rated	Aaa,	Aa1,	Aa2,	Aa3,	and	A1	the	probability	of	default	conditioned	on	outlook	is	0.00%	regardless	of	the	
outlook	(refer	to	table	6.C),	and	it	is	0.00%	for	A2,	A3,	Baa1,	Baa2	conditional	on	positive	outlooks	and	review	for	upgrades.		
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In	order	to	determine	whether	or	not	the	previous	conditions	are	met,	we	use	Moody’s	

average	one-year	transitional	probabilities	conditional	on	outlook	status	for	the	1995-2005	

period.	The	Extract	2	below	from	Cantor	and	Hamilton	(2005)	is	an	example	of	the	average	

one-year	rating	migration	matrices	conditional	on	the	“Review	for	Downgrade”	Status.	Similar	

rating	migration	matrices	are	available	 for	Negative,	Stable,	and	Positive	outlook	status,	as	

well	as	for	Review	for	Upgrade	status.		

	

	

Extract	2.	From	Cantor	and	Hamilton	(2005),	page	9.	

	
Extract	2:	 Average	 one-year	 rating	migration	matrix	 conditional	 on	Review	 for	Downgrade	 status.	 Each	 row	 shows	 the	

average	conditional	probability	of	being	upgraded,	downgraded,	or	staying	in	the	same	rating	category	within	the	next	year	

for	each	alphanumeric	rating	category.	Such	table	was	available	for	each	type	of	outlook	(Negative,	Stable,	Positive,	Review	

for	Upgrade	and	Review	for	Downgrade).	

	

	

We	 then	 sum	 across	 each	 row	 for	 each	migration	matrix	 conditional	 on	 a	 specific	

outlook	status	to	obtain	the	probability	of	being	upgraded	and	downgraded	conditional	on	

that	outlook	for	each	rating	category,	and	we	obtain	the	following	tables:	
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Table	6.	Average	One-Year	Cumulative	Probability	of	a	Rating	Upgrade,	Downgrade	

and	Default	conditional	on	Outlook	Status	by	Alphanumeric	Rating	Category	

	

	

							 								 	
	

	
	
Table	6:	Average	one-year	cumulative	probability	of	being	upgraded	(Table	6.A),	downgraded	(Table	6.B),	or	default	(Table	

6.C)	 conditional	 on	 outlook	 status	 for	 each	 alphanumeric	 rating	 category.	 From	 table	 6.A,	 we	 can	 see	 that	 the	 average	

cumulative	probability	of	an	A2	issuer	of	being	upgraded	conditional	on	having	a	negative	outlook	is	1.07%,	from	table	6.B	

we	can	see	that	its	average	cumulative	conditional	probability	of	being	downgraded	is	18.11%	and	table	6.C	shows	that	its	

conditional	probability	of	default	is	0.20%.	Numbers	highlighted	in	grey	indicate	that	the	numbers	in	that	specific	category	

do	not	strictly	follow	a	monotonically	increasing	or	decreasing	order,	and	thus	that	some	observations	may	be	excluded	in	

our	subsamples	given	our	definition	of	good,	neutral	and	bad	news.	
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	 From	Table	6,	we	are	able	to	determine	which	company	to	include	in	our	subsamples	

and	which	ones	to	disregard	given	our	definitions	of	good,	bad,	and	neutral	news.	For	example,	

let	us	 say	 a	Baa1	 issuer	 currently	has	 a	 Stable	 (STA)	outlook	and	 subsequently	 receives	 a	

Positive	(POS)	outlook.	We	can	see	from	Table	6	that	this	outlook	change	cannot	be	included	

in	our	sample	because	it	fails	to	meet	one	of	the	three	conditions	stated	above,	namely	the	

change	 of	 outlook	 from	 Stable	 to	 Positive	 increases	 the	 issuer’s	 conditional	 probability	 of	

being	downgraded	 from	7.54%	 to	12.16%.	This	 conflicts	with	 the	 second	 condition	which	

states	that	under	a	good	news	scenario,	the	credit	outlook	change	should	result	in	a	decrease	

of	the	issuer’s	conditional	probability	of	being	downgraded.	Note	that	in	this	case,	the	other	

two	conditions	are	fulfilled,	as	we	can	see	from	Table	6	that	the	cumulative	probability	of	being	

upgraded	 conditional	 on	 having	 a	 Positive	 outlook	 increases	 from	 6.35%	 (conditional	 on	

Stable	outlook)	to	21.98%,	while	the	conditional	probability	of	default	lowers	to	0.00%	from	

0.27%.	Hence,	in	this	example,	the	Baa1	issuer	that	changed	from	a	Stable	to	a	Positive	outlook	

would	not	be	included	in	our	good	news	subsample.	

	

	 On	the	other	hand,	consider	a	Baa1	issuer	which	currently	has	a	Stable	(STA)	outlook	

and	is	subsequently	placed	under	review	for	a	potential	Downgrade	(DGN).	In	this	case,	this	

outlook	change	is	included	in	our	bad	news	subsample	since	it	meets	all	three	conditions:	the	

issuer’s	cumulative	conditional	probability	of	being	upgraded	falls	from	6.35%	(STA)	to	3.87%	

(DGN),	its	cumulative	conditional	probability	of	being	downgraded	rises	from	7.54%	(STA)	to	

66.49%	 (DGN),	while	 its	 conditional	 probability	 of	 default	 increases	 from	0.27%	 (STA)	 to	

0.76%	(DGN).		

	

	

5.2	Abnormal	Returns	
	

	 In	 order	 to	 test	 for	 the	market	 reaction	 to	 announcements	 of	 credit	 rating	 outlook	

changes,	we	must	 first	obtain	abnormal	returns	around	the	event	date	 for	each	security	 in	

each	subsample.	To	do	so,	a	common	approach	in	event	studies	is	the	market	model8,	which	

is	used	to	predict	expected	returns	of	firm	𝑖	from	an	equal-weighted	benchmark	of	securities.		

                                                
8	See	Fama	(1976)	for	a	discussion	on	the	market	model.	
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In	our	study,	we	use	the	S&P	500	as	our	benchmark,	as	the	Index	is	commonly	referred	

to	 as	 a	 good	proxy	 for	 the	market.	 The	NYSE	 could	have	been	used	 instead,	 however	 this	

exchange	also	includes	dual-listings	and	foreign	companies,	hence	we	used	the	S&P	500	for	

practical	reasons.	

	

	 The	daily	abnormal	return	for	each	firm	𝑖	on	day	𝑡	is	given	by:	

	

	

𝐴𝑅_| = 𝑅_| − B𝛼~_ + 𝛽�_𝑅u|E (17)	

	

	

where	𝑅_|	is	the	rate	of	return	of	stock	𝑖	during	day	𝑡;	𝑅u|	is	the	rate	of	return	on	the	S&P	500	

Index	and	𝛼~_ 	and	𝛽�_ 	are	OLS	estimated	parameters	over	the	150	days	period,	from	day	-210	

through	to	day	-61	relative	to	the	announcement	date,	which	is	denoted	as	day	0.	Note	that	

stock	returns,	as	well	as	the	return	of	the	S&P	500	are	calculated	using	closing	prices.	

	

	 To	assess	the	daily	effect	of	the	market	reaction	across	stocks,	daily	abnormal	returns	

of	each	security	in	the	subsample	are	averaged	with	equal	weights	across	the	𝑁	firms	to	create	

an	average	abnormal	return	for	day	𝑡:	

	

	

𝐴𝐴𝑅| =
1
𝑁
$𝐴𝑅_|

�

_��

(18) 

	

	

The	 average	 abnormal	 returns	 are	 then	 cumulated	 over	 various	 time	 windows	 to	 create	

cumulative	average	abnormal	returns	from	day	𝑡	through	to	day	𝑡 + 𝑘:	

	

	

𝐶𝐴𝐴𝑅|,|L� =$𝐴𝐴𝑅�

|L�

��|

(19) 
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In	 this	 analysis,	 we	 cumulate	 average	 abnormal	 returns	 over	 four	 different	 time	

windows	for	each	subsample	and	test	for	their	respective	significance.	The	first	two	intervals	

range	 from	 day	 -60	 through	 to	 -31	 (𝐶𝐴𝐴𝑅��x,���)	 and	 from	 day	 -30	 through	 to	 -2	

(𝐶𝐴𝐴𝑅��x,�:),	day	0	being	the	event	day.	These	time	windows	are	included	in	order	to	control	

for	the	market’s	anticipation	of	credit	rating	outlook	announcements.		

	

Given	previous	findings	that	market	participants	largely	or	even	fully	anticipate	rating	

changes	in	market	pricing	sometimes	90	days	before	the	credit	rating	announcement	(Hull	et	

al.	 2004),	 we	 find	 it	 relevant	 to	 include	 such	 a	 time	 window	 for	 rating	 outlooks	

announcements.	 However,	 we	 do	 not	 expect	 to	 find	 significant	 CAARs	 within	 these	 time	

intervals	because	outlook	changes	tend	to	surprise	the	market	(Cantor	and	Hamilton,	2005),	

which	would	indicate	no	anticipation	reflected	in	market	prices.	

	

	 The	third	window	measures	the	announcement	day	effect	of	the	credit	outlook	events.	

It	cumulates	average	abnormal	returns	across	all	firms	in	a	three-day	time	interval	from	day	

-1	 through	 to	 1	 (𝐶𝐴𝐴𝑅��,�).	 Since	 credit	 rating	 outlooks	 are	much	 less	 anticipated	 by	 the	

market	 than	 credit	 ratings,	 we	 expect	 this	 interval	 to	 be	 particularly	 significant	 for	 the	

announcement	 of	 bad	 news,	 whereas	 we	 expect	 the	 announcement	 day	 effect	 to	 be	

insignificant	for	the	announcement	of	good	news.	

	

	 Finally,	we	cumulate	average	abnormal	returns	across	all	 firms	 in	a	29-day	 interval	

following	the	announcement,	(𝐶𝐴𝐴𝑅:,�x).	This	 interval	 is	 included	in	our	analysis	since	we	

want	to	capture	the	market’s	short-term	reaction	following	the	announcement	of	negative	and	

positive	news.	We	do	not	expect	to	find	significant	abnormal	stock	returns	in	this	interval	of	

time	unless	the	reaction	on	the	announcement	day	is	particularly	strong	for	any	type	of	news,	

which	could	lead	to	a	subsequent	price	correction	in	the	following	period.	
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5.3	Statistical	Testing	
	 		

	 In	order	 to	assess	 the	validity	of	our	previously	mentioned	hypotheses	(see	section	

3.3),	we	test	the	following	null	hypotheses.	The	first	null	hypothesis	relates	to	Hypothesis	1	

which	states	that	the	announcement	of	a	positive	change	in	rating	outlook	has	an	insignificant	

announcement	day	effect.	In	other	words,	the	𝐶𝐴𝐴𝑅��,�	following	good	news	is	not	statistically	

different	than	zero.	Our	second	null	hypothesis	to	be	tested	is	that	the	𝐶𝐴𝐴𝑅��,�	following	bad	

news	in	outlook	changes	is	insignificant,	which	relates	to	Hypothesis	2.	

	

	 The	test-statistic	under	the	null	used	in	this	paper	is	a	cross-sectional	t-test	(see	Brown	

and	Warner,	1985).	This	is	a	standard	statistical	 inference	methodology	commonly	used	in	

event	 studies	 (Masulis	 1980,	 Dann	 1981,	 Holthausen	 and	 Leftwich,	 1986;	 Campbell	 and	

Wesley,	1993).	

	

	 As	mentioned	above,	the	time	series	of	abnormal	returns	is	calculated	from	the	market	

model	 from	 day	 -60	 through	 day	 +30	 relative	 to	 the	 announcement	 date,	which	 are	 then	

averaged	across	firms	per	day	and	cumulated	over	various	subperiods	to	form	time	windows	

of	different	length.	An	estimate	of	the	variance	of	this	time	series	used	for	statistical	inference	

is	calculated	from	the	150-day	period	running	from	day	-210	through	to	day	-61	relative	to	

the	event	date:	

	

𝜎~: =
1
149

$ (𝐴𝐴𝑅| − 𝐴𝐴𝑅777777):
���

|��:�x

(20) 

	

	

where	𝐴𝐴𝑅	is	the	mean	abnormal	return	across	all	firms	on	the	subsample	over	the	150-day	

period:	

	

𝐴𝐴𝑅777777 =
1
149

$ 𝐴𝐴𝑅|

���

|��:�x

(21) 
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The	t-statistic	used	to	estimate	the	significance	of	𝐶𝐴𝐴𝑅|,|L� 	 is	 the	ratio	of	 the	time	

window	𝐶𝐴𝐴𝑅|,|L�	to	its	estimated	standard	deviation	in	Eq.	(19)	scaled	by	the	square-root	of	

the	number	of	days	in	the	time	interval	of	choice:	

	

	

𝑡 =
𝐶𝐴𝐴𝑅|,|L�
√𝑘𝜎~

(22) 

	

	

If	 the	𝐴𝐴𝑅|	 are	 independent,	 identically	 and	 normally	 distributed,	 the	 t-test	 has	 a	

Student-t	distribution	with	149	degrees	of	freedom.	Assuming	that	the	Central	Limit	Theorem	

holds,	the	Student-t	distribution	converges	to	normality	as	the	number	of	degrees	of	freedom	

increases.	Note	that	by	using	a	portfolio	of	abnormal	returns,	or	an	equal-weighted	average	of	

abnormal	returns,	this	test	also	incorporates	cross-sectional	dependence	in	daily	abnormal	

stock	returns.	In	the	following	section	we	report	our	results,	including	both	one	and	two-sided	

p-values	for	statistical	interpretation.	
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6.	Results	and	Interpretation	
	

6.1.	Results	
	

	 In	this	section	of	our	study	we	analyze	the	impact	of	changes	in	credit	rating	outlooks	

announced	 by	 Moody’s	 on	 stock	 prices.	 First,	 we	 start	 by	 discussing	 the	 effect	 of	 new	

information	on	market	prices	depending	on	their	nature.	We	will	review	the	three	types	of	new	

information	(good,	bad,	and	neutral	news)	as	per	our	earlier	setup.	In	the	second	part	of	this	

section,	we	interpret	our	results	using	the	theoretical	framework	outlined	in	section	3.2	and	

provide	 an	 explanation	 of	 strategic	 market	 participant	 interaction	 in	 the	 presence	 of	 new	

information	given	our	results.	Table	7	below	summarizes	our	results	for	good	news,	bad	news,	

and	includes	the	results	for	neutral	news	which	enables	us	to	control	for	the	model’s	predictive	

power.		

	

We	report	both	one-sided	and	two-sided	p-values	for	the	following	reason.	We	want	to	

assess	whether	the	mean	CARs	are	statistically	different	from	zero	following	the	announcement	

of	rating	outlook	changes.	Empirical	studies	have	shown	that	the	market	reacts	insignificantly	

to	credit	upgrades	and	reviews	for	upgrades	(Holthausen	and	Leftwich,	1986).	However,	even	

though	 it	has	been	documented	that	 the	market	reacts	negatively	 to	credit	downgrades	and	

reviews	for	downgrade	(Followill	and	Martell,	1997),	we	are	uncertain	of	the	direction	of	the	

market’s	reaction	to	rating	outlook	announcements	that	are	considered	good	news	and	would	

like	to	control	for	both	directions	given	that	we	are	excluding	credit	rating	changes	in	our	study.			

	

	

6.1.1	Good	News	
	

	 We	start	our	analysis	by	studying	the	impact	of	outlook	changes	that	convey	good	news	

on	stock	returns.	In	this	part	we	assess	the	validity	of	Hypothesis	1	using	a	sample	of	219	credit	

outlook	changes	 that	were	previously	 classified	as	good	news	as	per	 the	definition	given	 in	

section	3.	Table	7.A	illustrates	our	findings	for	the	good	news	subsample.	The	first	column	of	

the	 table	 indicates	 the	 time	 window	 of	 interest,	 the	 second	 column	 signals	 the	 number	 of	

observations	 used	 for	 the	 test,	 while	 the	 third	 column	 highlights	 the	 cumulative	 average	
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abnormal	return	for	the	time	window	of	 interest.	The	last	three	columns	relate	to	statistical	

testing	which	allow	us	 to	make	 inferences.	The	 t-statistic	 in	 the	 fourth	column	 is	 calculated	

using	Eq.	(22).	 In	the	 last	two	columns,	the	associated	p-values	for	one-sided	and	two-sided	

tests	are	reported.	These	p-values	are	drawn	from	the	Student-t	distribution	with	149	degrees	

of	freedom.		
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From	the	fourth	column,	we	can	see	that	none	of	the	CAARs	in	our	four	time-windows	

are	statistically	significant,	thereby	we	are	unable	to	reject	the	null	hypothesis	that	the	mean	

CARs	are	not	statistically	different	from	zero.	Indeed,	our	results	show	that	all	of	the	p-values	

associated	with	 the	 four	 CAARs	 are	 above	 conventional	 levels	 of	 significance	 (1%,	 5%,	 and	

10%).		

	

The	 mean	 CAR	 is	 very	 small	 and	 positive	 around	 the	 announcement	 day	 at	 0.13%,	

followed	by	a	change	in	sign	during	the	month	following	the	event	with	the	p-value	decreasing	

by	more	than	half.		The	evolution	of	the	sign	of	the	CAAR	throughout	our	sample	intervals	may	

suggest	 that	 stocks	 become	 insignificantly	 overvalued	 up	 to	 the	 announcement	 window,	

followed	 by	 an	 insignificant	 reversal	 in	 the	 month	 following	 the	 announcement	 period.	

However,	given	the	low	values	for	the	t-statistic	in	all	time	windows,	one	cannot	infer	a	clear	

relationship	between	the	intervals,	and	we	do	not	suggest	this	as	a	viable	trading	strategy.		

	

So	far,	our	results	confirm	Hypothesis	1	regarding	the	insignificant	market	reaction	to	

positive	 credit	 rating	 outlook	 events.	 Interestingly,	 these	 results	 are	 in	 line	 with	 previous	

findings	that	document	an	insignificant	reaction	to	rating	upgrades	and	reviews	for	upgrades	

(Pinches	and	Singleton,	1978;	Griffin	and	Sanvicente,	1982;	Holthausen	and	Leftwich,	1986;	

Glascock	et	al.,	1987;	Hand	et	al.,	1992;	Goh	and	Ederington,	1993;	Followill	and	Martell,	1997;	

Goh	and	Ederington,	1999;	Dichev	and	Piotroski,	2001;	Norden	and	Weber,	2004;	Chung	et	al.,	

2012).		

	

	

6.1.2	Bad	News	
	

We	now	turn	on	to	the	analysis	of	outlook	changes	that	convey	bad	news	on	stock	prices.	

Table	7.B	illustrates	our	findings	for	this	type	of	news.	To	examine	the	validity	of	Hypothesis	2,	

we	 conducted	 a	 cross-sectional	 t-test	 (see	 section	 5.3)	 using	 a	 sample	 of	 205	 observations.	

Unlike	previous	studies	that	have	exclusively	focused	on	rating	changes	and	credit	reviews,	we	

find	no	evidence	of	market	anticipation	for	rating	outlooks,	thereby	providing	further	evidence	

that	outlooks	generally	surprise	the	market	as	highlighted	by	Cantor	and	Hamilton,	(2005).	The	

t-statistic	 for	 the	 𝐶𝐴𝐴𝑅��x,���	 and	 𝐶𝐴𝐴𝑅��x,�:	 are	 0.6258	 and	 -0.0986	 respectively.	 This	
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translates	to	p-values	of	26.62%	and	46.08%	respectively	using	a	one-tailed	test,	which	are	far	

above	conventional	levels	of	significance.		

	

Interestingly,	 the	 𝐶𝐴𝐴𝑅��,�,	 which	 measures	 the	 announcement	 day	 effect,	 has	 a	 t-

statistic	 of	 -2.9433	 which	 allows	 us	 to	 reject	 the	 null	 hypothesis	 that	 the	 𝐶𝐴𝐴𝑅��,�	 is	 not	

statistically	different	from	zero	at	the	1%	level	of	significance.	This	suggests	that	the	cumulative	

average	abnormal	return	around	the	announcement	day	 is	statistically	significant	at	 the	1%	

level	using	both	a	one-tailed	and	two-tailed	test	(p-value	of	0.19%	and	0.38%	respectively).	The	

mean	CAR	value	in	this	time	window	is	equal	to	-0.83%,	which	suggests	that	the	market	reacts	

negatively	to	rating	outlook	changes	that	convey	bad	news	as	per	our	definition	in	section	3.		

	

The	second	noteworthy	 finding	 is	 that	 the	𝐶𝐴𝐴𝑅:,�x	has	a	 t-statistic	of	1.3931,	which	

corresponds	to	a	p-value	of	8.28%	in	the	Student-t	distribution	with	149	degrees	of	freedom	

using	a	one-tailed	test.	This	suggests	that	we	are	able	to	reject	the	null	hypothesis	of	𝐶𝐴𝐴𝑅:,�x	

not	being	 statistically	different	 from	zero	at	 the	10%	significance	 level	 on	a	one-tailed	 test.	

Importantly,	 the	𝐶𝐴𝐴𝑅:,�x	 has	a	positive	 sign	and	a	magnitude	of	1.21%,	 suggesting	a	price	

reversal	 in	 the	 interval	 after	 the	 announcement.	Unlike	 the	 case	 for	 good	news,	 the	market	

reaction	in	the	interval	following	the	announcement	date	is	statistically	significant	in	the	case	

of	bad	news.	This	may	indicate	that	stocks	initially	overreact	to	the	bad	news,	becoming	briefly	

undervalued,	before	experiencing	a	price	correction.			

	

So	 far,	 our	 findings	 support	 Hypothesis	 2	 regarding	 the	 significant	 negative	market	

reaction	to	negative	rating	outlook	announcements.	The	negative	announcement	day	effect	is	

in	line	with	previous	findings	that	the	stock	market	reacts	negatively	to	rating	downgrades	and	

reviews	for	downgrades	(Norden	and	Werber,	2004),	however	our	sample	does	not	support	

the	evidence	of	Hull	et	al.	(2004)	that	rating	downgrades,	reviews	for	downgrades,	and	negative	

outlooks	are	all	anticipated	by	the	market.	On	the	contrary,	our	results	show	that	the	rating	

outlook	changes	are	not	anticipated	by	the	market,	and	support	Cantor	and	Hamilton	(2005)	in	

stating	that	outlook	announcements	are	events	that	tend	to	surprise	the	market	given	the	highly	

significant	market	adjustment	in	the	(-1,	1)	time	window.	Our	evidence	also	suggests	positive	

abnormal	stock	performance	following	the	announcement	of	negative	outlook	changes,	which	
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to	 our	 knowledge	 has	 not	 been	 documented	 before	 in	 the	 stock	 market.	 This	 finding	

complements	 the	 evidence	 found	 by	 Glascock	 et	 al.	 (1987)	 on	 a	 reversal	 after	 the	

announcement	of	rating	downgrades.		

	

	

6.1.3	Neutral	News	

	

	 Table	7.C	summarizes	our	results	for	neutral	news.	Our	analysis	is	conducted	using	a	

sample	of	179	outlook	observations.	As	mentioned	in	section	3.2,	this	subsample	is	used	as	a	

control	for	the	predicting	power	of	the	theoretical	framework.	From	the	t-statistic	column,	we	

see	that	we	are	unable	to	reject	the	null	hypothesis	that	the	CAARs	in	our	time	windows	are	not	

statistically	different	from	zero.	Indeed,	the	associated	p-values	for	𝐶𝐴𝐴𝑅��x,���,	𝐶𝐴𝐴𝑅��x,�:,	

𝐶𝐴𝐴𝑅��,�,	and	𝐶𝐴𝐴𝑅:,�x	are	all	higher	than	conventional	levels	of	significance,	both	using	one-

sided	and	two-sided	tests.		

	

This	result	is	reassuring	for	our	study	given	our	definition	of	neutral	news.	The	intuition	

is	that	in	these	cases,	the	conditional	probabilities	(upgrade,	downgrade	and	default)	remain	

exactly	 the	 same.,	 and	 thus,	 a	 market	 reaction	 should	 not	 be	 observed	 given	 that	 this	

information	 is	 already	 known	 by	market	 participants.	 The	 insignificant	 cumulative	 average	

abnormal	 return	 during	 the	 announcement	 time	window	 implies	 that	 investors	 completely	

discard	rating	outlook	announcements	that	do	not	have	an	impact	on	an	issuer’s	credit	quality.	

This	result	seems	intuitive	and	serves	as	important	control	for	the	predicting	power	of	Luo’s	

framework	in	our	context.		

	

So,	what	does	this	mean?	From	a	credit	risk	perspective,	the	insignificant,	yet	positive	

market	 reaction	 to	 good	 news	 suggests	 that	 on	 average	 market	 participants	 react	 only	

marginally	 to	 likely	 improvements	 in	 the	 credit	 quality	 of	 an	 issuer.	 Conversely,	 the	 highly	

significant	 market	 reaction	 in	 response	 to	 bad	 news	 indicates	 that	 investors	 seem	 to	 be	

considerably	affected	by	 the	 likely	deterioration	of	an	 issuer’s	 creditworthiness.	 In	 the	next	

subsection,	we	provide	interpretation	of	our	results	using	the	findings	of	Luo	(2014).		
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6.2	Interpretation	
	

Given	 Luo’s	 (2014)	 definition	 of	 asset	 price	 underreaction	 and	 overreaction,	 we	

interpret	 the	 results	 obtained	 under	 his	 theoretical	 framework	 and	 provide	 a	 potential	

explanation	for	the	underlying	mechanism	that	might	be	driving	the	market’s	reaction	to	rating	

outlook	announcements.	As	mentioned	in	section	3.2,	Luo’s	model	takes	place	in	a	market	with	

one	risky	asset	and	three	types	of	investors:		(1)	rational	traders,	whose	beliefs	about	asset	the	

asset	payoff	are	accurate,	(2)	conservatism	traders,	who	are	slow	to	update	their	beliefs	when	

presented	with	new	information,	and	(3)	heuristic	traders,	who	put	too	much	weight	on	new	

information	 and	 too	 little	 on	 their	 prior	 knowledge.	 Finally,	 a	 market	 maker	 acts	 as	 the	

representative	agent	by	setting	the	price	equal	to	the	expected	payoff	of	the	asset	conditional	

on	the	observed	aggregate	demand.		

	

We	start	by	interpreting	the	market	reaction	to	good	news.	Clearly,	we	can	observe	only	

an	insignificant	yet	positive	reaction	in	the	event	window,	as	shown	by	the	𝐶𝐴𝐴𝑅��,�	of	0.13%.	

However,	 this	 reaction	 is	 not	 statistically	 different	 from	 zero.	 In	 Luo’s	 framework,	 the	

insignificant	 market	 reaction	 may	 be	 suggestive	 of	 a	 non-perceivable	 price	 adjustment,	 or	

equivalently	a	very	large	price	underreaction.		

	

This	 effect	 can	 be	 explained	 in	 two	 ways	 by	 Luo’s	 (2014)	 model.	 A	 first	 possible	

explanation	for	the	asset	price	underreaction	in	the	presence	of	good	news	is	that	the	impact	of	

conservatism	bias	in	the	market	dominates	the	impact	of	representativeness	heuristic.	Since	

the	conditional	mean	of	the	asset	payoff	is	smaller	for	conservative	traders	than	for	rational	

traders	when	receiving	good	news,	they	submit	smaller	market	orders	compared	to	the	latter,	

whose	demand	is	also	positive.	It	follows	that	the	price	is	not	as	high	as	it	would	be	in	a	market	

with	only	rational	traders.		

	

Luo	(2014)	further	mentions	that	a	higher	degree	of	conservatism	bias	in	the	market	

and/or	 a	 larger	 number	 of	 conservatism	 traders	 would	 only	 accentuate	 the	 effect	 of	

conservatism	bias	on	the	price,	leading	to	a	more	severe	underreaction.	Such	an	underreaction	

could	happen	if,	 for	example,	 the	degree	of	conservatism	bias	 in	the	market	 is	so	high	(very	
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small	𝑚O),	that	conservatism	traders	do	not	adjust	their	conditional	mean	of	the	asset	payoff	at	

all,	given	the	outlook	announcement	classified	as	good	news.	Remember	from	Eq.	(16)	below	

and	Eq.	(4),	that	the	limit	of	the	conditional	mean	of	the	asset	payoff	of	a	conservatism	trader	

as	𝑚O 	tends	to	zero	is	equal	to	the	expected	payoff	of	the	asset,	regardless	of	the	signal:	

	

lim
uv	→	x

𝐸B𝜃C(𝑆, 𝑐)E = θ7		

	

As	 mentioned	 in	 section	 3,	 the	 other	 possible	 explanation	 for	 the	 asset	 price	

underreaction	is	that	the	total	degree	of	representativeness	is	far	greater	than	the	degree	of	

conservatism	 in	 the	 market	 (Case	 C	 in	 section	 3.2.3).	 As	 a	 result,	 heuristic	 traders,	 whose	

conditional	mean	of	the	asset	payoff	is	larger	than	the	one	of	rational	traders	in	the	presence	of	

good	news,	drive	the	asset	price	higher	than	its	fundamental	value.	In	response,	rational	traders	

sell	the	asset	as	they	perceive	the	asset	as	overvalued.	In	such	a	case,	the	opposite	market	orders	

of	heuristic	 traders	and	rational	 traders	would	 lead	 to	a	price	underreaction,	given	 that	 the	

price	would	not	be	as	low	as	in	a	market	with	only	rational	traders.	Theoretically,	these	two	

scenarios	may	provide	an	explanation	as	for	why	the	market	reacts	insignificantly	to	positive	

credit	rating	outlook	announcements.		

	

We	now	explain	the	significant	negative	abnormal	returns	around	the	announcement	of	

credit	 rating	 changes	 communicating	 bad	 news	 using	 Luo’s	 (2014)	 model.	 The	 significant	

market	 reaction	during	 the	 (-1,	1)	 time	window	suggests	 that	 stock	prices	overreact	 to	bad	

news.	A	possible	explanation	for	this	overreaction	is	that	the	total	degree	of	representativeness	

in	the	market	dominates	over	the	total	degree	of	conservatism	bias	(Case	D	in	section	3.2.3).	As	

a	result,	heuristic	traders,	whose	conditional	mean	of	the	asset	payoff	 is	 lower	than	rational	

traders	in	the	case	of	bad	news,	drive	the	price	down,	resulting	in	a	lower	asset	price	than	if	

only	rational	investors	traded	the	asset.	Depending	on	the	degree	of	total	representativeness	in	

the	 market,	 this	 may	 lead	 the	 price	 to	 be	 undervalued	 following	 the	 outlook	 change	

announcement,	which	 could	 partly	 explain	why	we	 observe	 a	 significant	 positive	 abnormal	

return	in	the	month	following	the	event	(𝐶𝐴𝐴𝑅:,�x	of	1.21%	and	significant	at	the	10%	level).		
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Barberis	et	al.	(1998)	also	propose	a	model	of	stock	price	under	and	overreaction	to	new	

information	using	a	series	of	bad	or	good	news.	They	show	that	stocks	with	a	consistent	track	

record	of	bad	news,	such	as	consistent	low	earnings	announcements,	become	undervalued	and	

earn	superior	returns	in	the	future.	Even	though	our	study	does	not	focus	on	a	series	of	outlook	

changes,	but	on	the	effect	of	a	single	outlook	change	classified	as	“bad	news”,	our	evidence	of	

significant	negative	abnormal	return	followed	by	positive	abnormal	returns	in	the	subsequent	

month	may	 also	 suggest	 that	 isolated	 events	 such	 as	 negative	 outlook	 announcements	may	

cause	 stock	 prices	 to	 become	 temporarily	 undervalued.	 Note	 that	 although	 the	 results	 of	

Barberis	et	al.	(1998)	are	very	appealing,	creating	a	string	of	bad	or	good	news	using	rating	

outlooks	for	each	company	is	beyond	the	scope	of	this	paper.		

	

Lastly,	 we	 analyze	 our	 results	 for	 neutral	 news	 using	 Luo’s	 (2014)	 theoretical	

framework	in	light	of	our	definition	of	neutral	news.	Since	the	informational	signal	does	not	

affect	the	conditional	probability	of	upgrade,	downgrade,	nor	default	of	an	issuer,	the	model	

predicts	that	we	should	not	observe	any	price	reaction	to	neutral	news.	In	the	event	window,	

we	 can	 see	 that	 the	𝐶𝐴𝐴𝑅��,�	 is	 insignificant	 and	very	 small	 in	magnitude,	 the	 t-statistic	 of	

0.1888	 and	mean	 of	 0.06%	 strongly	 suggest	 that	 the	market	 reaction	 to	 the	 neutral	 is	 not	

statistically	different	from	zero.		

	

Since	 the	market	 reaction	 is	 not	 statistically	 different	 from	 zero	 for	 good	 news	 nor	

neutral	news,	one	cannot	make	specific	inferences	with	the	values	obtained.	The	only	thing	one	

could	 note	when	 comparing	 both	 is	 that	 the	magnitude	 of	 the	market	 reaction	 around	 the	

announcement,	as	measured	by	the	𝐶𝐴𝐴𝑅��,�,	is	more	than	two	times	larger	for	good	news	than	

for	 neutral	 news.	 Note	 that	 a	 larger	 average	 reaction	 for	 neutral	 news	 would	 have	 been	

inconsistent	 with	 the	 model’s	 predictions,	 given	 that	 in	 the	 presence	 of	 neutral	 news	 the	

demand	for	the	asset	should	be	zero.		

		

Our	definition	of	neutral	news	is	strict	in	the	sense	that	the	issuer	must	have	the	exact	

same	conditional	probability	of	upgrade,	downgrade,	and	default	on	its	debt	payments	as	before	

the	announcement.	However,	we	are	aware	that,	even	though	we	classify	as	neutral	news	the	

event	of	an	issuer	with	a	negative	outlook	receiving	a	subsequent	negative	outlook,	the	market	

may	not	perceive	this	event	strictly	as	“neutral	news”.	Thus,	in	order	to	control	for	the	sole	effect	
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of	neutral	news	that	do	not	carry	any	specific	connotations	such	as	“positive”	or	“negative”;	we	

considered	relevant	to	report	the	cumulative	average	abnormal	returns	in	response	to	stable-

to-stable	outlook	announcements	only	(hereafter	referred	to	as	“mezzo	neutral	news”).		In	Table	

8	below,	we	report	such	results,	which	point	to	a	staggering	difference	in	t-statistics	between	

the	subsamples	of	“neutral	news”	and	“mezzo	neutral	news”.	As	one	can	see	from	the	fourth	

column,	the	t-statistic	for	all	four	CAARs	are	virtually	equal	to	zero	with	an	associated	p-value	

of	50%	against	a	one-sided	alternative.	

	

	

	
	
	

	

This	 has	 two	 important	 implications	 for	 our	 results.	 First	 of	 all,	 it	 confirms	 that	 the	

market	reaction	to	good	news,	even	though	insignificant,	is	likely	greater	than	the	response	to	

mezzo	 neutral	 news.	 The	 large	 difference	 in	 p-values	 when	 comparing	 the	 results	 of	 both	

subsamples	provides	evidence	that	the	price	reaction	to	good	news	and	mezzo	neutral	news	are	

presumably	not	the	same	as	Table	7	seems	to	suggest.	As	a	consequence,	the	insignificant	yet	

positive	𝐶𝐴𝐴𝑅��,�in	response	to	good	news	enables	us	to	say	with	slightly	more	confidence	that	

the	market	seems	to	greatly	underreact	in	the	presence	of	good	news.	
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More	interestingly,	Table	8	suggests	that	investors	may	be	influenced	by	the	wording	of	

outlook	announcements	given	the	marginal	increase	in	the	significance	of	CAARs	from	Table	8	

to	Table	7.C,	although	these	remain	insignificant.	This	is	not	implausible,	since	Kahneman	and	

Tversky	(1979)	demonstrate	that	when	people	make	choices,	they	are	influenced	by	the	way	

these	choices	are	framed.	Kahneman	and	Tversky	(1979)	state	that	framing	usually	comes	in	

the	 form	 of	 gains	 and	 losses,	 and	 also	 show	 that	 losses	 are	 psychologically	 2.5	 times	more	

painful	than	gains	of	a	same	amount.	As	a	consequence,	different	wording	and	context	can	have	

a	powerful	impact	on	how	people	make	decisions.		

	
	

An	important	implication	of	this	finding	is	that	framing	effects	could	explain	part	of	the	

overreaction	to	negative	outlook	changes	seen	in	Table	7.B,	as	 investors	may	perceive	these	

announcement	as	potential	losses	which	they	wish	to	avoid	by	excessively	shorting	the	stock	of	

the	issuers	in	question.	However,	given	that	this	study	was	conducted	with	a	limited	number	of	

observations,	this	result	cannot	be	generalized.	We	will	get	back	to	this	point	in	the	next	section,	

in	which	we	discuss	alternative	explanations	to	the	asymmetric	nature	of	abnormal	returns	in	

the	presence	of	good	and	bad	news.		
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7.	Discussion	
	
	

This	section	is	organized	in	four	subsections.	Section	7.1	highlights	the	importance	of	

our	study	and	its	contributions	to	existing	literature.	Section	7.2	includes	an	insight	emerging	

from	a	deeper	analysis	of	the	changes	in	conditional	probabilities	per	subsample.	Section	7.3	

considers	alternative	explanations	to	our	findings.	Lastly,	Section	7.4	outlines	the	shortcomings	

of	this	study	and	possible	variations.	
	

	

7.1	Contribution	to	Existing	Literature	
	

Our	main	contributions	are	both	to	document	the	stock	market	reaction	to	credit	rating	

outlook	changes;	and	to	provide	a	theoretical	framework	under	which	our	results,	as	well	as	

previous	related	findings,	can	be	interpreted.	Namely,	the	framework	used	has	the	potential	to	

explain	the	significant	negative	abnormal	reaction	to	negative	rating	outlook	changes,	as	well	

as	 the	 insignificant	 market	 reaction	 to	 positive	 rating	 outlook	 changes.	 Thus,	 our	 study	 is	

relevant	 in	 the	 sense	 that	 it	 unites	 a	 large	 body	 of	 empirical	 evidence	 with	 a	 theoretical	

framework.	

	

Past	studies	have	documented	the	effect	of	credit	rating	outlooks	on	the	bond	and	CDS	

markets,	while	our	study	focuses	on	the	impact	of	these	events	on	the	stock	market.		As	the	first	

paper	 to	 exclusively	 focus	 on	 the	 reaction	 to	 changes	 in	 credit	 rating	 outlooks	 and	 review	

announcements	 in	 the	 equities	 market,	 we	 extend	 prior	 results	 by	 showing	 that	 the	 stock	

market	reacts	similarly	to	the	CDS	market	in	response	to	this	type	of	rating	announcements.	

The	 significant	 price	 reversal	 in	 response	 to	 negative	 outlook	 changes	 complements	 the	

evidence	 reported	by	Glascock	et	 al.	 (1987)	on	a	 reversal	 after	 the	announcement	of	 rating	

downgrades.	

	

Another	 contribution	 from	 our	 work	 is	 the	 incorporation	 of	 behavioral	 insights	 to	

explain	the	market	overreaction	and	underreaction	to	credit	rating	events,	which	as	far	as	we	

know	 has	 not	 been	 done	 before.	 We	 interpret	 the	 empirical	 evidence	 from	 a	 behavioral	
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perspective	 given	 that	 the	market	 underreaction	 and	 overreaction	 to	 new	 information	 are	

regarded	as	anomalies.	Both	are	inconsistent	with	the	efficient	market	hypothesis,	and	if	the	

four	 traditional	 axioms	 of	 preferences9	 are	 strictly	 satisfied,	 rational	 asset	 pricing	 does	 not	

provide	an	explanation	as	to	why	these	phenomena	occur10	(Luo,	2014).		

	
As	Luo	(2014)	outlines,	empirical	literature	has	so	far	addressed	representativeness	as	

the	cause	for	overreaction,	and	conservatism	as	the	cause	for	underreaction.	However,	Luo’s	

(2014)	 main	 contribution	 was	 to	 theoretically	 prove	 that	 both	 conservatism	 and	

representativeness	 can	 cause	 both	 overreaction	 and	 underreaction;	 showing	 that	 this	 is	

possible	 both	 in	 a	 competitive	 securities	market	 and	 in	 a	 securities	market	with	 imperfect	

competition	in	which	agents	interact	strategically.	Hence,	a	relevant	distinction	of	this	paper	is	

that	it	does	not	attempt	to	explain	underreaction	to	good	news	with	conservatism	as	its	sole	

driver	but	also	allows	for	the	possibility	of	representativeness	to	explain	this	market	reaction.	

In	doing	so,	we	acknowledge	the	complex	relations	between	several	factors	involved	in	real-life	

markets.	
	
	

We	 further	 contribute	 to	 the	 existing	 literature	 by	 providing	 a	 new	 identification	

strategy,	which	is	different	from	the	one	commonly	used	to	examine	the	effect	of	credit	rating	

news.	Specifically,	we	classify	good	and	bad	news	across	a	spectrum,	rather	than	solely	based	

on	the	positive	or	negative	connotations	in	the	title	of	credit	rating	announcements.	Also,	by	

exclusively	 focusing	on	rating	outlooks	 that	are	not	associated	with	a	 rating	change,	we	are	

better	able	to	isolate	the	effect	of	credit	rating	news	that	tend	to	surprise	investors.	

	
Our	 approach	 differs	 from	 previous	 research	which	 has	mainly	 studied	 the	 effect	 of	

rating	change	announcements	on	an	issuer’s	stock	price	and	has	essentially	 focused	on	how	

investors	respond	to	news	communicating	the	non-temporary	change	of	its	underlying	credit	

risk.	 	Conversely,	our	work	 focuses	on	how	 investors	process	new	 information	contained	 in	

rating	outlook	announcements,	which	capture	the	likely	direction	of	an	issuer’s	long-term	credit	

                                                
9		The	axioms	of	preferences	laid	out	by	von	Neumann	Morgenstern	(1944)	are	Completeness,	Transitivity,	Continuity	and	
Independence.		
10	In	section	7.3,	we	outline	an	expected	utility	framework	that	may	predict	under	and	overreaction	when	relaxing	the	
independence	axiom.  
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rating.			Furthermore,	by	classifying	outlook	changes	in	three	different	subsamples,	we	attempt	

to	showcase	how	the	market	responds	to	the	associated	changes	in	conditional	probabilities	of	

upgrade,	downgrade,	and	default.	Our	classification	into	good,	neutral,	and	bad	news	allows	us	

to	analyze	what	investors	seemingly	seek	or	try	to	avoid,	whether	it	is	the	increase	or	decrease	

in	the	conditional	probability	of	being	upgraded,	downgraded,	and/or	defaulting.	We	elaborate	

on	this	last	point	later	in	this	section.	

	
	

In	 this	 study,	we	also	document	 that	 the	market	does	not	 seem	 to	 react	 in	 the	 same	

manner	to	different	types	of	“neutral	news”,	even	though	they	do	not	involve	a	change	in	the	

conditional	probabilities	of	downgrade,	upgrade	or	default	already	known	to	the	investor.	Since	

neutral	news	technically	do	not	convey	additional	 information	to	 the	market,	 it	 follows	that	

their	effect	should	have	been	already	incorporated	in	the	price	at	the	time	of	the	initial	outlook	

assignment.	The	fact	that	the	results	slightly	differ	from	the	results	on	mezzo	neutral	news	(see	

column	 4	 of	 Table	 7.C	 and	 Table	 8)	may	 suggest	 that	 investors	 could	 be	 influenced	 by	 the	

wording	of	outlook	announcement	news.	However,	since	neutral	news	were	used	as	a	control	

group	and	there	were	limited	observations	within	the	subsample	on	stable-to-stable	outlooks	

(mezzo	neutral	news),	we	cannot	generalize	this	statement.	

	
	

7.2	Change	in	Conditional	Probabilities	per	Subsample	

	
Cantor	and	Hamilton	(2005)	point	out	that	during	their	cohort-formation	period	(1995-

2004),	the	stable	outlook	is	clearly	the	most	common	of	the	outlook	categories	(58.7%	of	the	

issuers	in	their	sample).	From	their	statistics,	it	is	also	easily	seen	that	positive	outlooks	are	not	

as	common	as	reviews	for	downgrade,	with	only	10.3%	compared	to	20.0%.	And	that	reviews	

for	downgrade	were	over	twice	as	common	than	reviews	for	upgrade	during	that	period,	with	

7.8%	compared	to	3.8%	for	reviews	for	upgrade.		

	
In	other	words,	Moody’s	did	not	give	as	many	reviews	for	upgrade	and	positive	outlooks	

as	reviews	 for	downgrade	and	negative	outlooks	during	 this	period.	 In	essence,	 this	 implies	

there	are	differences	regarding	the	distribution	of	outlooks	changes	within	the	good	news	and	
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bad	 news	 subsamples	 in	 our	 study.	 Table	 9	 below	 shows	 descriptive	 statistics	 of	 each	

subsample	of	news	regarding	final	outlook	categories	within	each	(the	final	outlook	refers	to	

the	outlook	after	the	change).	It	is	relevant	to	note	that	the	proportions	of	final	outlook	status	

per	subsample	in	the	final	dataset	remained	almost	identical	to	the	proportions	of	final	outlook	

status	per	subsample	in	the	initial	dataset	(before	the	decontamination	of	data).	

	

Table	9.	Distribution	of	Final	Outlook	Status	per	Subsample	

	
Table	9.	Final	outlook	refers	to	the	outlook	status	after	the	change	in	outlook.	This	table	shows	the	number	of	observations	

classified	by	final	outlook	category	per	subsample;	as	well	as	the	respective	proportion	within	the	subsamples	(%).	

	

	

From	Table	 9	we	 can	 see	 that	 the	 good	 news	 subsample	 is	 distributed	more	 evenly	

across	different	 type	of	observations	per	 final	outlook	status	 than	 the	bad	news	subsample.	

Specifically,	34%	of	observations	in	the	good	news	subsample	ended	in	a	review	for	upgrade,	
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26%	with	a	positive	outlook,	and	33%	ended	with	a	stable	outlook.	In	contrast,	65%	of	outlook	

changes	 classified	as	bad	news	ended	 in	a	 review	 for	downgrade,	 and	26%	with	a	negative	

outlook.	

	

The	reason	behind	the	relatively	large	proportion	of	final	stable	outlook	within	the	good	

news	subsample	is	that	there	were	numerous	observations	in	which	the	issuer	was	placed	in	

review	for	downgrade,	but	Moody’s	confirmed	the	rating	instead	(hence	the	stable	final	outlook	

as	good	news).	However,	there	were	extremely	few	cases	in	which	a	review	for	upgrade	ended	

in	a	confirmation	of	rating	instead.	It	is	also	important	to	highlight	that	not	all	possible	types	of	

changes	above	are	equally	likely	within	each	subsample.	For	instance,	it	is	more	likely	that	a	

negative	outlook	is	followed	by	a	review	for	downgrade	than	by	a	review	for	upgrade;	and	vice	

versa.		

	

	 The	large	proportion	of	reviews	for	downgrade	and	negative	outlooks	in	the	bad	news	

subsample	could	be	explained	by	the	fact	that	our	data	sample	period	perfectly	overlaps	with	

the	credit	cycle	of	1999-2002.	Naturally,	 the	downturn	phase,	which	occurred	 following	 the	

burst	of	 the	dot.com	bubble,	was	accompanied	by	deteriorating	credit	quality	 in	 the	overall	

economy.	However,	note	that	our	sample	period	ranges	from	January	1995	to	December	2005,	

which	means	that	our	sample	also	includes	the	expansionary	phase	of	the	credit	cycle.	

	

The	assignment	of	a	review	for	upgrade	or	downgrade	is	associated	with	a	significant	

change	in	the	conditional	probability	of	upgrade,	downgrade,	and	default	when	coming	from	a	

stable,	negative	or	positive	outlook	(see	Extract	1	in	page	43).		Likewise,	the	departure	from	a	

review	for	upgrade	or	downgrade	to	another	outlook	is	equally	associated	with	a	significant	

change	in	these	conditional	probabilities.	Even	though	there	was	not	a	proportional	amount	of	

good	news	ending	in	a	“review	for	upgrade”	in	our	subsample	compared	to	bad	news	ending	in	

a	 “reviews	 for	 downgrade”,	 our	method	 of	 news	 classification	 allowed	 for	 a	 balance	 in	 the	

subsamples	regarding	the	change	in	conditional	probabilities	resulting	from	changes	in	outlook	

status.		

	

The	 above	 is	 illustrated	by	 the	 fact	 that	 even	 though	 there	were	 only	 47	 good	news	

observations	 from	 “stable	 outlook”	 to	 “review	 for	 upgrade”	 compared	 to	 82	 bad	 news	
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observations	from	“stable	outlook”	to	“review	for	downgrade”,	there	were	also	39	observations	

from	“review	for	downgrade”	to	“stable	outlook”	in	the	good	news	subsample.	These	add	up	to	

86	good	news	observations	with	large	jumps	in	conditional	probabilities,	compared	to	82	large	

jumps	in	conditional	probabilities	in	the	bad	news	subsample.	

	

In	order	to	make	sure	that	our	bad	news	subsample	does	not	disproportionately	feature	

more	large	probability	jumps	than	our	good	news	subsample,	we	carried	a	separate	analysis;	

which	also	sheds	light	on	whether	our	results	could	have	been	driven	by	this	specific	factor.		

For	this	analysis,	we	considered	important	to	take	into	account	the	distribution	of	issuer	credit	

quality	within	the	bad	news	and	good	news	subsamples	at	the	time	of	the	change	in	outlook.	

Table	 10	 summarizes	 these	 descriptive	 statistics	 divided	 into	 Investment	 Grade	 and	

Speculative	Grade	for	each	news	subsample.			
	

	

Table	10.	Investment	grade	and	Speculative	grade	issuers	per	Subsample	

	
Table	10.	Summary	statistics	of	the	credit	quality	of	companies	in	each	news	subsample.	Investment	grade	refers	to	Aaa,	Aa,	

A,	and	Baa	rating	categories.	Speculative	grade	refers	to	Ba,	B,	Caa,	Ca,	and	C	rating	categories.	

	
	

From	Table	10,	one	can	see	that	77%	of	outlook	change	observations	in	the	good	news	

subsample	are	within	the	investment	grade	rated	segment,	compared	to	95%	in	the	bad	news	

subsample.	Thus,	we	used	the	corresponding	statistics	for	each	type	regarding	the	frequency	of	

rating	 changes	 concluding	 in	 outlook	 assignment	 and	 cumulative	 default	 rates,	 before	

calculating	the	weighted	average	change	in	probabilities	for	each	subsample.	
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The	process	was	as	follows.	First,	we	listed	all	the	possible	types	of	good	and	bad	news	

(10	different	types	for	each).	The	classifications	are	found	in	Table	11	below:	

	

Table	11.	Types	of	News	per	Subsample	

	
Table	11.	This	table	summarizes	the	different	types	of	news	within	each	subsample.	There	are	ten	different	types	of	“good	

news”.		Correspondingly,	there	are	ten	different	types	of	“bad	news”.		

	
Subsequently,	we	calculated	the	weighted	total	change	in	conditional	probabilities	per	

subsample,	as	stated	in	the	conditions	that	initially	classified	outlook	changes	into	either	good	

news	or	bad	news.	Namely,	for	the	good	news	subsample,	we	calculated:	
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● The	total	increase	in	the	probability	of	being	upgraded	

● The	total	decrease	in	the	probability	of	being	downgraded	

● The	total	decrease	in	the	probability	of	defaulting	
	

For	the	entire	bad	news	subsample,	we	calculated:			
	

● The	total	decrease	in	the	probability	of	being	upgraded	

● The	total	increase	in	the	probability	of	being	downgraded	

● The	total	increase	in	the	probability	of	defaulting	

	

In	 order	 to	 do	 so,	 we	 used	 the	 statistics	 provided	 by	 Cantor	 and	 Hamilton	 (2005)	

regarding	the	frequency	of	rating	changes	concluding	in	outlook	assignment	(please	refer	to	

Extract	1	in	page	43),	as	well	as	the	average	one-year	cumulative	default	rates	conditional	on	

outlook	 status	 presented	 in	 their	 paper	 (Extract	 3	 below).	 Extract	 3	 shows	 the	 average	

cumulative	default	rates	from	one	to	five	years	conditional	on	outlook	status	by	whole	letter.	

The	below	extract	from	their	paper	contains	such	rates	conditional	on	“Review	for	Downgrade”	

status.	Similar	tables	are	found	for	negative,	stable,	and	positive	outlooks,	as	well	as	review	for	

upgrade.		
	

Extract	3	from	Cantor	and	Hamilton	(2005),	page	13:	

	
	

The	 cumulative	default	 rates	 in	 the	 table	 above	 are	defined	as	 the	probability	 of	 the	

issuer	defaulting	from	the	time	t	of	the	cohort	formation	up	to	time	t+k,	with	k	Î	(1,5).	Thus,	
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taking	into	account	the	information	in	both	extracts,	we	constructed	Table	12,	which	refers	to	

the	change	in	conditional	probability	of	downgrade	or	upgrade	after	the	outlook	assignment,	as	

well	as	the	conditional	probability	of	default	within	one-year	after	the	outlook	assignment.		

	

	
Table	12.	These	tables	show	the	change	in	conditional	probability	of	actually	being	downgraded	or	upgraded	after	the	outlook	

assignment,	 as	 well	 as	 the	 conditional	 probability	 of	 defaulting	 within	 one-year	 after	 the	 outlook	 assignment.	 These	

probabilities	were	calculated	from	the	data	on	the	frequency	of	rating	changes	concluding	in	outlook	assignment,	as	well	as	the	

average	one-year	cumulative	default	rates	conditional	on	outlook	status	presented	by	Cantor	and	Hamilton	(2005).		
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After	counting	the	number	of	observations	per	type	of	outlook	change,	we	calculated	the	

weighted	total	change	in	conditional	probability	of	upgrade,	downgrade,	and	default	for	each	

subsample,	taking	into	account	the	different	proportions	of	Speculative	and	Investment	grade	

issuers	in	each.	The	results	are	shown	in	Table	13	below	and	the	calculations	can	be	found	in	

Appendix	1.	
	

	
Table	13.	This	table	shows	the	change	in	conditional	probability	of	upgrade,	downgrade,	and	default	(one-year	horizon)	per	

news	subsample.	By	construction,	neutral	news	are	not	included.		

	
	

From	Table	13,	we	can	see	that	after	weighting	each	observation,	the	total	increase	in	

conditional	probability	of	upgrade	amounts	to	22.83%	for	the	good	news	subsample,	compared	

to	a	total	decrease	in	the	conditional	probability	of	downgrade	of	18.72%.	On	the	other	hand,	

the	total	conditional	probability	of	upgrade	decreased	by	6.54%	for	the	bad	news	subsample,	

against	a	34.74%	increase	in	the	conditional	probability	of	downgrade.	The	absolute	change	in	

conditional	 probabilities	 for	 the	 good	 news	 totals	 41.55%,	 compared	 to	 a	 41.28%	 absolute	

change	in	conditional	probabilities	for	the	bad	news.		

	

Notably,	the	absolute	change	is	similar	in	magnitude	for	both	good	and	bad	news,	and	

the	 difference	 in	 absolute	 conditional	 probability	 change	 between	 both	 subsamples	 is	 only	

0.27%	(excluding	the	change	in	conditional	default	probabilities).	Interestingly,	the	conditional	

probability	 of	 default	 decreased	 by	 0.98%	 for	 the	 whole	 good	 news	 sample,	 while	 it	 only	

increased	by	0.47%	for	the	bad	news	subsample.		
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Regarding	our	results,	the	significant	negative	reaction	to	bad	news	suggests	that	the	

market	cares	more	about	the	increase	in	the	downside	probability	and	seems	to	disregard	the	

decrease	in	the	probability	of	downgrade,	even	when	it	is	large	in	comparison.	For	instance,	the	

total	 reduction	 in	 the	 likelihood	of	being	downgraded	 implied	by	 the	good	news	subsample	

(18.72%)	 accounts	 for	 approximately	 55%	 of	 the	 total	 increase	 in	 the	 likelihood	 of	 being	

downgraded	for	the	bad	news	subsample	(34.74%).	However,	our	results	suggest	that	investors	

seem	to	comparingly	overlook	the	large	upside	potential	outlined	by	the	22.83%	increase	in	the	

average	likelihood	of	being	upgraded	contained	in	the	good	news	subsample.		

	

More	 interestingly,	 the	 total	 increase	 in	 the	conditional	probability	of	default	coming	

from	bad	news	(0.47%)	is	less	than	half	than	the	total	decrease	in	the	conditional	probability	

of	default	coming	from	good	news	(0.98%).	Thus,	the	deeper	analysis	of	our	sample	points	that	

investors	 strongly	 react	 to	 an	 increase	 in	 the	 conditional	 probability	 of	 defaulting,	 but	

seemingly	disregard	a	comparatively	large	reduction	in	the	conditional	probability	of	defaulting	

as	 implied	 in	 the	 credit	 rating	 outlook	 changes	 classified	 as	 good	 news	 in	 our	 sample.	 As	

outlined,	a	similar	behavior	is	observed	for	the	increase	in	the	likelihood	of	being	downgraded,	

compared	 to	 its	 decrease.	 However,	 our	 results	 suggest	 that	 investors	 might	 overlook	 the	

increase	in	the	likelihood	of	being	upgraded,	as	well	as	its	decrease.		

	

Under	Expected	Utility	Theory	 (von	Neumann	and	Morgenstern,	1944)	with	 the	 four	

traditional	 axioms	 of	 preferences	 being	 fulfilled,	 a	 risk-averse	 investor	 might	 disregard	 an	

increase	in	the	asset’s	expected	payoff	when	he	is	far	out	in	the	utility	curve	as	the	marginal	

utility	of	higher	gains	is	practically	zero;	but	this	would	also	mean	that	an	investor	placed	in	

this	space	would	not	care	much	for	a	similar	loss.	Note	that	this	reasoning	can	be	extended	to	

risk-neutral	and	risk-seeking	investors.		

	

On	the	other	hand,	an	overreaction	to	bad	news	without	a	reaction	to	good	news	could	

be	explained	if	the	agent	is	in	a	critical	zone	of	the	utility	curve	in	which	his	marginal	utility	

changes	disproportionately	when	faced	with	losses	or	gains.	This	would	account	for	the	clearly	

stronger	 reaction	 towards	 downside	 risks	 than	 upside	 potential.	 However,	 we	 would	 not	

presume	that	that	the	majority	of	S&P	500	investors	are	in	this	critical	zone.	Hence,	assuming	

that	investors	are	not	in	this	zone	of	the	utility	curve	overall,	and	given	a	utility	specification,	a	
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significant	 reaction	 to	bad	news	would	 indicate	 that	 some	reaction	 to	good	news	should	be	

observed	as	well.		

	

Note	that	the	abnormal	reactions	may	not	necessarily	be	of	the	same	magnitude	for	each	

type	of	news,	but	that	expected	utility	would	prescribe	a	reaction	to	both	types	of	news.	Thus,	

these	results	would	not	be	consistent	with	a	classical	economic	perspective	that	strictly	satisfies	

the	 four	VNM	axioms.	 In	section	7.3.1	we	mention	a	classical	model	 that	could	generate	 the	

predictions	of	what	is	observed	in	the	empirical	evidence	by	introducing	uncertainty	aversion	

and	relaxing	the	classical	independence	axiom	(Gilboa	and	Schmeidler,	1989).		

	

	

7.3	Alternative	explanations		
	

7.3.1	Pessimism	

		

In	 our	 context,	 it	 is	 relevant	 to	 mention	 pessimism	 as	 a	 complementary	 factor.	 A	

“pessimistic”	investor	would	be	characterized	by	having	a	probability	density	function	with	a	

mean	located	to	the	left	of	a	rational	investor.		So,	when	receiving	good	news,	the	pessimistic	

investor	 would	 believe	 the	 mean	 expected	 payoff	 is	 lower	 than	 a	 rational	 one,	 and	 when	

confronted	with	bad	news	(s)he	will	expect	larger	losses.		

		

Boussaidi	(2013)	notes	that	representativeness	could	lead	to	both	excess	pessimism	or	

optimism	given	recent	information.	On	the	other	hand,	a	conservative	agent	has	a	lower	mean	

of	the	expected	asset	payoffs	when	confronted	with	good	news;	thus,	pessimism	is	likely	to	be	

a	driver	behind	both	 the	overreaction	 caused	by	 representativeness,	 and	 the	underreaction	

when	caused	by	conservatism.	

		

Luo’s	(2014)	model	incorporates	the	possibility	that	agents	may	exhibit	both	pessimism	

and	optimism	through	either	conservatism	or	representativeness.	Specifically,	a	conservative	

agent	 would	 be	 classified	 as	 optimistic	 when	 receiving	 bad	 news,	 but	 pessimistic	 when	

receiving	good	news;	while	a	heuristic	trader	would	be	classified	as	optimistic	when	receiving	

good	news,	and	pessimistic	when	receiving	bad	news.			
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Arguably,	a	model	in	which	one	could	generate	the	reactions	that	we	empirically	observe	

could	be	a	classical	economic	model	 featuring	agents	with	non-unique	prior	beliefs	 that	use	

Maxmin	 expected	 utility,	 assuming	 uncertainty	 aversion	 and	 relaxing	 the	 classical	

independence	axiom	(Gilboa	and	Schmeidler,	1989).	Maxmin	expected	utility	involves	choosing	

an	 act	 that	 maximizes	 utility,	 while	 assuming	 the	 worst	 possible	 probability	 distribution	

(Krahnen	et	al.	2013);	thus,	a	model	like	this	could	technically	explain	an	underreaction	to	good	

news	and	an	overreaction	to	bad	news.		

		
However,	we	do	not	regard	the	analysis	of	credit	rating	outlook	changes	as	a	setting	that	

would	justify	this	extreme	negative	attitude	towards	ambiguity.	A	model	as	such	could	portray	

investors	 as	 overly	pessimistic	when	 receiving	 all	 kinds	of	 new	 information;	which	we	 find	

counterintuitive	in	the	sense	that	it	would	also	imply	that	agents	in	the	market	follow	the	same	

underlying	process11.	In	this	regard,	we	believe	Luo’s	(2014)	model	is	a	more	realistic	setting	

to	explain	these	phenomena	since	it	provides	a	framework	in	which	heterogeneous	agents	use	

different	probability	updating	processes	in	the	face	of	uncertainty,	while	allowing	for	strategic	

interaction	 in	 the	 market;	 and	 based	 in	 the	 understanding	 that	 nature	 seems	 to	 favor	

heterogeneity	(Shefrin,	2008).		

		
Importantly,	optimism	and	pessimism	affect	only	 the	 first	moment	of	 the	probability	

distribution	of	an	agent,	but	do	not	incorporate	an	assumption	regarding	the	variance	of	the	

asset’s	 expected	 payoffs.	 However,	 Luo’s	 (2014)	 model	 also	 encompasses	 the	 notion	 that	

different	 agents	 have	 different	 assumptions	 regarding	 the	 variance	 of	 the	 asset’s	 expected	

payoffs,	 and	 thus	 also	 takes	 into	 account	 the	 presence	 of	 both	 overconfident	 and	

underconfident	 investors	 in	 the	 market.	 Specifically,	 conservatism	 traders	 have	 a	 larger	

conditional	 variance	 of	 the	 asset	 payoff	 (underconfident)	 than	 the	 objective	 variance,	 and	

heuristic	traders	have	a	smaller	one	(overconfident).		

	

	

                                                
11	One	could	also	argue	that	a	classical	economic	model	in	which	some	agents	were	maxmin	expected	utility	maximizers	and	
in	which	their	impact	dominates	over	other	agents	in	the	market	could	more	adequately	reflect	these	market	dynamics.	
However,	providing	such	a	model	falls	beyond	the	scope	of	this	paper.		
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7.3.2	Disposition	effect,	Self-attribution	bias,	and	Overconfidence	

		

We	do	not	claim	that	conservatism	bias	and	representativeness	heuristic	are	or	could	be	

the	only	possible	explanations	or	psychological	mechanisms	behind	market	underreaction	and	

overreaction	 to	 new	 information	 contained	 in	 credit	 rating	 outlooks.	 Other	 authors	 in	 the	

existing	 behavioral	 literature	 provide	 for	 different	 explanations	 to	 the	 market	 under	 and	

overreaction,	although	regarding	different	types	new	information.	Some	of	these	include	the	

“disposition-effect”,	self-attribution	bias	and	overconfidence,	among	others.		

		

For	 instance,	 Frazzini	 (2006)	 shows	 that	 the	 disposition	 effect	 can	 in	 fact	 explain	

underreaction	to	both	bad	and	good	news,	as	mentioned	in	section	2.	The	disposition	effect	is	a	

behavioral	bias	which	predisposes	 traders	 to	 seek	 to	 realize	 small	 gains	and	 to	avoid	 small	

losses.	Thus,	in	the	presence	of	bad	news,	investors	are	reluctant	to	sell	if	they	cannot	realize	a	

profit,	as	a	result	the	stock	price	does	not	drop	as	much	as	it	would	otherwise.	Conversely,	in	

the	presence	of	good	news	the	stock	price	rises,	therefore	investors	who	display	the	disposition	

effect	will	want	to	lock	in	the	gains,	which	causes	the	price	to	underreact	to	both	good	and	bad	

news.		

		

Alternatively,	 Daniel	 et	 al.	 (1998)	 present	 a	 model	 to	 explain	 underreaction	 and	

overreaction	to	news	with	self-attribution	bias	and	overconfidence	as	underlying	causes.	An	

individual	is	said	to	exhibit	overconfidence	if	his	probability	distribution	regarding	the	payoff	

of	an	asset	has	a	smaller	variance	than	the	objective	distribution;	this	in	turn	leads	the	agent’s	

distribution	to	be	more	centered	around	the	mean,	and	as	a	result	the	individual	considers	tail	

events	to	be	even	more	unlikely	than	they	really	are.	Self-attribution	bias	refers	to	the	tendency	

of	individuals	to	take	credit	for	positive	events	that	occur	but	to	blame	external	factors	such	as	

bad	luck	for	negative	events.	

		

Specifically,	in	their	model,	investors	exhibit	some	degree	of	self-attribution	bias	which	

leads	 them	 to	 become	 overconfident	 about	 their	 ability	 to	 pick	 stocks	 and	 subsequently	

overestimate	 the	 accuracy	 of	 their	 predictions.	 Barberis	 et	 al.	 (1998)	 outline	 that	 it	 is	 not	

inconceivable	 that	 overconfidence	 and	 self-attribution,	 as	 well	 as	 conservatism	 and	

representativeness	all	play	a	role	in	explaining	the	empirical	evidence.	
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7.3.3	Cumulative	Prospect	Theory	

		

Besides	 the	 above	 mentioned,	 there	 are	 other	 alternative	 factors	 that	 might	 be	

complementary	in	driving	these	phenomena.	The	contributions	of	Cumulative	Prospect	Theory	

(CPT)	are	especially	relevant	in	this	aspect,	given	that	it	incorporates	loss	aversion,	framing,	

and	probability	weighting.	Tversky	and	Kahneman	(1992)	explain	 that	agents	 typically	care	

about	fluctuations	in	their	wealth	relative	to	a	reference	point	rather	than	in	their	final	wealth,	

as	expected	utility	theory	would	suggest.		

	

Tversky	 and	 Kahneman	 (1992)	 also	 explain	 that	 individuals	 are	 loss	 averse,	 which	

means	that	for	gains	and	losses	of	equivalent	size,	the	psychological	pain	of	losing	is	greater	

than	the	psychological	pleasure	of	winning,	by	a	factor	of	approximately	2.5.	In	terms	of	our	

results	 and	 the	 empirical	 evidence	 available,	 this	 implies	 that	 the	 increase	 in	 upgrade	

probability	would	have	to	be	much	larger	than	the	increase	in	probability	of	being	downgraded,	

in	order	for	us	to	see	a	significant	reaction	in	the	stock	market	towards	good	news	as	it	can	be	

seen	for	bad	news.		

		

Other	attractive	feature	of	CPT	is	that	it	also	incorporates	probability	weighting.	In	their	

experiments,	 Tversky	 and	 Kahneman	 (1992)	 find	 that	 people	 do	 not	 weight	 probabilities	

linearly,	 rather	 they	distort	 them	using	 a	 probability	weighting	 function,	which	 overweighs	

small	probability	and	underweights	large	probabilities.	In	the	context	of	credit	risk,	investors	

may	overweight	very	small	changes	in	probabilities	of	default	which	could	explain	part	of	the	

abnormal	reaction	to	outlook	changes.	Further,	CPT	also	incorporates	framing	effects,	which	

according	 to	 Kahneman	 and	 Tversky	 (1979)	 means	 that	 when	making	 choices,	 people	 are	

influenced	by	the	way	these	choices	are	framed.		

	

Thus,	Cumulative	Prospect	Theory	has	appealing	features,	as	loss	aversion	could	be	an	

important	factor	in	explaining	significant	negative	abnormal	stock	returns	observed	around	the	

announcement	 of	 negative	 credit	 events.	 Indeed,	 by	 being	 loss	 averse,	 investors	 may	

excessively	sell	in	response	to	negative	news	as	they	may	try	to	avoid	future	losses,	driving	the	

price	of	 the	asset	below	its	 fundamental	value.	However,	 loss	aversion	clearly	depends	on	a	

reference	point,	which	is	hard	to	identify	in	our	context.		
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Furthermore,	 as	 explained	 in	 section	 6,	 it	may	 not	 be	 implausible	 that	 investors	 are	

influenced	by	the	way	rating	outlooks	are	framed.	Nevertheless,	it	is	possible	that	a	model	based	

on	CPT	could	also	predict	a	market	reaction	in	response	to	positive	news	announcements	due	

to	 the	utility	 curvature	 and	depending	on	 the	 reference	point	 of	 investors,	which	would	 go	

against	empirical	evidence	reported	in	the	literature.	

		

It	 might	 be	 conceivable	 that	 the	 factors	 considered	 in	 Cumulative	 Prospect	 Theory,	

together	 with	 conservatism	 and	 representativeness	 could	 explain	 the	 empirical	 evidence	

suggested	by	both	our	study	and	the	existing	literature	on	the	abnormal	reaction	to	negative	

credit	 rating	 events	 and	 the	 comparatively	 insignificant	 reaction	 to	 positive	 ones.	 	 Thus,	 it	

would	be	enriching	to	analyze	the	market	under	and	overreaction	to	new	information	under	a	

framework	that	incorporates	the	features	of	CPT,	given	its	notable	contributions	to	the	field	of	

behavioral	finance.		

		

												On	a	different	note,	market	incompleteness	is	often	regarded	as	a	reason	behind	various	

market	 pricing	 anomalies	 (Barucci	 &	 Fontana,	 2017).	 This	 stems	 from	 the	 rationale	 that	 if	

financial	 markets	 are	 considered	 to	 be	 incomplete,	 it	 means	 that	 investors	 cannot	 hedge	

themselves	 against	 all	 states	 of	 the	 world.	 Thus,	 investors	 cannot	 self-insure	 against	

unpredictable	changes	in	their	income,	which	in	turn	causes	their	marginal	rates	of	substitution	

across	states	(or	equivalently	the	SDF)	to	be	more	volatile	than	in	complete	markets	(Duffie,	

1993).	As	mentioned	earlier,	the	price	of	a	security	is	equal	to	its	expected	weighted	sum	of	

future	 payoffs	 with	 weights	 given	 by	 the	 marginal	 rates	 of	 substitution.	 Hence,	 market	

incompleteness	might	also	explain	part	of	increased	asset	price	volatility	observed	in	real	life	

markets.		
	

	

7.4	Shortcomings	and	Variations	of	the	Study	
	

One	of	 the	 limitations	of	 our	 study	was	 the	 relatively	 constrained	period	of	 time	 for	

which	observations	could	be	collected	(1995-2005),	given	that	the	Migration	Matrices	available	

covered	only	that	period.	Our	sample	was	further	constrained	due	to	counterintuitive	statistics	

with	respect	to	decreasing	or	increasing	probabilities	for	upgrade,	downgrade,	and/or	default	
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of	some	alphanumeric	rating	categories.	This	led	to	the	elimination	of	146	potentially	useful	

observations.	For	 instance,	we	could	not	use	outlook	change	observations	for	A3	companies	

that	went	from	“stable	outlook”	to	a	“negative	outlook”	given	that	the	conditional	probability	of	

default	decreased	(instead	of	increasing	as	for	the	majority	of	other	categories),	even	though	

the	change	resulted	in	a	lower	conditional	probability	of	being	upgraded	and	higher	probability	

of	being	downgraded	(refer	to	table	6.A	and	6.B).		

	
Similarly,	for	B2	issuers	we	could	not	use	the	observations	that	went	from	“review	for	

downgrade”	to	a	“negative	outlook”	given	that	the	conditional	probability	of	being	upgraded	

decreased	 instead	of	 increasing	as	 for	 the	majority	of	 the	other	categories,	 even	 though	 the	

change	resulted	in	a	lower	conditional	probability	of	both	being	downgraded	and	defaulting.		

This	is	so	because	the	statistics	are	historical;	hence,	one	could	venture	to	posit	that	Migration	

Matrices	that	cover	a	longer	time	period	(i.e.	20	years)	could	lead	to	a	more	intuitively	coherent	

sequence	for	the	rating	categories	and	perhaps	result	in	discarding	less	observations.		

	
Since	our	sample	was	relatively	constrained,	it	is	hard	to	know	whether	our	results	hold	

in	general	or	are	driven	by	a	specific	subsample	of	issuers	of	a	particular	category	(Aaa,	Aa,	A,	

Baa,	Ba,	or	B,	Caa,	or	Ca-C).	Thus,	with	a	larger	sample	covering	a	longer	period	one	could	test	

for	whether	these	reactions	to	changes	in	rating	outlooks	apply	in	general	or	hold	only	in	certain	

rating	 categories.	 The	 same	 logic	 applies	 regarding	 the	 time	 period	 covered,	 for	 instance,	

whether	our	results	were	specific	to	this	period	or	continue	to	apply,	or	whether	the	magnitude	

and	timing	of	the	effects	has	changed.		

	
Another	 shortcoming	 is	 that	 we	 do	 not	 have	 a	 rational	 benchmark	 to	 compare	 the	

different	market	reactions	to	good	and	bad	news.	Instead,	we	test	for	their	significance.	Having	

such	 a	 benchmark	 would	 in	 turn	 allow	 us	 to	 measure	 the	 degree	 of	 conservatism	 and	

representativeness	heuristic	in	the	market	(and	thus	the	magnitude	of	under	and	overreaction).		

	

An	interesting	variation	of	this	study	could	be	to	analyze	the	market	reaction	to	every	

type	of	outlook	change	within	the	good	news	and	bad	news	spectrums.	For	example,	one	could	

evaluate	the	impact	of	an	outlook	change	from	a	review	for	downgrade	to	a	stable	outlook	on	a	
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separate	basis	than	a	change	from	positive	outlook	to	a	review	for	upgrade,	even	though	both	

were	classified	as	good	news	according	to	our	theoretical	framework.	Further,	the	effect	of	a	

change	in	outlook	from	stable	to	negative,	might	differ	from	the	effect	of	a	change	from	negative	

outlook	to	review	for	downgrade,	even	though	in	our	study	both	were	classified	as	bad	news.	

However,	 given	 the	 limited	 amount	 of	 data	 for	 the	 specific	 period	 of	 time	 in	 the	Migration	

Matrices	by	Cantor	and	Hamilton	(2005),	we	could	not	divide	our	subsamples	as	such.		

	

Hence,	it	would	be	interesting	to	repeat	this	study	using	Migration	Matrices	that	cover	a	

longer	time	period	or	that	are	up	to-date	and	that	would	allow	for	a	larger	data	sample	(and	

perhaps	 for	 less	 observations	 to	 be	 discarded	 as	mentioned	previously).	We	 tried	 to	 get	 in	

contact	with	 several	 of	Moody’s	 authors	 from	 different	 relevant	 papers	 in	 order	 to	 get	 the	

updated	versions	of	these	matrices	conditional	on	outlooks,	but	unfortunately	there	were	not	

abundant	responses	to	our	query.		

	

Other	approach	to	this	study	would	be	to	classify	different	rating	outlook	changes	by	

surprise	 measures	 and	 evaluate	 the	 related	 market	 reaction.	 For	 instance,	 one	 could	

hypothesize	 that	 the	 market	 reaction	 to	 a	 change	 from	 negative	 outlook	 to	 a	 review	 for	

downgrade	would	not	be	equally	“surprising”	as	a	change	from	a	positive	outlook	to	a	review	

for	downgrade.	Bernard	(1992)	shows	that	companies	with	positive	earnings	surprises	earn	

higher	returns	in	the	period	before	the	earnings	announcement,	while	companies	with	larger	

positive	 surprises	 earn	 returns	 also	 in	 the	 period	 after	 the	 announcement.	 These	 findings	

suggest	that	there	could	be	different	stock	market	reactions	to	different	“degrees	of	surprise”.		

	

Furthermore,	 Goh	 and	 Ederington	 (1999)	 find	 that	 the	 market	 reacts	 stronger	 to	

negative	announcements	within	 the	high-yield	 category	and	 crossovers	 into	 the	 speculative	

grade	category,	than	downgrades	within	the	investment	grade	category	(although	this	refers	to	

actual	rating	changes).	Thus,	having	a	larger	sample	one	could	study	the	effect	of	changes	in	

credit	rating	outlooks	for	different	alphanumeric	rating	categories.	

	

	Finally,	 it	 could	 be	 relevant	 to	 analyze	 how	 the	 effect	 of	 credit	 rating	 outlooks	 has	

changed	over	time	given	the	increasing	role	of	credit	rating	agencies	in	financial	markets	and	

the	subsequent	increased	attention	towards	their	publications	throughout	the	years.	
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8.	Conclusion		
	

Empirical	studies	provide	evidence	of	a	significant	market	reaction	to	negative	credit	

rating	events,	compared	to	an	insignificant	market	reaction	for	positive	ones.	 Importantly,	a	

theoretical	 explanation	 for	 these	 empirical	phenomena	had	not	been	previously	 formulated	

despite	its	widely	documented	existence.	Moreover,	the	vast	majority	of	the	past	studies	have	

mainly	focused	on	rating	changes.		

	

This	study	extends	the	existing	literature	in	two	main	ways.	Firstly,	we	document	the	

reaction	to	changes	 in	credit	rating	outlooks	and	review	announcements	 in	 the	U.S.	equities	

market.	 Secondly,	 we	 provide	 a	 theoretical	 framework	 under	 which	 both	 our	 findings	 and	

previous	evidence	can	be	interpreted	based	on	Luo’s	(2014)	behavioral	model.		

	

Using	a	traditional	event	study	methodology,	we	show	empirical	evidence	of	a	significant	

negative	 announcement	 day	 effect	 for	 rating	 outlook	 changes	 that	 convey	 bad	 news	 to	 the	

market,	and	an	insignificant	reaction	to	positive	outlook	changes	in	the	equities	market.	This	is	

of	 particular	 relevance	 because	 it	 underlines	 the	 fact	 that	 investors	 also	 react	 strongly	 to	

potential	rating	changes;	given	that	outlooks	(including	reviews)	merely	indicate	a	change	in	

the	likely	direction	of	an	issuer’s	long-term	credit	rating.	In	doing	so,	we	study	how	investors	

respond	to	news	that	carry	some	degree	of	uncertainty	on	whether	the	underlying	credit	risk	

of	an	issuer	has	undergone	a	temporary	or	permanent	change.			

	

Another	contribution	from	our	work	is	the	incorporation	of	behavioral	insights	in	order	

to	 explain	 the	market	 overreaction	 and	 underreaction	 to	 credit	 rating	 events.	 	 Using	 Luo’s	

(2014)	model,	we	argue	that	conservatism	and	representativeness	are	possible	explanations	

for	 the	 observed	 market	 underreaction	 to	 positive	 rating	 outlook	 changes,	 while	

representativeness	might	be	an	underlying	driver	of	the	market	overreaction	to	negative	rating	

outlook	announcements.	In	doing	so,	we	take	into	account	heterogeneous	beliefs	in	the	market,	

as	well	as	investors’	diverse	probability	updating	processes.		

	

We	 further	 contribute	 to	 the	 existing	 literature	 by	 providing	 a	 new	 identification	

strategy,	 different	 from	 the	 one	 commonly	used	 to	 study	 these	 types	 of	 credit	 rating	news.	
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Specifically,	we	classify	good	and	bad	news	across	a	spectrum,	rather	than	solely	based	on	the	

positive	or	negative	connotations	in	the	press-release	title	of	the	credit	rating	announcements.		

	

Our	results	are	consistent	with	previous	studies	regarding	the	market	reaction	to	rating	

changes,	 although	 the	 existing	 literature	 had	 not	 previously	 covered	 the	 impact	 of	 rating	

outlooks	on	the	equities	market.	The	present	study	also	documents	a	significant	price	reversal	

for	 changes	 in	 rating	 outlooks	 that	 convey	 “bad	news”	 to	 the	market	 and	 complements	 the	

evidence	 found	 by	 Glascock	 et	 al.	 (1987)	 on	 a	 reversal	 after	 the	 announcement	 of	 rating	

downgrades.		

	

A	 deeper	 analysis	 of	 our	 data	 sample	 highlights	 that	 investors	 seem	 to	 care	

disproportionately	more	about	the	increase	in	the	probability	of	a	rating	downgrade	contained	

in	negative	outlook	changes,	than	both	the	decrease	in	the	probability	of	a	rating	downgrade	

and	the	increase	in	the	probability	of	rating	upgrade	contained	in	outlook	changes	that	convey	

good	news.	Furthermore,	the	decrease	in	the	conditional	probability	of	default	for	the	whole	

good	news	subsample	was	over	twice	as	large	as	the	increase	in	the	conditional	probability	of	

default	implied	by	the	bad	news	subsample.	These	results	also	suggest	that	investors	care	much	

more	 about	 the	 increase	 in	 the	 probability	 of	 downgrade	 and	 default	 than	 their	 related	

decrease.	An	additional	unexpected	finding	of	our	study	suggests	that	investors	do	not	react	in	

the	 same	 manner	 to	 different	 types	 of	 “neutral	 news”,	 which	 contradicts	 the	 logic	 that	

announcements	that	do	not	provide	new	information	to	the	market	should	not	lead	to	a	price	

reaction.		

	

Avenues	for	further	research	include	the	study	of	the	impact	of	different	types	of	outlook	

changes	 across	 rating	 classes	 as	well	 as	 per	 type	 of	 news,	 the	 development	 of	 frameworks	

incorporating	 insights	 from	 Cumulative	 Prospect	 Theory	 in	 order	 to	 explain	 the	 empirical	

evidence,	the	comparison	of	our	results	in	the	equities	market	with	the	corporate	bond	and	CDS	

markets	regarding	the	magnitude	and	timing	of	investors’	reactions	to	changes	in	credit	rating	

outlooks,	 and	 the	 approximation	 of	 the	 total	 degree	 of	 conservatism	 bias	 and	

representativeness	heuristic	in	the	market	to	account	for	empirical	evidence	regarding	market	

under	and	overreaction	to	new	information.		
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