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Abstract

This paper compares conflict of interest incentieesl reputational concerns of credit rating agencie
(CRAS) in the context of the subprime crisis. Wguar that, during up-market periods, ratings lewasts
affected by both a strong tendency for alignmembsg CRAs and ratings “shopping” by issuers, while,
during periods of economic slowdown, these distodidisappear since CRAs are then more concerned
about their long-run reputation. We test our hype#is by analyzing the gap between Moody’s and S&Ps
ratings on US residential, subprime mortgage-bacesdirities before and after the 2007 crisis. Qarar
results show a clear reduction in ratings alignméwobreover, we find strong evidence that harsher
downgrades came from S&P, which had higher rating®re the crisis, and that the gap reduction is
strongly correlated with the rating gap before ¢hisis. We interpret this as evidence that CRAstdr
“reverse the gap”, to reduce the impact on the#lafive) reputation. Finally, we find that harsher
downgrades tend to occur for securities not joirdied and that the relation between downgrade $nétred
rating is significantly different across the twoeagies, this being consistent with the rating simpp

hypothesis.
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1. Introduction

Using the subprime crisis as our experimental regttwve study “collusive” behavior
amongst credit rating agencies (CRASs) and “ratsigspping” in the context of a large sample of
residential mortgage-backed securities (RMBS). Wpuia that when a crisis occurs, the ratings
alignment on jointly-rated securities strongly a&ges, since each CRA is more concerned about
its own reputation, and thus is more likely to gavéruly independent evaluation. Also, we expect
harsher downgrades to come from the CRA which wamgy higher ratings before the crisis
occurred, this behavior also being consistent witefocus on reputational capital by the agency. In
other words, we expect alignment to decrease feexan which ratings agreement previously
existed and to increase when a “split rating” wessent: Finally, we test for ratings shopping by
studying whether the crisis induced harsher dowdggan not jointly rated (NJR) securities rather
than on their jointly rated (JR) counterparts, amdether the relationship between the initial
evaluation and downgrade is different across CRAs.

The literature on ratings shopping suggests issgerdd choose a particular agency
knowing that its evaluation system would be morefgnable than its competitors in producing a
more favorable rating for a specific security. BakeMansi (2002) conduct a survey among rated
issuers, finding that only 2.7% of them claim tlhila¢ rating agencies business model induces
agencies to assign high ratings in order to saisgyers. Nevertheless, CRAs themselves admit
ratings shopping exists — especially for structdmednce products, for which there is no marking-
to-market and unsolicited ratings are not comman.al series of studi€ésMoody’s reports
hypothetical evaluations of securities it hadnteda finding that average differences would have
been higher than those verified on jointly rateduséies. Thus, Moody’s rating opinions and the

opinions of other agencies often diverge substiyiia situations when Moody’s is not asked to

! Cantor et al. (2007b) suggests that split ratingily come from different rating scales. Howevkthat was the only
major source of misalignment, we should then exmedy average ratings level, and not relative védum to be
affected by a downturn. We verify this is not tlese during the subprime crisis.

2 See, for example, Moody’s 2002a and Moody’s 2002b.



rate a particular security. This is highly suggestof rating shopping phenomenon: when asking
only one agency for a rating, the issuer targetsaipency that it believes would assign the higher
evaluation. At the same time, this shows that gaahignments on securities evaluated by more
agencies is higher than it would have been on ge=urated by only one agency.

The crisis on subprime RMBS, starting in 2007, s appealing context to study the
aforementioned phenomena, since it is a widely eskedged and clear structural break jointly
affecting thousands of similar issues, allowingdaromparative analysis of ratings before and after
such a major trigger event. The observed growtthefissuance of these securities between 2002
and 2006 was exponential for several reasons: hbevast rates, less tight credit access conditions,
predatory lending and new forms of mortgages (agladjustable rate mortgages with a two to
three year period of no principal repayment) bungd the real estate and mortgage market,
especially for nonprime borrowers. Subprime morégagrew from $421 billion in 2002 to $640
billion in 2006, representing approximately 22%tloé mortgage pool (14% in 2002) according to
Moody’s (2008b). At the same time, the crisis oghhyield corporate bonds seen between 2001
and 2003 drove a linked crisis for CollateralizegbD Obligations (CDOs) built upon these
securities: CDO issuers replaced troubled compaait @ith residential mortgages as their main
source of collateral for their issues. Accordinghg dramatic rise of RMBS, ABS and CDOs drove
a strong increase in their importance in CRA bussnd-or example, Moody’'s revenues from
structured finance ratings grew from $US50 milltomearly $US850 million over the period 1995
and 2006’

The rapid growth in these products increased tlewaace of conflicts of interest as well as
ratings complexity. In an analysis conducted by 3B on CRA'’s behavior in evaluating RMBS
and CDO, they find an inability of analysts to dealh the increased amount and complexity of
these securities. They also verified a high coma#ioh in the market of subprime RMBS

underwriting: regarding 642 analyzed deals thereevoaly 22 different arrangers, and half of them

3 J. Eisinger: “Overrated”. Portfolio.com, August 2807.



accounted for nearly 80% of both deal volume anthdealue; in the CDO market, the degree of
concentrations even higher (SEC, 2008). While the first sighsaslowdown in real estate and
associated securities surfaced by the end of 20@6crisis really began showing its true teeth in
June 2007. Specifically, on the 2df June that year, Merrill Lynch made a sellingliador its
$850 million share in two Bear Sterns funds mainiyested in structured finance products. Despite
several liquidity injections into the two funds Bgar Sterns, JP Morgan and others, no buyer was
found, forcing a severe write down. On July 3, 200o0dy’'s and S&P, which hadn’t shown
strong rating revision activity up to that timearséd a series of frequent and strong downgrades on
these securities, which are the object of ouryasmsl

Overall, our results show a clear reduction innggi alignment. Moreover, we find strong
evidence that harsher downgrades came from S&R;hwdssigned higher ratings before the crisis,
and that the gap reduction is strongly correlatél whe rating gap before the crisis. We interpret
this as evidence that CRAs were keen to “revereegép”, to reduce the impact on their (relative)
reputation. Finally, we find that harsher downgsatiend to occur for securities not jointly rated
and that the relation between downgrades and thal irating is significantly different across the
two firms, this being consistent with the ratingpping hypothesis.

Our paper proceeds as follows. Section 2 providbsd literature review culminating in
our core empirical predictions. In Section 3 wespre the dataset, while in Section 4 the empirical

analysis and results are shown. Section 5 closiisseime final remarks and conclusions.

2. Background, Literature Review and Empirical Predictions

The relevance and importance of studies examirtiegbehavior of credit rating agencies
has grown considerably over recent years, andcpéatly so, since CRAs emergence as a key
player in the evolution and regulation of finanamédrkets (see, for example, SEC, 2003). Market

trust in CRA evaluations has driven coupon spreads$ debt value to be strongly influenced by



ratings (see, for example, Ederington et al., 188d Kliger and Sarig, 2000). Moreover, many
financial regulatory institutions have used theaitings as official benchmarks for the credit rigk o
bonds and structured obligations in defining restns on investors’ behavior. For example, the
US SEC use their evaluations to define in whiclss#a of asset, certain types of agents are allowed
to invest/trade, and the Basel Il agreement makek bapital requirements depend on their assets
credit risk, which are also estimated using agen@aéngs. Therefore, it is quite plausible tha th
CRAs ratings deliberations influences economic famghcial cycles by driving market rate spreads
and liquidity.

However, conflicts of interest exist in CRA behaviBecause it is the debt issuer who pays
the fees to obtain a rating, rating agencies cbalempted to increase their revenues by assigning
higher ratings. Higher ratings would have the dffeiclowering interest rates requested by the
market and, as a consequence, raise the totahgssolume, which in turn would induce a higher
overall demand for ratings. Besides this globata&ffassignment of an “inflated” rating would also
likely attract more issuers regarding other contpeti This is especially true for complex and
illiquid securities such as RMBS and Asset Backedusities (ABS): fees paid by issuers are
particularly high (between 13 and 16 bps), andahgence of a marking-to-market process makes
such information produced by rating agencies evereraritical.

Collectively, these conflict of interest consideyas can produce a ratings shopping effect:
issuers ask for ratings assessments from diffeagahcies, making public only favorable ratings;
CRAs themselves can indicate what kind of enhanoéraad/or structuring of the security is
needed to achieve the desired rating under thaluation models. Notably, Skreta and Veldkamp
(2009) document the rating shopping phenomenorhbwisig that when issuers can choose from
several ratings suppliers, product complexity ceaadl to rating inflation, even though rating
agencies produce unbiased ratings.

Critics of rating agencies behavior claim that #iissence of competition does not help to

remove the effects of the CRA conflict of interésge, for example, Bolton et al., 2009). The rating



market looks, in fact, much more like an oligoptign a perfectly competitive market. In the US,
the SEC designates ten Nationally Recognized S8talisRating Organizations (NRSROS);
however, among these chartered agencies, the lga-¢big three” (Moody’s, Standard and Poor’s
and Fitch) dominate the market. For example, in828y controlled the 98 percent of the US
market for debt ratings, according to the SEChis situation, as modelédeoretically by Stolper
(2009), gives these three agencies an incentiaéign their evaluations. Specifically, if they agsi
aligned ratings, in the scenario where actual lbsseeed the expected losses predicted by CRAs, it
would be difficult for a regulator to distinguisketiveen an exogenous, unpredictable common
shock effect and an inflated ratings effect. Cosgbt, deviating from general alignment exposes a
single CRA to either a reputational risk (whereytpeoduce higher ratings than peers) or to a loss
of potential profits during a positive cycle (whehey produce lower ratings than peers).

The regulatory solution proposed by Stolper (esvarding CRAs not colluding by reducing
the number of chartered competitors in the futwelld be ineffective in practice, since the market
is already dominated by just three out of ten NRSR@th Moody’s as the most prominent player
and Fitch as a clear third). In other words, ratiaignment gives CRAs a type of insurance against
the detrimental effects on their reputations ofateg shocks on the affordability of their ratings,
without compromising the positive short-term eff@dt giving high ratings. Moreover, aligned
evaluations on jointly-rated securities could rezltitze uncertainty on effective risk perceived by
the market, thus reducing requested spreads. Can#dr (1997) and Bongaerts et al. (2009), find
both Moody’s and S&P ratings produce useful infaiorafor pricing jointly rated corporate bonds.
To the best of our knowledge, no similar study &x@ RMBS and ABS spreads, which is notable
since it is likely that the relationship is everosger, given the illiquidity and complexity of e

securities. Strong correlation between ratingsraadket spreads also makes CRAs less influenced

* The ten NRSROs, as of B Quly 2010, were A.M. Best Company, Inc, DBRS Lffigan-Jones Rating Company,
Fitch, Inc., Japan Credit Rating Agency Ltd., LAGancial Corp., Moody’s Investors Service, IncatiRg and
Investment Information, Inc., Realpoint LLC, Stardla & Poor’s Ratings Services.
http://www.sec.gov/answers/nrsro.htm

® D. Evans and C. Salas: “Flawed Credit RatingspRafits as Regulators Fail Investors”. Bloombewog, April 29,
2009.




to promptly change their evaluations as new infdiomabecomes available, since this could
endogenously trigger a deterioration of issuerrdability. Loffler (2007) argues that this is a
rational behavior, since overly volatile ratingsuldn’t furnish greatly valuable information on the
long-term risk of the market.

The typical CRA response to this kind of criticigmthat their reputation is their most
important assetif ratings were not affordable, markets would rely on them, thus reducing their
signaling power and making no issuer willing to paythem. Indeed, Covitz and Harrison (2003)
find some support for this view, showing that timig of downgrades does not relate to issuer
interest and importance as a customer for the CRdwever, this argument understates three
nontrivial considerations: the impact of economicles on both (a) the monitoring of CRA
behavior and (b) CRAs rating reliability; and (betpotential gain coming from inflated ratings on
complex structured securities when fees are siamti

Beginning with the first point, the attention pdog financial markets to CRA behavior is
closely linked to economic cycles, strongly incregsduring downturns while being much less
effective during expansionary phagesccordingly, Nickell et al. (2000) using Moody'si from
1970 to 1997 find that business cycles are the nfaator in explaining rating transition
probabilities; Bangia et al. (2002), using S&P d&tam 1981 to 1998, also provide evidence
supporting the importance of separating the economy two states (i.e. expansion and
contraction) when analyzing the determinants ofngat downgrades: they show that default
probabilities increase significantly during contrans. Overall, during a contraction phase CRAs
virtually compete with each other in being thetfits signal increased credit risk, seemingly to

compensate for their benign behavior during exmanphases. Such a perception is well illustrated

® See, for instance, SEC 2003.

" For example, the CRAs failure to predict the eriat firms such as Enron, WorldCom or Parmalat edupublic
attention on the affordability of CRA evaluationsdiewever, this hasn’t changed the market struaturimne signaling
power of ratings. For a review of research eviéeme criticisms of rating agencies, see Frost (2007



by the recent case of the Greek Government langethie harsh downgrades received on its bonds
in 2011°

Second, as already stated, illiquid complex sdesriack the marking-to-market check for
ratings reliability, thus making a misevaluatioeanlly visible only in the case of a sudden increase
in default rates driven by an economic downturn.eWhhis happens, as in Stolper's model,
excessive ratings alignment makes it difficult tstidguish between misevaluation effects and
exogenous unpredictable shock effects, thus prieggtive rating sectatatus quo.

Third, the costs associated with potential lossejputation could be overwhelmed by the
gain derived from giving less severe ratings. Rah\to this concern, the Bolton et al. (2009) and
Mathis et al (2009) models of CRA behavior shovwgpestively, that in the presence of naive
investors and when a large fraction of the CRA®ime stems from rating complex products, it
can be rational for agencies to inflate their eaains.

Accordingly, based on the arguments of conflictetdrest, ratings shopping and reputation

effects, our empirical predictions are as follows:

P1. Compared to the pre-crisis period, credit ratings assigned by the two key agencies
become |ess aligned after the advent of the crisis

Underlying this prediction, we assume that durirgaassion periods, ratings levels are affected by
a strong tendency for alignment across CRAs, whilging periods of economic slowdown, this

distortion would disappear since CRAs are then msoreerned about their long-run reputation.

P2: On average, the agency assigning higher credit ratings in the pre-crisis period invokes
harsher downgrades after the advent of the crisis

With this prediction we aim to assess whether r@putal incentives drive CRA behavior during a

crisis period. We assume that when a crisis ocaash CRA is more concerned about its own

8 R. Milne and D. Oakley: “Hard to CreditFinancial Times, 28 March 2011.



reputation. Thus, we expect harsher downgradesrwedrom the CRA which was giving higher

ratings before the crisis, thereby reflecting acet on reputational issues by the agency.

P3. On average, there is a reversal of the credit ratings gap between the two key agencies
after the advent of the crisis
According to this prediction, the “reversing gaphegmomenon is assumed to be in evidence
regardless of which agency gave the higher ranitgily.

P4: On average, harsher downgrades occur after the advent of the crisis for securities not

jointly rated compared to their jointly rated counterparts
Not jointly rated (NJR) securities are predictedrégeive harsher downgrades for two reasons.
First, if rating shopping exists, these tranchesilddikely have been more overrated than their
jointly rated (JR) counterparts before the cristssid second, the absence of the competitor
evaluation increases the potential negative impmactreputation, as the responsibility for a
misevaluation is born by only one CRA.

Similarly, consistent with the rating shopping hgfpesis, we investigate the possibility that
the relationship between the downgrade intensity toe pre-crisis rating differs: (a) between
jointly-rated and not-jointly rated securities affd across agencies for not-jointly rated secugitie
Specifically, our final empirical prediction is th@lowing:

P5: On average, the relationship between the pre-crisis rating and the observed downgrade

for the two agencies differs more in the case of not-jointly-rated securities than for their
jointly-rated counterparts

Both empirical and theoretical studledocument how, on average, Moody’s (by using
Expected Losses as the main indicator), tend te giere severe ratings to subordinate, typically
speculative grade (SG) tranches, while S&P (base@robability of Default) can assign slightly

worse ratings (relative to Moody’s) to senior, istreent grade (IG) tranches. Accordingly, we test

° See, for example, Moody’s (2007), Fender and (2ff04) and Peretyatkin and Perraudin (2002).
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whether the relationship between initial rating authsequent downgrade is different between the
two CRAs. Moreover, while in jointly rated tranch#ésis difference in evaluation might be
smoothed by rating alignment, we expect it to beamavident in the single-rated tranches. In other
words, if issuers, trying to secure inflated evabres, target different agencies for different
expected levels of rating (i.e. investment verspecslative grades), this should be reflected in
different levels of downgrade for a given initiating among the two agencies in the NJR sample.
However, for jointly-rated securities the generdigranent predicted byPl smoothes this

difference.

3. Data

Since our goal is to analyze CRAs behavior wipeet to rating downgrades on non-prime
RMBS following the 2007 structural break, our saensl created based on a search in Bloomberg
of all US ABS Home Equity Loan (HEL) tranchH@sissued between 2005 and 2007 that
experienced a downgrade or have been placed omcalisaby Moody’s and/or S&P between June
1% 2007 (just before the Bear Sterns hedge fundsutfpfand January 312008. According to
Moody’s classification, the HEL category includegturities backed by subprime (B&C) mortgage
loans, home improvement loans, high loan-to-vahigh( LTV) loans, home equity lines of credit
(HELOCs), and closed-end second-lien loans, as wvesl net interest margin (NIM)
securitizations™* aside from Alt-A mortgages, all non-prime RMBS shibthen be considered in
the category. We then integrate the dataset bylsiegracross Moody’'s and S&P websites for the
ratings of tranches which experienced a downgradery one of the two CRAs during the

analyzed period. In total, we identify 4,142 traesh330 (8%) of which were rated by only one of

the two CRAs (70 by Moody’s and 260 by S&P) andlL3,&ere jointly rated (JR).

[Insert Table 1 about here]

% |ndexed in Bloomberg as ABS/CMO HOMEEQ categorgAUmarket.
1 See Moody’s (2008a).
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Table 1 displays the ratings distribution and agerdifferences in ratings of JR securities as
at March 2007 (Panel A); June 2007 (Panel B) armtugey 2008 (Panel C). As shown in the table,
more than 90% of tranches in our sample were r@advestment grade (i.e. ratings of Aaa, Aa, A
or Baa) in June 2007. This high proportion occuaglp because the bulk of all rated HEL were
investment grade before the crisis (nearly 75%heft were Aaa, Aa or A) and partly because (by
construction) our dataset does not include seearitwhich defaulted without previously
experiencing a rating review during the analyzedoge In stark contrast, by February 2008,
approximately 43% and 20% of JR securities weredrgunk” (Caa-CCC or below) by S&P and

Moody’s, respectively.

Similar to average rating levels, relative evalmdi between Moody’s and S&P have also
changed between June 2007 and February 2008.tBrthe crisis, 2,432 JR tranches (64%) were
rated the same, 1,139 (30%) had a higher ratingtegaoy S&P, while only 241 (6%) had a higher
rating ranked by Moody’s. Notably, all tranchesethtriple A by Moody’s were equally rated by
S&P. Qualitatively, the relative rating distributicand average differences in June 2007 were
similar to those reported by Moody’s on all JR ABSMarch 20072 In February 2008, only 15%
of tranches had the same rating, and the bulk Haidreer rating by Moody’s. It is clear from this
anecdotal picture that the alignment of ratingsrartically declined after the crisis (consistenthwit
empirical predictionPl), and that S&P became the more severe agencye Wholody’s ratings,
even though generally more aligned, were predontiyndower before the crisis (consistent with

empirical predictiorP2).*®

To measure the extent of split rating on JR sdesritwe follow a standard approach in
studies on CRAs: we match Moody’s and S&P alphamioalescales with a master scale based on
21 notches (Aaa/AAA=21, Aal/AA+ = 20.....C/D=1). Senstudies on default prediction accuracy

(see, for example, Hamilton and Cantor, 2004) sti@t/the inclusion of securities on watchlist for

12 5ee Moody’s (2007).
13 A test of the rating difference between S&P andiigs is significant at the 1% level.
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possible future downgrades brings significant infation on the level of distress, we consider
watchlist inclusion as a 1 notch downgrade (i.e.switract 1 from the numerical value previously
assigned). Based on our sample, we see that theredt only been a strong increase in the number
of tranches rated higher by Moody’s, but also tkierage gap, when S&P is more severe, has
strongly increased and is bigger than the averagevghen the Moody's rating is lower, for all
classes of ratings. For example, JR securitiesi@aa by Moody’s in February 2008 have a lower
evaluation by S&P in 75% of the cases. Moreoves, dltierage notch gap of 4.56 at the Baa level
implies an average S&P rating of BB-/B+ on the saseeurities; and considering only those
tranches rated higher by Moody’s, the average S&mg drops to B- (given the average gap of
6.91). In contrast, prior to the crisis, for MooslyBaa rated securities only 9.71% of tranches were
rated higher by Moody’s while 40.38% of them weaged higher by S&P. However, the average

S&P rating was basically very similar to Moody’bdte was less than a 1-notch average gap).

[Insert Table 2 about here]

Table 2 reports the average relative rating traomst It is clear from this table how the
preceding patterns have occurred: when the S&Rgatias considerably higher than Moody’s
(more than 2 notches) in June 2007, about haltithe this gap was compensated or reversed in
February 2008. In particular, almost one out oé¢hiranches had a substantially reversed gap (i.e.
the Moody’s rating ended more than 2 notches hjghler cases where the rating was equal in June
2007, 63% of such tranches changed to be moreyhigtéd by Moody'’s in February 2008, and for
half of these cases the gap exceeded 2 notchespréheding observations are, again, consistent

with empirical predictiorP2.
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4. Empirical evidence

4.1 Rating gaps and reputational effect on jointly rated securities
To begin, we assess whether and how reputatitureiméed ratings during the crisis. To this
end, we analyze the gap variation before and #ftecrisis started using the variable Delta, define

as follows:
Delta,; = S&P;; — Moody's, ; (D

wheret is the given time period (either June 2007 or &abr 2008)] is a jointly rated tranche and
S&P and Moody's are the respective ratings assidnedach agency, measured according to the
main numerical scale as described in Section 3talibus takes integer values defined over the

interval -20 to 20: negative (positive) values gade S&P (Moody’s) giving the lower rating.

In the absence of a reputational effect, Deltaebrbary 2008 should be equal to Delta in
June 2007, implying that crisis did not cause ahgnge in the (relative) behavior of CRAs. In
contrast, in the presence of reputational effestpradicted byP2, the correlation between the gap
variations before and after the crisis started khba negative: the agency giving the higher rating
before the crisis should apply the harsher dowrgraiming to reverse the gap. However, we
expect Delta in February 2008 to be nonlinearlyalated with Delta in June 2007: the higher the
difference in rating before the crisis, the highiee expected “gap reversing” after the crisis took
place. Accordingly, we specify a cubic relationvieetn Delta in February 2008 and in June 2007,

given by equation [2]:
Delta_Post; = a + B,Delta_Pre; + B,Delta_Pre? + BsDelta_Pre} + ¢; (2)

where Delta_Post and Delta_Pre are values of Delta in February 2008 and June ,2007

respectively.



14

The intercept termg, represents the average gap between S&P and Moaoalyigs after
the crisis on securities that were similarly rabedore the crisis took place. AccordingR& we
expect this coefficient to be significantly diffatefrom 0. More specifically, a negative value of
this coefficient would confirm a post-crisis highswwngrade from S&P than from Moody’s. The
signs of the coefficientg;, f, andfS; should be consistent with predictiof2 andP3, which state
that Delta_Post should increase (decrease) whiatita_Pre decreases (increases) foelta_Pre
sufficiently distant from zero, while allowing far positive/neutral relationship whéelta_Pre is

close to zero.

In particular, if we examine the marginal effecésshown in equation [3], it appears that a
negative sign fop; implies decreasing marginal effects whgaita_Pre moves “far” from 0 and
eventually becoming negative when the magnitudeDeita_Pre is sufficiently large. When the
marginal effect is less than unity an increasehm dbsolute gap before the crisis results in a less
than proportional increase in the expected absaafe after the crisis; when the marginal effect
becomes negative, an increase in the absolutengiyme 200 decreases the expected absolute gap
in February 2008 or even results in an expectedwgtipthe opposite sign. In other wordsSif is
negative, the higher is the initial rating diffecen the greater is the gap reduction (or even

reversion) once the crisis occurs, consistent pidaictionP3. Thus, we expe@; to be negative.

éDelta_Post;

e e ' 2
3Delta_Pre, B1 + 2B,Delta_Pre; + 3B3Delta_Pre; (3)

Moreover, we expect the marginal effect wheelta_Pre is equal to O(i.e.3;) to be close to
unity, as ABS issues characterized by aligned e@ns before the crisis shouldn’t constitute a

matter of concern for the CRASs relative reputation.

Figure 1 provides an illustrative characterizatodrihow the cubic specification captures the
predicted relation. Specifically, whdvrelta_Pre falls in the intermediate range of about (-5 tp 5)

the curve lays under the 45° straight line (assgmannegative value of the coefficient in
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accordance with the descriptive statistics thatwsB8&P downgrades are generally harsher), but no
strong reversal effect is present. However, dheka_Pre breaches this range in either direction, if
B3 is negative the cubic relation comes into playdgamthe slope into negative territory, consistent

with reputation effects dominating such that thera reversal of the ratings gap.
[Insert Figure 1 about here]

The estimation results for equation [2] are repdiin Table 3. As shown in the table, we
find the estimated coefficients to be significantlavith expected signs such that the relationship
betweenDelta_Pre andDelta_Post assume the shape illustrated in Figure 1 withetblta_Pre
domain (-20, +20). First, the estimated intercepimt is negative, indicating that S&P tended to
downgrade their credit assessments more severaty Moody’'s, thus confirmind’l: after the
crisis began the previously less severe CRA becoomesaverage, the more severe. Second, as
illustrated in Figure 1, the results for the quaidrand cubic terms indicate that, according to
predictionP2, the more disparate are the ratings between S&RViody's prior to the crisis, the
greater is the move in ratings such that the gapedsiced or even reversed. This effect is in
evidence regardless of which agency gave a higitergrinitially. This finding is thus consistent
with empirical predictionP3.** Moreover, looking at the marginal effects, we fsetthat they
become significantly negative within the domainDaflta_Pre, regardless of which agency was
assigning the higher rating in June 2007. Howeitemust be noted that the marginal effects
become significantly negative (only at the 10% daibearice level) for lower rating gaps when
Moody’s was the more severe agency, a result demsisvith S&P generally being more keen to
reverse contrary evaluations, as they proved tdigber on average before the crisis erupted.
Finally, we cannot reject the hypothesis that ttegimal effect is not statistically different froin

whenDelta_Pre is equal to 0 (p-value equal to 0.627), supportitegprediction presented above.

14 Our model specification is robust to checks fa thodel degree using the Likelihood ratio test: ¢éxplanatory
power of a second-degree model (i.e. including dhéy constantDelta_Pre and Delta_Pre?) is significantly lower
than the explanatory power of our cubic model.
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[Insert Table 3 about here]

4.2 Rating shopping and not jointly rated securities
To test predictiorP4, we measure, separately for the two CRASs, thesidiffce in average

downgrade (measured in the numerical scale) betdResnd NJR tranches, excluding JR tranches
downgraded only by the other CRA. We verify thatpur sample, the average downgrade for NJR
tranches is significantly higher than that for J&thes for Moody’s: the difference, equal to 1.9
notches is significant at the 99% confidence leWlcontrast, for S&P, the difference is -0.1
notches and is not significant at standard confideievels. This finding thus supports empirical
prediction P4 for Moody’s but not for S&PThis differential finding is not surprising once we
recognize the fact that S&P made significantly harsdowngrades on JR tranches than Moody’s,
this reducing the pressure to be even more seveMIJR tranches. In support of this interpretation,
we find that Moody's average downgrade on NJR tmasc(6.57 notches) is not statistically
different from S&P (6.32), while its average ratirggluction on downgraded JR tranches (4.70) is

significantly lower compared to S&P (6.42), at 98&wfidence level.

Finally, aiming to test predictio®5 we create two datasets: one including all tranches
downgraded by Moody’s (both JR and NJR) and a skt@sed on all tranches downgraded by
S&P (both JR and NJR). Accordingly, we estimat@asately for the S&P and Moody’s samples,

the following model:

DownGrade; = a + [1N]; + B,Rating_Pre; + 3N];Rating_Pre; + ¢; (4)

where DownGrade; is the difference between the ratings in Febr2@@8 and June 2007 given by
Moody’s (S&P) on tranchg NJ; is a dummy variable taking a value of 1 if thentiae is rated by
only one of the CRAs (i.e. by Moody’'s or by S&P,tlmot by both) and 0 otherwise and
Rating_Pre; is the rating assigned in June 2007 by Moody's Rp&Again, ratings and

downgrades are measured using the numerical seademnied in Section 3.
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The expected downgrade for the JR traridsehus given by the following expression:

DownGrade_|R ; = a + ,Rating_Pre; (5)

while the expected downgrade for the NJR tranébeneasured by:
DownGrade_NJR ; = a' + ', Rating_Pre; (6)
wherea’ equals tda + ;) andp’, equals tq B, + B5).

Table 4 shows results for the estimation of equadd. The first column refers to Moody’s
sample, while the second reports estimates on&fesample. In the last two rows, a Wald test on

the linear combinations of coefficients, denot€dndp’,, are reported.
[Insert Table 4 about here]

As expected, for jointly rated tranches, the twerages show a similar relation between
initial rating and downgrade, given by the estirdatg -0.61 versus -0.69. In particular, a negative
and significant estimated coefficient indicatest ttiee worse the initial rating on the jointly rated
tranches, the harsher is the downgrade and theitadgrof this effect is very similar between the

two agencies.

The real difference in the behavior of the two CRsomes clear when we look at the NJR
tranches (i.e. coefficieng’,), confirming predictionP5: for Moody’s the relation between initial
rating and downgrade is negative, similar to tHaiwa in JR securities for both CRAs. Thus,
Moody’s downgrade behavior is even higher for sobdgd securities that, before the crisis,
received a low rating. In contrast, S&P shows apospie trend in NJR securities: downgrades
increase with the initial rating, meaning that legdowngrades are applied to securities that, befor
the crisis, received a better evaluation. Spedijicahe estimated coefficient on initial rating
interacting with the NJR dummysy) is significantly positive and more than fully ¢aaracts the

negative 5, coefficient: the sum of the two estimated coeéints, reported in the last row, is
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significantly positive. This finding of a differdat downgrade behavior for not-jointly rated
securities, is consistent with empirical predictleh Results, based on the estimated coefficients,

are graphically presented in Figure 2.

[Insert Figure 2 about here]

These results show that, for NJR securities, bg#neies made harsher downgrades on
rating grades theoretically unfavoured by their oewaluation methods. In one sense this is
surprising, as we would have expected lower dowdegan tranches that should have been already
penalized by the evaluation method used beforecttss. However, it might be the case that
adjustments on their models parameters after ihiss @xacerbate the tendency to penalize more the
investment or the speculative grades tranches & 8nd Moody’s, respectively. Of course, it
could also be that each CRAs ratings on NJR tranmchkere inflated particularly on grades
theoretically penalized by their models, a possgybthat could be investigated in future research.
Interestingly, the different relationship betweaitial rating and downgrades, along with the higher
average downgrades, supports the view that NJRHesnwere particularly subject to a ratings
shopping phenomena, driving inflated evaluationfordeethe crisis and, at least for Moody's,

representing a bigger concern for CRA reputatiotedhe crisis started.

5. Conclusions

In this paper we analyze the CRA behavior durimg subprime crisis. We find evidence
that ratings alignment has strongly reduced, aatl §&P, which gives on average higher ratings
than Moody’s just before the crisis, was more sewerrating downgrades eight months later. We
interpret this alignment reduction as evidence dafrenindependent evaluations. When a big
misalignment was present before the crisis, the $&vere agency generally reduced or reversed
this gap. Both higher downgrades by the previoletg severe agency and the gap reversion on

split ratings are evidence of a major focus on t&jmn once the crisis began. We also find that
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Moody’'s made harsher downgrades on tranches that mee jointly rated; this finding supports the
idea of inflated evaluations when the benchmarklt@rnative peer ratings is missing, as well as a
stronger reputational concern linked to solely dasecurities during a downturn. Finally, with
regard to the solely rated securities, we find thatrelationship between the evaluation before the
crisis and the subsequent downgrade is differanthi® two agencies, giving further support to the

idea that ratings shopping might exist and thusiéed ratings inflation.

Our findings give further support to concerns abibwat effect of incentives distortion and
market concentration on CRA behavior, already hgtéd in previous financial scandals (such as
Enron and Parmalat frauds). While distortions saglthe alleged rating shopping phenomenon are
not easily identifiable without a structural brediture research should further investigate the
relationship between leading-following on downgisadead split ratings. Ideally, ratings alignment,
especially on complex, structured and illiquid pros, should be monitored over a longer time
horizon, as it could revert over time to the highd arguably excessive) levels observed prioredo th

onset of the subprime crisis.
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Table 1. Ratings distribution and average differenes in ratings of jointly rated securities

This table reports the distribution among differaatings of all ABS jointly rated by Moody’s and 8&n March 2007,
as reported by Moody'’s, as well as for our data$étEL in June 2007 and February 2008. Matchabta da all ABS
rating distribution by S&P were not available. Aage GAP is measured averaging all rating differsr(@gcluding
tranches rated equally) between S&P and Moodylagdbr each Moody'’s rating class in notches. AGARoody’'s
is higher (lower), is the average GAP only on tregwith a lower (higher) rating by S&P.

AGAP if AGAP if

Rating frl\ggagiy freiﬁincy Average GAP I\/rl1(_)0dy‘s Moody's '\/:8\?\23:‘5 Same '\f%):gés
igher lower
Panel A: All ABS, March 2007
Aaa 36.66% . 0.03 2.23 na na 98.60% 1.40%
Aa 17.06% . -0.20 1.78 -1.20 26.70%  66.30% 7.00%
A 19.52% . -0.54 151 -1.76 36.20%  57.20% 6.60%
Baa 20.56% . -0.55 1.38 -1.71 36.90%  57.10% 6.00%
Ba 5.24% . -0.88 1.94 -1.89 50.30%  46.10% 3.60%
B 0.52% . -1.29 2.19 -3.57 53.50%  18.60%  27.90%
Caa-Below 0.43% . -2.75 1.24 -4.28 71.00% 5.60% 40%.
All Ratings 100% . -0.30 0.0875 -1.70 22.40%  72.90%4.70%
Panel B: HEL, June 2007
Aaa 19.96% 20.17% 0.00 . na na 100.00%  0.00%
Aa 18.68% 22.90% -0.17 1.21 -1.10 21.77%  72.33% 0%.9
A 23.92% 24.13% -0.52 1.15 -1.61 39.14% 51.32% ®.54
Baa 27.54% 26.26% -0.55 1.38 -1.68 40.38%  49.90% 719%.
Ba 9.63% 6.37% -0.99 0.13 -2.03 52.59%  44.69% 2.72%
B 0.13% 0.08% -6.6 . -6.6 100% 0.00% 0.00%
Caa-Below 0.13% 0.08% -6.6 . -6.6 100% 0.00% 0.00%
All Ratings 100% 100% -0.42 1.32 -1.68 30.10% 6380 6.10%
Panel C: HEL, February2008
Aaa 12.96% 7.58% 1.10 1.10 na na 0.00%  100.00%
Aa 21.77% 29.33% 1.38 4.00 -1.09 19.04%  41.33% 438.6
A 11.04% 2.91% 4.89 9.60 -1.62 31.58% 12.15%  56.28%
Baa 7.71% 6.22% 4.56 6.91 -2.86 21.90% 3.10% 75.00%
Ba 12.54% 5.88% 3.46 5.42 -3.80 19.67% 2.72% 77.62%
B 13.54% 5.12% 1.56 3.22 -5.29 17.69% 4.76% 77.55%
Caa-Below 20.44% 42.97% -1.17 1.71 -3.11 53.79% O0O78. 29.14%
All Ratings 100% 100% 1.99 4.58 -2.70 26.02%  15.19%%8.79%

Source: Panel A data from Moody’s (2007); PanetB C are from authors analysis.
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Table 2. Relative average rating transitions

This table shows the frequency distribution of tie@evaluations on jointly rated tranches in J20687 and February
2008. Moody’'s higher (S&P higher) indicates MoodyS&P) rating is higher than its peer’'s by no mdnan 2

notches. Moody’s higher > 2 (S&P higher >2) indésathat the rating spread exceeds 2 notches. rRages are
expressed relatively to each rating gap categodyire 2007.

February 2008
Equal Moody's higherMoody's higher >2 S&P higher S&P higher >2 Total
S Equal 17.64% 31.74% 31.46% 12.42% 6.74% 100.00%
S Moody's higher 4.04% 18.39% 63.68% 8.52% 5.38% Mo,
0 Moody's higher >2 22.22% 16.67% 50.00% 5.56% 5.56% 100.00%
= S&P higher 12.69% 12.39% 32.63% 23.87% 18.43% 1096.0
S&P higher >2 7.53% 11.64% 30.82% 13.01% 36.99% .Q90
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Table 3. Regression model estimation of credit ratg gap post versus pre crisis

This table reports the outcome of estimating a cubddel of Delta, where Delta is the measure of the
gap in ratings between S&P and Moody’s (as defineBection 3). The dependent variable, Delta_Post,
is the Delta value in February 2008. Delta_PrdésDelta value in June 2007taSdard errors robust to
heteroskedasticity are shown in parentheses. Keéhood ratio test is performed considering a seco
degree model nested in our cubic model. Margintdces are reported for the minimum positive and
maximum negative values exhibiting a negative nmaigeffect significant at the 10% level (or lower).
Standard errors are shown in parentheses. *** nd & indicate, respectively, significance levelsléb,

5% and 10%.

Estimated Coefficient
*k%k

Delta_Pre 0.9590
(0.08)
Delta_Pré 0.0078
(0.02)
Delta_Pré -0.0070 ™
(0.00)
Constant 2.3640
(0.08)
R? 0.04
N 3,812

*kk

Likelihood ratio test 13.65
Marginal effects

Delta Pre=-11 -1.7453
(1.01)
Delta_Pre=9 06661

(0.34)
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Table 4. Regression model estimation of Moody’s an8&P downgrades on jointly rated (JR) and not
jointly rated (NJR) tranches

This table reports the result of OLS regressiomgHfieL tranches of JR and NJR for Moody’s and S&Re Tependent
variable is the downgrade effected by each CRA eetwJune 2007 and February 2008. Downgrade is meebas the
change in the numerical rating scale. Rating_PteasCRA rating in June 2007. NJ is a dummy vaedhking the
value of 1 when the tranche is rated only by Mosedy' by S&Ps (but not by both CRAs) and 0 otherw&eandard
errors are shown in parentheses. ***, ** and * iraite, respectively, significance levels of 1%, 5% &40%.

Symbol Moody's S&P

NJ p;  6.7524 -15.0225 ***
(2.0604) (1.2486)

Rating_Pre p, -0.6139 -0.6858 ***
(0.0181) (0.0207)

NJ*Rating_Pre [  -0.3317 ™ 0.9709 ***
(0.1339) (0.0944)

Const. a 141107 ** 17.7144 ™
(0.2844) (0.3487)
Obs. 2,840 3,721
Adj R? 0.3002 0.2285

a+p; a  20.8632 *** 2.6918 **
(2.0407) (1.1989)

Lo+ p', -0.9456 *** 0.2851 ***

(0.1326) (0.0921)
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Figure 1. Expected gap between Moody’s and S&P crédating evaluations

This figure shows the expected gap between Moodygt S&P ratings evaluation in February 2008 as a
function of the evaluation gap in June 2007, basethe cubic model developed in the main text. Bbéh
June and the February gap are measured usingriblezDelta, as defined in Section 3. Delta prihésgap

in June 2007, while Delta post is the gap in Felyr@08. The horizontal and vertical axes represent
perfectly aligned evaluation after and before thisis respectively, while the 4%lotted line represents an
unchanged gap before and after the beginning afribs.

Delta_Post
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Delta_Pre
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Figure 2. Expected downgrades on jointly rated (JRand not jointly rated (NJR) tranches

This figure shows the expected downgrade relagwae June 2007 rating — expressed in the main ncahe
scale (as explained in Section 3) — for both agenand both JR and NJR tranches. The average NI
the average of S&P NJR and Moody’s NJR curves.
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