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ABSTRACT

In the first essay, utilizing a more recent and expanded 20-year sample 1991-2010 of dual-
rated bonds issued, I confirm Morgan’s (2002) finding that banks are relatively more opaque
than nonbanks. The likelihood of a rating split is higher, and the magnitude of the rating gap is
larger, for banks than nonbanks. Moreover, rating agency disagreements are more significant for
banks with relatively higher loan and trading securities holdings and maintain lower capital, and
for banks engaged in mortgage securitization. Importantly, I find that rating agency
disagreements reflect market proxies of information uncertainty. Further, opacity makes external
financing more costly. Equity returns surrounding new bond issues are significantly negative on
average, and notably lower, when information uncertainty is higher and for banks compared to

nonbanks.

In the second essay | investigate how corporate governance is related to bank opacity and
how bank opacity is related to systematic and systemic risk. It is well known that opaque assets
lead to higher systematic risk, which contributes to higher systemic risk. Banks by nature hold a
large percentage of opaque assets, but the decision to hold such assets is partly endogenous.
Results show that banks with relatively weak corporate governance hold a larger share of opaque
assets. Consequently, they operate further along the risk-return frontier and have higher
exposure to systemic risk. At the margin, strong corporate governance at publicly traded U.S.

banking organizations reduces financial instability.

In the third essay | examine if the rating agencies sacrifice the rating timeliness for the sake
of rating stability. Credit rating agencies argue that markets expect them to issue stable ratings.
Examining equity market reactions around CreditWatch events in 2002-2005, | find that the

pursuit of stable rating may have reduced the timeliness of rating changes. Abnormal equity



returns of a firm prior to being listed on CreditWatch are effective predictors of the ultimate
change in rating that occurs when the firm is delisted. Equity markets exhibit no reaction when a
firm is delisted from CreditWatch, suggesting information about the rating change is already

reflected in equity prices at the time of delisting.
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Introduction

The dissertation is inspired by the recent financial ¢risusing primarily on bank opacity,
corporate governance, and credit ratings. First, utilizing a megent and expanded 20-year
sample 1991-2010 of dual-rated bonds issued, | find that banks are hglatore opaque than
other industries. Moreover, | find that rating agency disagreemefiext market proxies of
information uncertainty as captured by analyst coverage, sthddaiation and absolute error of
analyst earnings forecasts, trading volume and bid-ask spreantherF opacity increases the
informational asymmetry between insiders and outsiders, and neak&sal financing more
costly.

The process of how systemic risks occur is a very interestingi@uesrhe second essay
addresses the question of how corporate governance plays a raikshdyatemic risks through
managers’ choices of bank assets. The results suggest that orgpovarnance, such as
managerial incentives, ownership, and board structures, influence’ lchokses of opaque
assets, and that opaque assets held by banks lead to moreaggstskfor investors and more
systemic risk for society.

In the third essay, | examine the issue of timeliness whaémgraggencies announce the
potential default risk. Rating agencies on one hand are expectbd matket to convey long-
term, permanent, and structural changes of firms’ default risktfaul only to make rating
changes when a reversal in rating changes in the near fsitumékely. On the other hand, rating
agencies are expected to convey information about the defautifriskns to the market in a
timely fashion so that investors can use the timely infaomah pricing securities prices. The

results suggest rating agencies sacrifice rating timelinessd@ake of rating stability.



Are Banks Really Opaque: Evidence from 1991-2010



A. Introduction

The informational asymmetry between borrowers and lendergpignary reason for the
existence of financial intermediaries (Leland and Pyle, 1977hk$are delegated monitors for
outside capital (Diamond, 1984) and provide liquidity for demand depositan(@id and
Dybvig, 1983). The nature of its lending activities as well as tloealhazard of deposit
insurance, which distinguish banks from nonbanks, also make banks opaque.

Opacity is the information uncertainty that even the most siqaied investors face in
accurately assessing the fundamental value of a firm trsssafiom insufficient disclosure or
inherent complexity of firms. Because it is difficult for tinarket to assess the intrinsic value of
banks, the problems of “sick” banks will infect “healthy” banks, aehcan provoke self-
fulfilling large bank failures (Diamond and Dybvig, 1983). The litnitas to informed arbitrage
and threat of insolvency associated with opacity contributes tensigsrisk and the fragility of
the real economy. Governmental regulation and supervision are ngcéessause market
discipline may be ineffective when banks are opaque.

The adverse selection and moral hazard problems associatedfaithation asymmetry
make external financing costly for firms (Myers and Majluf, 198dlaRve to equity, debt
financing is least costly for the uninformed investor. Collatsatbn and the fixed payoff of
debt minimize the private information advantage of insiders about foaste flows. Moreover,
the discipline of interest and principal repayments, debt covenant$ monitoring by
independent third parties (credit rating agencies) constraiagency costs of excess cash flow.

Firms have a strong incentive to issue debt because the value ¢ st sensitivex anteto



public signals. But debt is riskyex post A sufficiently bad aggregate economic shock that
reduces the value of collateral and the adequacy of capital dendeht information sensitive,
and thereby, trigger systemic risk (Dang, Gorton, and Holmstréom, 2009).

In this study we use new debt issues by publicly traded foves the 20-year period
1991-2010 as the market event for examining the economic impact of intformancertainty.
And as in Morgan (2002), that spans an earlier decade 1983-1993,ageincy disagreements
between Moody’'s and Standard & Poor’s are used to proxy for infamaticertainty. We
confirm that banks are still relatively more opaque than nonbank&gRatits are more likely,
and the magnitudes of rating gaps are larger, for banks than fa iirnother industries.
Moreover, rating agency disagreements are more significarbanks, with relatively higher
loan and trading securities holdings and lower capital, and that ipai®id in mortgage
securitization activities. The deregulation of the banking industnich intensified competition
and reduced the discipline of charter value, also contributed to iadredermation uncertainty
about banks. Recognizing that only comparatively high quality debt coussioed during the
2008 financial crisis, the pattern of rating disagreementsrgis-and post-crisis suggests that
the quality of bank debt issues improved in the years leading 2@0®and remained relatively
high subsequently.

Using market proxies for information uncertainty, this study eevisits Flannery, Kwan,
and Nimalendran’s(2004), which spans the period 1990-1997,and argues that feankds a
opaque but simply boring. In contrast to Flannery, Kwan, and Nimalg@0@4), we find that

rating agency disagreements are more likely when: analystageves limited; the dispersion of

Moreover, faced with the choice of public or private (bank) debtsfiwill choose private
debt when the rigidity of bond covenants exceeds the agency cost obmmgn{Berlin and
Loeys, 1988).
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analyst earnings are high, and accuracy of analyst earningewarbid-ask spreads are high;
and trading volume is low. These findings corroborate Livingston,rj@rand Zhou (2007)
that ratings disagreements imbed market proxies of information uncertainty.

Last but not least, we show that opacity makes external fimggi firms more costly.
Equity returns surrounding new debt issues are significantly negati average, and more
negative, when information uncertainties about firms, captured dhhengh rating agency
disagreements or market proxies, are high. Moreover, controllingnéoket proxies of
information uncertainty, equity returns surrounding new debt issuesiiis lare significantly
more negative compared to nonbanks when rating agency disagreereemsrarsubstantial.
These results are consistent with Livingston and Zhou’s (2010ngnithat yield spreads are
higher for new debt issues that are split-rated, and increase, with theudagpfithe rating gap.

The paper is organized as follows. Section 2 describes skarch design. Empirical
results are presented and discussed in Section 3. Section 4 concludes.

B. Empirical Design
B.1 Research Questions

This study examines three distinct but related issues., kastthe information uncertainty
of banks relative to nonbanks changed in the recent two decades 1991-2@Edecbto the
decade prior? The sample period covers three major deregulaéong e- the demise of “too big
to fail” after 1986, the Interstate Banking and Branching Efficy Act of 1994, and the
Gramm-Leach-Bliley Act of 1998, as well the financial crigif 2008.Moreover, is the
information uncertainty for banks related to its asset compositmuyisization activities, and
capital? Second, are market proxies of information asymmetrgradd ratings disagreements

consistent and complementary indicators of information uncertaintyd, Tdo equity markets



price information uncertainty?
B.2 Information Uncertainty

New issues of debt by publicly traded firms are useth@satural market experiment for
examining information uncertainty. Issue data was obtained from ThoRmsancial over the
20-year period January 1991 through December 2010 covered in its SXDrRI&Iobal New
Issues database. As in Cantor and Packer (1996), new debt usslees$10 million and less
than one year of maturity are excluded, as are issues witificagt equity features, equipment
trusts, collateralized mortgage obligations, government guarardseesi variable rate issues,
ESOP, lease certificates, and foreign issues. Further,Mergan (2002), new debt is restricted
to issues rated both by the two major rating agencies, Moody'Stamtlard & Poor’'s. The
reasoning is simply that rating agencies in the business afsasgeisk will disagree more when
information uncertainty about the issuer is high.

Bond maturity is the number of years between issue and matatéyg, and face value, is
expressed in denominations of $10 million. As detailed in Appendixtt&y iatings by the two
agencies are mapped into a single numeric scale, with bettdit quality indicated by lower
numbers: AAA = Aaa = 1, AA+ = Aal =2,,C = C = 21.Issuers are also classified into ten
industries as in Morgan (2002). Firms with SIC codes of 6021, 6022, 6029, 6712, or&719 a
classified as banks, and the SIC codes used to construct the henéndustries are detailed in
Appendix B.

Average Rating is the mean of Moody's and S&P numerical satiitp higher values
indicating higher risk. Variances in ratings across and withimerssare depicted separately.
Standard deviation in ratinggetweens the average standard deviation across issues in the same

industry, and standard deviation in ratingghin, is the average standard deviation across issues

6



by the same issuer. Smaller variances between firmsesuggcentral tendency in rating
distributions, and larger variances within firms, imply higher ratings guntlyi

Rating gaps as well as rating splits describe rating@gdisagreements. Rating gap is the
absolute difference between Moody’'s and S&P ratings, and informatioartainty about a
firm’s true risks will, ex post cause rating agencies to underrate some relatively safe and

overrate some relatively risky bond&appais a statistical measure of inter-rater reliabiligit

takes into account that agreement can occur by chance, and is defifed R]/[100-P],

where P, is the percentage of same-rated bonds observe and  is the expectedjp@iventa

the distribution of ratingKappaequalsl, if the raters are in complete agreement, and equals 0,
if there is no agreement among the raters.

This study’'s sample over the more recent 20-year period Jardyad991 through
December 31, 2010, contains 25,652 new bond issues by 2,505 unique firms, of which, 3,868 are
issued by 164 unique banks. Table 1 reports summary statistics on asduéssuer
characteristics both for the overall sample period as well as for two nomyomied 10-year sub-
periods compared to Morgan’s (2002) sample over an earlier tea-hall year period January
1983 to July 1993. Note that in this study’'s sampléhe average annual number of issues and
number of issues per issuer is highd; the average issue size is larger; aiid {he average
issue maturities are shorter. Moreover, contrasting the masttréecade with the decade prior,
average face value are almost five-times higher and averagatias about fifty percent longer,
for bonds issued by banks compared to non-banks. But the distributions «f #&308s
industries, as well as average ratings and standard deviation of ratingmike

Debt issues by banks are better rated on average qualitynbst awo notches, compared

to debt issues by firms in other industries. The between var@anbank issues is only half that
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Table 1: Ratings and New Bond Issue Characteristics by Issuer Type

Summary statistics covers 25,652 new bonds issued from 1991 through 20a6s/Idssers
stand for the total number of bond issues and unique bond issuers across indusetestingts
by the two agencies are transformed into a numeric scale aed le&gr ratings correspond to
lower numbers.?Average Rating is the average of Moody's and S&P ratin§Standard
Deviation in Ratings Between and Within are the average standard deviatimss issues in the
same industry and across issues by the same issuer, respetivéther refers to agriculture,
forestry, fishing, and construction. Numeric ratings and SIC codasktosclassify industries are
detailed in Appendices A and B.



. ] Standard Deviation Average Average
Morgan (2002) Sample: 1983-1993 Average in Ratings Maturity Face Value
Issuer Type Issues /Issuers Rating? Betweer! Within® (years) ($millions)
Bank 848/22( 5.2¢ 2.9¢ 1.2C 8.4(C 158.8(
Othe 7,014/2,41 7.14 5.4¢ 0.9¢ 13.5( 176.8(
Manufacturing 1,858/66. 8.57 4.4¢ 1.0¢ 14.2( 201.0(
Mining 107/4% 10.92 3.1¢ 0.7¢ 14.3( 172.9(
Trade 511/21° 10.0¢ 3.8¢ 1.0t 14.7C 147.6(
Service 341/16: 10.72 3.3¢ 1.37 12.8( 125.5(
Transportatio 182/6: 9.41 4.11 1.2¢ 15.3( 165.4(
Public utilities 1,884/36! 6.92 3.8¢ 0.8¢ 19.1C 133.7(
Insuranc 150/5¢ 6.2 4.31 0.8t 14.0C 138.1(
Other Finance and Real Es 1,941/811 4.1¢ 3.1¢ 0.8C 6.6C 217.3(
All Other 40/2¢ 12.3¢ 3.6t 0.4z 11.2( 131.9(
. Standard Deviation Average Average
New Sample: 1991-2010 Average in Ratings Maturity Face Value
Issuer Type Issues /Issuers Rating Between Within (years) ($millions)
Bank 3,868/141 5.2t 1.6¢ 0.7z 6.12 321.0¢
Othe 21,784/2,35 8.61 3.3¢ 0.8¢ 10.1¢ 280.1°
Manufacturing 4,157/76: 8.1¢€ 3.7¢ 0.9C 10.4¢ 312.2¢
Mining 760/19¢ 10.7% 3.6¢ 0.6¢ 11.5¢ 321.6:
Trade 1,120/21: 8.7C 4.0¢ 0.97 11.12 312.5¢
Service 1,341/31. 9.97 4.0z 0.7t 7.9¢ 318.5¢
Transportatio 507/67 8.5¢ 3.6¢€ 0.97 12.7i 284.5¢
Public utilities 2,890/40! 8.4z 3.61 1.1¢ 12.9¢ 214.1¢
Insuranc 687/12° 8.64 3.67 0.87 12.7: 296.8¢
Other Finance and Real Es 10,051/22 5.01 2.62 0.4¢ 4.8¢ 236.3¢
All Other 271/4¢ 11.4¢ 2.4¢ 0.97 8.71 179.5:
Subsample: 199-200(
Bank 2,369/111 5.7C 1.61 0.7z 5.4¢ 127.1:
Othe 12,540/1,63 8.2¢ 3.2¢ 0.5¢ 10.4¢ 163.8¢
Manufacturing 2,287/541 7.6¢ 3.57 0.5¢ 11.01 177.1t
Mining 370/11¢ 9.8¢ 3.6: 0.5€ 12.8i 169.7¢
Trade 635/15! 8.11 3.71 0.6 11.9¢ 182.5¢
Service 769/19: 9.1C 3.8C 0.4t 7.32 180.0¢
Transportatio 317/5: 8.5C 3.0¢ 1.01 14.1¢ 150.99
Public utilities 1,702/29. 8.07 3.6€ 0.52 12.8i 202.12
Insuranc 276/8¢ 6.3 2.4 0.4¢ 11.1: 174.4:
Other Finance and Real Es 6,072/16 5.17 2.4¢ 0.3 4.31 116.9:
All Other 112/3¢ 11.42 2.7¢ 0.7¢ 8.47 121.0(
Subsample: 2001-2010
Bank 1,499/6¢ 4.5¢ 1.5 0.5¢ 7.1¢ 627.5:
Othe 9,244/1,39 9.0: 3.51 0.7¢ 9.82 417.3¢
Manufacturing 1,870/47: 8.7 3.91 0.74 9.7t 477 .4t
Mining 390/11! 11.5¢ 3.5¢2 0.6 10.2% 465.7:
Trade 485/11° 9.4¢€ 43¢ 0.7: 9.9¢ 482.7:
Service 572/18! 11.1: 4.0z 0.6¢ 8.87 504.6¢
Transportatio 190/35 8.2¢ 4.3¢ 1.21 10.8i 319.6:
Public utilities 1,188/23: 9.4F 3.5¢2 0.91 12.5¢ 432.6¢
Insuranc 4117 6.3¢ 2.7¢ 0.7¢ 11.41 433.9¢
Other Finance and Real Es 3,979/13 4.71 2.7¢ 0.47 5.77 418.5¢
All Other 159/2% 11.45 2.3¢ 1.0¢ 8.9¢ 220.7:




on nonbank issues, which suggests that ratings on bank debt tend to cluster around the mean. The
within variance is, however, higher for bank issues, which indicatesniatdual bank risks

change more over time. Contrasting the most recent decad¢heittecade prior, ratings for

bank compared to non-bank debt issues improved by more than one notch andtesmitiand
deviation in ratings decreased by almost twenty percent.

Table 2 reports unconditional measures of rater disagreement across isdidheissues
by banks have the highest average credit quality, followedlglbgecompanies in other finance
and real estate as well as in insurance. But there is caatsliglgreater information uncertainty
about the risk of banks.

The gap between the mean ratings by Moody's and S&P istheodifty percent higher
for bank issues than for the typical nonbank issue. The rank corrdbateen ratings across
issues within the same industry, though high in all industries, iesofer banks. The average
Kappa statistic, which reflects the degree of agreement betwéen ra lowest for banks. The
relatively high averag&appafor finance and other real estate is predictable since thsses
tend to be backed by a pool of specific, homogenous assets ‘loggeih special purpose
vehicles that reduce the risk of asset substitution. The avKegg® is highest for issues by
mining companies, which is surprising since industry cash floesyarably risky, but perhaps
less subject to managerial misappropriation because of stringent regulation.

Rating splits are considerably more frequent for banks and insucangpanies, and least
frequent, for other finance and real estate. The pattern of afdiisshows that when a split
occurs, the likelihood of a one-notch rating gap is relatively thie secross industries except for
other finance and real estate. However, compared to other industriesgayegtiof one or more

notches is most likely in split rated debt issued by banks and insurance companies.
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Table 2: Rating Agency Disagreements over New Bond Issues by Sector

Table reports various measures of disagreement between i@terslation is the rank correlation in ratings across firmsénsame
industry between issuer8Kappa statistics are defined asfPP. J/[100 - R],where R is the percentage of similar-rated bonds
observed, andHs the expected percentage given the distribution of ratings. mAsaagure of inter-rater reliability, kappa value
equal to 0 represents complete disagreement, and to 1, compktenagt°Absolute gap is the absolute value of the rating split
between Moody’s and S&F'Ratings gap distributions are the percentages expressed raativeenumber of split-rated issuéaill
Other refers to agriculture, forestry, fishing, and construction. Kameings and SIC codes used to classify industries argedieia

1T

Appendices A and B.

. Correlation Moody’s Average Return Gap Distribution ¢

Morgan (2002) Sample: 1983-1993 Average Ratings between Kappa = S&F¥ Absolgte (percentage)

Issuer Type Moody’s/S&P Ratings® Statistic’ (% of issues) Gap® Gap=1 Gap=2 Gap=3

Bank 5.5/5.1 0.91 0.30 62.9 0.83 44.81 15.57 2.48

Other 7.2[7.1 0.97 0.45 50.0 0.65 38.80 9.27 2.67
Manufacturing 8.5/8.6 0.97 0.39 56.3 0.74 42.30 10.76 3.22
Mining 11.1/10.8 0.95 0.23 71.0 0.93 50.47 18.69 1.86
Trade 10.1/10.1 0.97 0.30 63.6 0.81 48.92 11.74 2.94
Services 10.7/10.7 0.97 0.38 56.3 0.68 45.75 9.68 0.88
Transportation 9.6/9.2 0.95 0.37 57.1 0.76 42.31 10.44 4.40
Public Utilities 6.9/7.0 0.96 0.45 50.1 0.62 40.34 7.75 2.02
Insurance 6.7/5.8 0.94 0.09 81.3 1.33 44.67 22.00 14.67
Other Finance and Real Estate 4.2/4.1 0.96 0.57 34.8 0.46 25.81 7.01 1.95
All Othef 12.5/12.2 0.96 0.30 60.0 0.73 50.00 7.50 2.50

Return Gap Distribution
New Sample: 1991-2010 Correlation Moody's Average (percemag‘;)
Average Ratings between Kappa # S&P Absolute

Issuer Type Mood)g‘s/S&P ? Ratings Statistri)cr:)s (% of issues) Gap Gap=1 Gap=2 Gap=3

Bank 4.96/5.54 0.82 0.22 65.2 0.94 40.33 22.08 2.76

Other 8.69/8.53 0.95 0.52 45.6 0.60 35.64 6.93 2.68
Manufacturing 8.24/8.07 0.97 0.50 45.9 0.57 37.31 6.69 1.92
Mining 10.88/10.66 0.97 0.71 47.4 0.61 37.24 8.42 1.71
Trade 8.71/8.69 0.97 0.44 51.6 0.64 43.48 4.64 3.49
Services 10.08/9.86 0.98 0.46 48.8 0.59 41.09 6.34 141
Transportation 8.53/8.30 0.90 0.48 48.9 0.74 33.93 8.09 4.13
Public utilities 8.69/8.58 0.96 0.46 49.5 0.65 39.24 7.54 2.67
Insurance 6.63/6.10 0.93 0.42 50.8 0.72 34.21 12.23 4.37
Other Finance and Real Estate 5.00/5.02 0.96 0.66 28.4 0.36 22.18 4.76 1.45




A)

. ) Correlation Moodv's Average Return Gap Distribution

Subsample: 1991-2000 Average Ratings between Kappa # S&F’y Absolgte (percentage)

Issuer Type Moody’'s/S&P Ratings Statistics (% of issues) Gap Gap=1 Gap=2 Gap=3

Bank 5.6/5.9 0.80 0.37 56.2 0.79 38.37 14.61 3.25

Other 8.3/8.2 0.95 0.47 46.9 0.62 37.33 6.18 3.24
Manufacturing 7.8/7.6 0.97 0.49 45.2 0.55 38.92 4.20 2.09
Mining 10.0/9.8 0.97 0.48 47.8 0.59 38.92 7.84 1.08
Trade 8.0/8.2 0.96 0.41 534 0.70 44.88 2.68 5.83
Services 9.2/9.0 0.97 0.45 49.0 0.59 41.61 5.59 1.82
Transportation 8.5/8.5 0.95 0.45 47.9 0.62 37.54 7.89 2.52
Public Utilities 8.1/8.0 0.95 0.43 51.3 0.69 40.72 7.2 3.37
Insurance 6.7/6.0 0.92 0.36 55.8 0.82 36.59 13.41 5.79
Other Finance and Real Estate 5.2/5.1 0.95 0.65 27.3 0.37 19.96 5.62 1.68
All Othef 11.3/11.5 0.89 0.47 44.6 0.66 37.50 2.68 4.47

Subsample: 2001-2010 Correlation Moody’s Average Return Gap Distribution

Average Ratings between Kappa #S&P Absolute (percentage)

Issuer Type Moody’'s/S&P Ratings Statistics (% of issues) Gap Gap=1 Gap=2 Gap=3

Bank 4.01/5.06 0.84 0.05 79.3 1.18 43.43 33.89 1.99

Other 9.14/8.92 0.95 0.51 43.7 0.60 33.83 7.65 2.26
Manufacturing 8.83/8.61 0.97 0.49 46.8 0.61 35.35 9.73 1.71
Mining 11.74/11.45 0.97 0.49 46.9 0.62 35.64 8.97 2.31
Trade 9.59/9.33 0.98 0.46 49.3 0.57 41.65 7.22 0.41
Services 11.24/11.03 0.98 0.47 48.6 0.58 40.38 7.34 0.87
Transportation 8.57/8.01 0.87 0.51 43.1 0.93 27.89 8.42 6.85
Public utilities 9.48/9.41 0.96 0.48 46.8 0.60 37.12 7.91 1.77
Insurance 6.60/6.16 0.94 0.46 475 0.66 32.60 11.44 3.40
Other Finance and Real Estate 4.70/4.84 0.97 0.64 30.1 0.36 25.56 3.44 1.10
All Othef 11.48/11.45 0.95 0.60 34.6 0.43 28.30 4.40 1.89




Between the recent and preceding decade, assessments af/indkdiy rating agencies
remained relatively unchanged except for banks. Between dedaeles/erage rating on bank
debt was about a notch higher and the rank correlation of ratingsnéndieat was similar.
Kappastatistics show, however, that ratings agreement on bank debsitell to almost zero in
the recent decade. Between decades, the rating split freqoémank debt increased from
56.2% to 79.3%, the absolute rating gap from 0.79 to 1.18, and the likelihood afgagai of
one or more from 56.23% to 79.31%.

B.3 Market Proxies for Information Uncertainty

This study, which explores whether rating agency disagreemmemts market proxies of
information uncertainty, extends Morgan (2002). Flannery, Kwan, andhlbintran (2004)
argue that if banks are relatively more opaque than nonbanks, ewarikets will imbed more
divergent opinions about the futulr§ earnings and stock prices of bamkgartlcular, the
dispersion and accuracy of analysts’ earnings forecasts, bispasads, trading volumes, and
return volatilities will reflect information uncertainty. Inaoss-sectional analysis over the
period 1990-1997, Flannery, Kwan, and Nimalendran (2004) find no statistggtyficant
difference between banks and other industries. The quoted bids-askssggféective spreads,
and adverse selection component of bid-ask spreads are very dmeileeen banks and
nonbanks and across large NYSE-traded and small NASDAQ-tradéd. bA&NASDAQ-traded
banks appear to have lower trading volumes compared to nonbanks, andsaftabsasts of
earnings, to be more accurate for banks.

These findings differ from extant literature. Using in#adstock transactions data,
Brennan and Subrahmanyam (1995) show that a larger analyst ifgldends to reduce

information asymmetry. Desai, Nimalendran, and Venkataraman (1888idnificant changes
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in trading activity, volatility, and adverse information componenhefliid-ask spread following
a stock split. Livingston, Naranjo, and Zhou (2007) show that ratints sk more likely for
firms with higher adverse information component in the bid-ask spheigtier standard
deviation of analyst earnings forecasts and absolute forecast, @mdrsmaller analyst coverage.
And in a subsequent paper, Flannery, Kwan, and Nimalendran (2010) notelthatagic shift
in the equity trading characteristics of bank stocks during the 208fcfal crisis is consistent
with increased information uncertainty.

As in Flannery, Kwan, and Nimalendran (2004), we use the bidgslad as a percentage
of share price, trading volume, number of stock analysts, standaatidef quarterly analyst
earnings (EPS) forecasts, and error of quarterly analysihga (EPS) forecasts computed as the
absolute difference between actual and forecasted quarteriingsr(EPS), as proxies for
information uncertainty. Data on the bid-ask spread and tradilgne — the daily number of
shares of stock traded, are obtained from the CRSP database, mindsefEPS), from the
Thomson Reuters I/B/E/S database each quarter. These dataseerged together with debt
issues by firm ID. The merger of data from FR Y-9C, CRSf, IBES results in 115 unique
banks.

Further, this study examines equity market reactions to fue isf new debt by firms.
Myers and Majluf (1984) show that information asymmetry betwewsnmders and outside
investors make external financing by firms costly. Using @ability of information-based
trading (PIN) measure from a sequential trading model for stocks, EHsieljaer, and O’'Hara
(2002) show that information risk is a determinant of asset retudnses, Lee, and Yeager
(2009, 2010) find that after controlling profitability, banks with moreqoeainvestments have

higher costs of capital, and opaque banks, which benefited the most frger nmeluced intra-
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industry revaluations in the pre-crisis period, also lost the most in the posiperiod.

Similarly, Livingston and Zhou (2010) find that investors require aroramdtion
uncertainty yield premium for split-rated bonds, and Liu and Moore (198)ttie magnitude
of the bond price reaction to a split rating is greater for |losatzd debt. Lastly, Peristiani,
Morgan, and Savino (2010) show that equity markets largely decipheresiawn which banks
would encounter difficulties in financing long before the strest results were revealed, and
banks with larger capital gaps experienced more negative abnormal returns.

Because the issue of dual rated new debt is widely known bothting agencies and
potential investors prior to issue date, a 62-day window (-60,+1)ngte80 days before issue
date and one day post issue data is used to compute an annualinéticerabnormal return as
the difference the daily and CRSP equal-weighted index returns.anAnalized standard
deviation of daily returns over the same event window is also calcdlated.

Table 3 reports summary statistics for the above variabled-asR spread and trading
volume of banks and nonbanks are similar. Banks have the largest nofrdrelysts with
average of 15, and together with insurance companies, the highgst dmacast errors among
industries.

B.4 Information Uncertainty of Banks

Morgan (2002) contends that the information uncertainty of banksvigabke because of
the unique nature of bank assets (loans and trading assettical@gin conjunction with high
leverage, and Gorton (2010),that the asset complexities of MB@&tiastiworsen information
asymmetry. Our sample of banks consists of publicly traded &Sk or financial holding

companies (BHCs) that had the requisite market and financtahstat data over the sample

2\arious event windows of (0,0), (-1,+1), (-15,+1), and (-30,+1) and valughteei CRSP
index return were also used. Results are similar.
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period 1991-2010. In addition to the financial crisis in 2008, the sample penedscthree
major deregulatory events — the demise of “too big to fail'r df@86, the Interstate Banking and
Branching Efficiency Act of 1994, and the Gramm-Leach-Bliley Act of 1998.

We refer to bank entities either as “banks” or “BHCs”. Codstdid financial statement
data for BHCs’ are obtained from the Federal Reserve BeRr&-9C reports. A bank with
missing or unavailable data was excluded for that quarter, resuttia sample of 3,464 bank-
quarter observations and 124 unique banks.

Bank assets are classified into seven major categorigs Msrgan (2002f. Cash and
federal funds, as well as premises and intangibles, have the/é&baation uncertainty and are
relatively more transparent than loans and trading assets.isBseamd Intangible Assets, which
are relatively small proportions of bank assets, represent tarfogibt assets and goodwill and
other nonmonetary intangible assets, respectively.

Loans, as well as securities and trading assets, are theysauaces of opacity. Loans include
commercial real estate loans, residential real estate, leadsall other loans. Other opaque
assets consists of) (nortgage-backed securities, including those not guaranteed MAGINd

those not issued by FNMA and FHLMC; anid ésset-backed securities, which includes credit

*The interstate restrictions of the Bank Holding Company ace wepealed by the Interstate
Banking and Branching Efficiency Act in 1994, which allowed intgestmergers between
adequately capitalized and managed banks, subject to concentratits) §tate laws, and
Community Reinvestment Act.

*Gramm-Leach-Bliley Act enacted November 1999, repealed paneoBlass-Steagall Act of
1933, which allowed commercial and investment banks to consolidate. Rpbelwinning
economists Paul Krugman called Senator Phil Gramm "the fattiee financial crisis" because
of his sponsorship of the Act, and Joseph Stiglitz, that the Act helped to createishe cris

*There are 121 unique banks after merging banking financial datdB#® dataset and 115
banks after merging bank financial data with CRSP dataset for stock refugs.va

®Morgan (2002) divides bank assets into cash, federal funds, loans, traditsy pssmises,
intangibles, and other assets.

"For example, mortgage servicing assets, purchased creditetatidnships and nonmortgage
servicing assets, and other identifiable intangible assets
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Table 3: Market Proxies of Information Uncertainty

Table provides summary statistics for market proxies of mmédion uncertainty. Numbers of
analysts are the total numbers that cover a stock. Standardiateviaf EPS forecasts are
dispersions of quarterly earnings forecast. Absolute error & ffPecasts is the absolute
difference between actual and forecasted quarterly EPS.FBXSIs the bid-ask spread divided
by price. Trading volume is the daily number of equity shareeda millions. Holding Period
Returns are annualized cumulative abnormal returns around a 62-daywHe@,+1) computed
as the difference between daily and CRSP equal-weighted iatlers, and annualized standard
deviation, computed from daily returns (-60,+1).

Number of 25" . 75th Standard

Unique Firms Mean Percentile Median Percentile Deviation
Number of Analysts
Banks 121 15.011 11 15 19 5.883
Manufacturing 607 9.994 6 10 13 5.427
Mining 163 10.817 5 9 16 7.363
Trade 165 11.959 6 13 17 6.523
Services 237 10.428 4 9 16 6.950
Transportation 53 8.941 6 8 13 4.367
Public Utilities 303 6.398 2 4 9 5.969
Insurance 110 9.918 5 11 15 5.839
Other Finance & Real Estate 158 8.093 4 7 12 5.075
All Other 39 7.762 4 8 11 4.266
Standard Deviation of Analyst EPS Forecasts
Banks 121 0.042 0.010 0.020 0.040 0.064
Manufacturing 607 0.042 0.010 0.020 0.040 0.088
Mining 163 0.081 0.030 0.050 0.100 0.090
Trade 165 0.027 0.010 0.010 0.030 0.043
Services 237 0.025 0.010 0.020 0.030 0.030
Transportation 53 0.081 0.020 0.030 0.070 0.129
Public Utilities 303 0.153 0.020 0.030 0.060 3.168
Insurance 110 0.310 0.010 0.020 0.060 1.543
Other Finance & Real Estate 158 0.079 0.020 0.050 .0900 0.129
All Other 39 0.049 0.010 0.030 0.060 0.061
Absolute Error of Analyst EPS Forecasts
Banks 121 0.346 0.010 0.040 0.120 0.376
Manufacturing 607 0.164 0.010 0.040 0.120 0.424
Mining 163 0.226 0.037 0.100 0.270 0.269
Trade 165 0.099 0.010 0.030 0.080 0.206
Services 237 0.059 0.010 0.030 0.075 0.123
Transportation 53 0.153 0.020 0.060 0.140 0.383
Public Utilities 303 0.018 0.007 0.023 0.023 6.139
Insurance 110 4.282 0.020 0.070 0.290 2.584
Other Finance & Real Estate 158 0.365 0.050 0.166 3730 0.776
All Other 39 0.214 0.020 0.068 0.185 0.175
Bid-Ask Spread/Price
Banks 115 0.023 0.016 0.020 0.026 0.011
Manufacturing 597 0.025 0.017 0.022 0.030 0.013
Mining 157 0.030 0.019 0.027 0.038 0.015
Trade 169 0.024 0.017 0.022 0.028 0.011
Services 243 0.027 0.018 0.023 0.033 0.016
Transportation 53 0.024 0.017 0.022 0.029 0.012
Public Utilities 290 0.024 0.013 0.019 0.028 0.021
Insurance 72 0.021 0.014 0.018 0.024 0.011
Other Finance & Real Estate 179 0.026 0.017 0.023 .0300 0.013
All Other 41 0.032 0.024 0.029 0.037 0.014
Trading Volume
Banks 115 1.585 0.387 0.849 1.858 0.003
Manufacturing 597 2.200 0.221 0.647 1.899 0.005
Mining 157 1.521 0.161 0.505 1.510 0.003
Trade 169 2.444 0.235 0.759 2.603 0.004
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Services 243 2.297 0.090 0.400 1.423 0.007

Transportation 53 0.860 0.179 0.400 0.897 0.001
Public Utilities 290 1.402 0.076 0.226 0.847 0.004
Insurance 72 4.685 0.076 0.422 2.136 0.032
Other Finance & Real Estate 179 1.866 0.332 0.839 2.727 0.003
All Other 41 0.661 0.085 0.291 0.926 0.001
Number of Mean 25" Median 75th Standard
Unique Firms Percentile Percentile Deviation
Annualized Holding Period Returns Around Issue Datg-60,+1)
Banks 115 -0.065 -1.027 -0.155 -0.155 1.835
Manufacturing 597 -0.066 -1.162 -0.132 132 2.469
Mining 157 -0.002 -1.223 -0.037 -0.037 2.490
Trade 169 -0.129 -1.152 -0.197 -0.197 2.115
Services 243 0.121 -0.995 0.007 0.007 2.236
Transportation 53 -0.089 -1.093 -0.309 -0.309 1.957
Public Utilities 290 -0.063 -1.144 -0.195 -0.195 2.270
Insurance 102 -0.048 -1.100 -0.026 -0.026 1.980
Other Finance & Real Estate 179 0.054 -0.975 -0.059 -0.059 2.003
All Other 41 0.374 -0.911 0.274 0.274 2.101
Standard Deviation of Daily Returns Prior to IssueDate
Banks 115 0.296 0.209 0.267 0.267 0.145
Manufacturing 597 0.332 0.218 0.282 0.282 0.181
Mining 157 0.391 0.252 0.336 0.336 0.205
Trade 169 0.320 0.228 0.280 0.280 0.159
Services 243 0.372 0.238 0.320 0.320 0.204
Transportation 53 0.323 0.237 0.297 0.297 0.130
Public Utilities 290 0.308 0.158 0.224 0.224 0.293
Insurance 102 0.286 0.184 0.258 0.258 0.164
Other Finance & Real Estate 179 0.342 0.224 0.306 0.306 0.172
All Other 41 0.435 0.316 0.379 0.379 0.193
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card receivables, home equity lines, automobile loans, other consumerdoamsercial and
industrial loans. Securities are financial assets purchasele long term that are either held-
to-maturity or available-for-sale. Financial securitieklfte-maturity is reported at amortized
cost and no adjustments are made for transitory fluctuations ivdhie of these securities.
Available-for-sale securities are reported at fair valueciaeshges in fair value are not accounted
as changes in net income but charged or credited directly toy.edaitcontrast, trading assets,
which are concentrated primarily in large banks, are debt and equitytiesdoought and sold in
the near term. Like securities, trading assets are gieoted at fair value, but changes in fair
value are recorded as changes in net income.

Lastly, total assets and square of total assets, which pooxyahk size, are inflation-
adjusted using the annual Consumer Price Index (CPI). Capitah wiogies for bank equity,
is computed as the ratio of total equity to risk-weighted tosgtasusing the method specified
under the 1989 Basel Accord for determining minimum bank capital requirefnents.

Table 4 reports the bank holding company assets prior to newidsuahce. Statistics are
calculated for 3,464 bank observations over 80 quarters for new bond i¥¢ile® mean value
of $207.11 million, loans represent almost half of bank’s total assétading assets and
securities, cash, intangible assets, and federal funds make repnthieing of bank assets. Fixed

assets, by contrast, make up less than one percent of asseling @ssets have a wide range of

®The U.S. adopted the capital requirement standards established Bgnikhéor International
Settlements (BIS) in Basel, Switzerland in 1989. Minimum chjstapecified as a percentage
of the risk-weighted assets of the bank. The weight is zero f8r Treasury securities and
mortgage-backed securities directly guaranteed by the Governiatibnal Mortgage
Association (Ginnie Mae); 20 percent for general obligation munidpads and mortgage-
backed securities guaranteed by the Federal National Morégsgeiation (Fannie Mae) or the
Federal Home Loan Mortgage Corporation (Freddie Mac); 50 pefeemhunicipal revenue
bonds and privately issued mortgage-backed securities; and 100 percbosiness and
consumer loans. Total capital must be at least 8% of total risk-weightésl asse
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values ranging from 1,699 to 63,416. Capital ratios improved over thevtasietades because
of compliance with the Basel Accord. The average risk weightaitihtaatio is 9.19%and the
median is 8.82%.

C. Empirical Results

C.1 Information Uncertainty across Industries

Morgan (2002) finds that banks are relatively more opaque than othetrieslg®ctors
during 1983 to 1993. Using market microstructure variables from 1990-19pibxss for
opacity, Flannery, Kwan, and Nimalendran (2004) find, however, thaslkaeknot significantly
opaque, just boring. To examine whether banking industries are moreeottea all other
industries, we run logit and probit regressions of rating disagréeroa issuer type controlling
for issue characteristics. A rating split dummy variable drsblate rating gaps are used as
substitutes for rating disagreement. Logit and ordered probissgreresults are reported in
Table 5. Issuer type is a dummy variable. Issue chaistitte are average rating, maturity, face
value, and standard deviation of rating gap.

Results in Table 5 confirm Morgan (2002). The likelihood of a ragpig is higher, and
the magnitude of the absolute rating gap is larger, for banks nbarbanks. Rating
disagreements are more significanj:the lower is the quality of rated debii) (the longer is
debt maturity; ifi) the larger is the issue size which is associated with $ize; andiy) the
larger is the standard deviation in rating dajCoefficients on industry dummies show that
except for insurance companies, which are closely related to bafikspation uncertainty is

relatively similar across the remaining industries. Further, observithizanks, participation

*The coefficient estimates can be interpreted as how a shealje in the continuous variables
may result into the change in the probability of a split ratingr example, from column (1) of
Table 5, increase in the rating increases the changes of disagreement by 6.4%.
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Table 4: Bank Asset Composition and Capital

Summary statistics cover 3,464 new bonds issued by publicly traded datenk holding
companies reported in the SDC database in the 80 quarters spannecpbyidtd 1991 through
2010. Bank asset composition and capital are obtained from the FBé#selve Y9-C Bank
Holding Company Call Reports. Values are expressed in millionslotiars except for
percentages®Securities purchased are either held-to-maturity or aveilédl sale.”Trading
assets are debt and equity securities bought and sold principétly near terrfRisk-weighted
capital ratios are computed as quarterly average equity dividediksweighted assets. Weights
are defined by risk-sensitivity ratios under the 1989 Basel AccDefinitions of asset
composition and capital are detailed in Appendix C.

% of th th
Mean Total I%Sercentile Median IZ‘SercentiIe gt:\zg?cr)i
Assets
Cash 20,170 4.70% 2.09% 5.78% 12.14% 4.74%
Federal Funds and Repurchases 9,644 2.25% 0.13% 0%1.5 4.78% 3.32%
Securitied 53,161 12.39% 4.90% 11.23% 29.47% 12.62%
Trading Assets 65,116 15.18% 0.74% 7.23% 27.58% 21.89%
Total Loans 207,110 48.27% 21.34% 58.89% 146.78% .4740
Residential Real Estate Loand 65,879 15.35% .93% 16.39% 45.83% 15.67%
Commercial Real Estate Loang 17,552 4.09% 89%2.0 5.75% 9.32% 3.45%
Other Loans 123,678 28.83% 14.21% 35.40% 89.6 24.19%
Premises 3,770 0.88% 0.49% 1.42% 2.77% 0.57%
Intangible Assets 12,186 2.84% 0.21% 0.98% 5.40%  999%.
Other Assets 57,906 13.50% 1.88% 4.49% 15.56% 24.15
Total Assets 429,062 100.00% 100.00% 100.00% 106.00 100.00%
Risk-weighted Capitél 9.19% 9.19% 7.84% 8.82% 10.56% 2.12%
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Table 5: Rating Agency Disagreements, Bond Characteristics, and Issuer Type

Columns (1)-(4) report coefficient estimates from logit regjoess of the probability of split
rating changes, and columns (5)-(8), ordered probit regressions absbkite ratings gap. All
regressions include unreported year dummies for all years ekeeptisis year 2008. Standard
errors are shown in parentheses. aSPLIT = 0 if Moody’s = S&&,laif Moody's# S&P.
bAbsolute gap =|Moody’s — S&P| cAverage of Moody’s and S&P rstihigher values indicate
higher risk. dBank*MBS refers to banks that issued mortgage-bad@ditees during the
sample period. *. ** *** ndicate statistical significance at the 1088p, and 1% levels,
respectively. SIC codes used to classify industries are detailed in Appendix B.
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SPLIT? |[Moody’s — S&PJ
(1) (2) (3) (4) (5) (6) (7) (8)
Issue Characteristics
Average Rating 0.064**  0.064**  0.051%*  0.053** | 0.056** 0.057**  0.046%*  0.047**
9 (0.002)  (0.002) (0.003)  (0.003) | (0.002) (0.002)  (0.002)  (0.003 )
Maturity (years) 0.012%*  0.012%*  0.006*  0.007** | 0.011** 0.011***  0.006**  0.006***
Yy (0.001)  (0.001)  (0.001)  (0.001) | (0.001) (0.001)  (0.001)  (0.001)
Face Valud 0.002%*  0.002%*  0.001***  0.001** | 0.001** 0.001**  0.001**  0.001**
($10M) (0.000)  (0.000) (0.000)  (0.000) | (0.000) (0.000)  (0.000)  (0.000)
Standard Deviation 0.107*** 0.124***
of Rating Gap (0.014) (0.012)
Issuer Type
Bank 0.828%*  0.708** 0.793%*  (.591%*
(0.023)  (0.032) (0.020)  (0.028)
0.229% 0.377%*
Bankx MBS Issué (0.042) (0.036)
Other
Manufacturin -0.680%*  -0.681** -0.684%*  -0.686%**
9 (0.031)  (0.031) (0.027)  (0.028)
Minin -0.790%  -0.770%* -0.766%*  -0.747**
9 (0.053)  (0.056) (0.048)  (0.050)
Trade 0.563%*  -0.566%* -0.598%*  -0.611%**
(0.045)  (0.047) (0.040)  (0.042)
Services -0.688%*  -0.677** -0.718%*  -0.716%*
(0.043)  (0.044) (0.038)  (0.040)
Transoortation -0.693%*  -0.804** -0.607**  -0.720%*
P (0.062)  (0.064) (0.055)  (0.057)
Bublic Utilties -0.630%*  -0.663** -0.621%*  -0.651%**
(0.034)  (0.035) (0.030)  (0.031)
nsurance -0.500%  -0.547%* -0.421%*  -0.464%*
(0.053)  (0.055) (0.047)  (0.049)
Other Finance and -0.954***  -0.924*** -0.907***  -0.874***
Real Estate (0.025)  (0.026) (0.022)  (0.023)
All Other -1.047%%  -1.101%* -0.987%  -1.027%*
(0.083)  (0.085) (0.077)  (0.079)
Pseudd?? 0.117 0.119 0.129 0.136 0.101 0.106 0.110 0.118
g‘;’;‘ebr\e/;ﬂons off 25652 25,652 25,652 24,739 25652 25,652 25652 7394
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in mortgage-backed asset securitization activities increassdt complexity and opacity.
Coefficients for bank and bank interacted with mortgage-backed seation are positive and
statistically significant.

C.2 Information Uncertainty of Banks

But why are banks opaque? Morgan (2002) argues that banksharenity opaque
because of the unique nature of bank assets and its use of levergeand ordered probit
regressions reported in Table 6 examine the impact of asset gbarpasd capital, as well as
participation in mortgage-backed asset securitization activareshe likelihood of a rating split
and the magnitude of the absolute rating g2ier assetS, which are used as the benchmark,
are excluded in the regressions.

The Chi-square test that the asset composition coefficiemtpiatly zero confirms that
bank assets influence the likelihood and magnitude of rating disagn® As expected, the
coefficients on securities and trading assets, as wetitalsldans are significantly positive, and
significantly negative, on premises and intangible assets. sibindicant positive coefficient
sign on cash and federal funds, which are presumably more transparmontsistent with the
agency costs of high free cash flow (Jensen and Meckling, 1976heFugtings disagreements
are more significanti) the lower is the quality of rated deht; the longer is the debt maturity;
and (ii) the larger is the issue size which is associated with firm size.

Contrary to Morgan (2002), however, the coefficient on capitalgsificantly positive.
The explanation is twofold. The first is the difference in samppléeod. Banks were not actively
involved in asset securitization and complex derivatives during Morga@@2) sample period

1983-1993. Second, as lannotta (2006) notes, bank capital may proxy for omitted sources of

90ther assets are total assets minus loan, securities, trasf®mgs, cash, federal funds,
premises and intangibles, scaled by total assets.
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Tables 6A and 6B: Bank Holding Company Assets and Rating Agency Disagreements

Table reports ordered probit and multinomial logit with fixed eff@egressions of the absolute
difference between Moody’s and S&P ratings of new bond isg@sst bank asset composition
and capital. Bank asset composition and capital variables aresgxgras percentages of total
assets. Risk-Weighted Capital ratios computed as quarteghages equity divided by risk-
weighted asset. Weights are defined by risk-sensitivitpsatinder the Basel Accord. Total
assets are in billions of dollars. *. **, *** indicate statisticignificance at the 10%, 5%, and
1% levels, respectively.
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Absolute Ratings Gap: |Moody’s — S&P|

Table 6A Ordered Probit
Wald Wald

Coefficient Standard Chi- Coefficient Standard Chi-

Estimate Error Squan Pr>ChiSq| Estimate Error Squar Pr>ChiSq
Assets
CEaSh and Federgl 2 733%* 0.784 12.159 0.001 2.639*** 0.796 10.977 .001
Securities & 1350+ 0.773 3.057 0.080 1.448* 0.804 3.240 0.072
Tradina Assel
Total Loans 2.799%** 0.648 18.632 <.000]L 2.56%** 66.7 14.737 0.000
Premis_.e_s and -2.272 2.474 0.844 0.358 -0.799 2.605 0.094 0.759
Risk-Weighted -2.872 1.931 2.213 0.137 4.743* 2.321 4.178 0.041
Total Assets 1.628*** 0.169 92.689 <.000 1.783*** 0.190 88.569 <.0001
Square Total -0.419%+* 0.076 30.355 <.0001] -0.416%** 0.081 2613 <.0001
MBS 1.219*** 0.209 34.166 <.0001
MBS*Risk- i o
Weighted Capit 14.009 2.377 34.749 <.0001
Bond
Characteristics
Average Rating -0.035* 0.018 3.738 0.05 -0.025 18.0 1.894 0.169
Maturity, years 0.008** 0.003 5.519 0.019 0.009**  .003 6.184 0.013
;‘?I‘):e value (31 oo+ 0000  7.612  0006| -0.001* 0000 6378 0012
Year Dummies
(excluding 2008)
1991 1.722%** 0.246 48.865 <.0001 1.827*** 0.249 .629 <.0001
1992 1.335%** 0.228 34.396 <.0001 1.475%** 0.231 .800 <.0001
1993 1.339*** 0.216 38.537 <.0001 1.540*** 0.220 .a90 <.0001
1994 0.639*** 0.212 9.080 0.003 0.816*** 0.216 143 0.000
1995 0.235 0.209 1.265 0.261 0.430*** 0.213 4.088 .046
1996 0.113 0.206 0.302 0.582 0.284 0.210 1.833 60.17
1997 0.272 0.202 1.816 0.178] 0.377* 0.204 3.407 69.0
1998 1.107*** 0.197 31.207 <.0001 1.196*** 0.199 .362 <.0001
1999 1.135%** 0.198 32.860 <.0001 1.269*** 0.201 .895 <.0001
2000 1.490*** 0.197 57.275 <.0001 1.612*** 0.200 .B89 <.0001
2001 1.425%** 0.199 51.526 <.0001 1.540*** 0.201 .620 <.0001
2002 1.793*** 0.205 76.506 <.0001 1.880*** 0.207 .825 <.0001
2003 1.794*** 0.204 77.439 <.0001 1.864*** 0.206 .825 <.0001
2004 1.787*** 0.199 80.946 <.0001 1.884*** 0.201 .867 <.0001
2005 1.652%** 0.198 69.928 <.0001 1.729*** 0.200 .@92 <.0001
2006 1.368*** 0.191 51.465 <.0001 1.433*** 0.192 594 <.0001
2007 0.804*** 0.183 19.299 <.0001 0.812*** 0.184 .398 <.0001
2009 0.574 0.265 4.702 0.030; 0.571** 0.264 4.677 030D.
2010 0.730*** 0.262 7.735 0.005 0.791*** 0.264 9700 0.003
Pseudd? 0.301 0.310
Joint Significance 0.000 0.000
Number of Obs 3.464 3.464

Observations
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Absolute Ratings Gap: |Moody’s — S&P|
Logit(with fixed effects)

Table 6B Wald Wald

Coefficient Standard Chi- Coefficient Standard Chi-

Estimate Error Square Pr>ChiSq Estimate Error Square Pr>ChiSq
Assets
Cash and Federdl 1.949%* 0510 3.820 0.000 1.894**  0.518 3.660 0m
Securities & Trading 0.943* 0.504 1.870 0.061 0.978* 0.524 1.870 0.062
Total Loans 1.978** 0.422 4.690 <.000L 1.775%* 434 4.090 <.0001
Premis__e_s anq -2.073 1.626 -1.270 0.203 -0.850 1.691 -0.500 0.615
Risk-Weighted Capital -1.469 1.249 -1.180 0.24p 04+3* 1.500 2.870 0.004
Total Assets 1.209*** 0.112 10.840 <.0001L 1.312** 0.122 10.750 <.0001
Square Total Assets -0.327*** 0.051 -6.450 <.00p1 0.320*** 0.053 -5.990 <.0001
MBS 0.939%** 0.135 6.950 <.0001
MBSxRisk-Weighted 10736+ 1532 -7.010  <.0001
Capital
Bond Characteristics
Average Rating -0.022* 0.012 -1.840 0.06¢ -0.014 01Q. -1.150 0.251
Maturity (years) 0.004* 0.002 1.640 0.101 0.004* (0]0)2 1.800 0.073
Face Value ($10M) -0.001*** 0.000 -3.080 0.004 QL 0.000 -2.760 0.006
Year Dummies
(excluding 2008)
1991 1.238*** 0.159 7.800 <.0001 1.304*** 0.158 B® <.0001
1992 0.851*** 0.145 5.870 <.0001 0.947*** 0.145 :{03) <.0001
1993 0.935%** 0.137 6.850 <.0001 1.077*** 0.137 38 <.0001
1994 0.408*** 0.133 3.070 0.002 0.535%** 0.133 402 <.0001
1995 0.194 0.129 1.500 0.133] 0.340*** 0.130 2.610 .000
1996 0.128 0.127 1.010 0.312 0.256** 0.127 2.020 0440.
1997 0.198 0.124 1.590 0.111 0.272** 0.124 2.190 029.
1998 0.690*** 0.123 5.620 <.0001 0.757*** 0.122 8aL <.0001
1999 0.693*** 0.124 5.610 <.0001 0.789*** 0.123 2102 <.0001
2000 0.963*** 0.123 7.840 <.0001 1.047*** 0.123 B® <.0001
2001 0.902*** 0.124 7.270 <.0001 0.983*** 0.124 a® <.0001
2002 1.183*** 0.129 9.190 <.0001 1.243*** 0.128 (¢]074 <.0001
2003 1.171%* 0.128 9.160 <.0001 1.218*** 0.127 165 <.0001
2004 1.148*** 0.125 9.220 <.0001 1.216*** 0.124 o® <.0001
2005 1.052*** 0.124 8.470 <.0001 1.106*** 0.124 F:{e2] <.0001
2006 0.856*** 0.120 7.140 <.0001 0.902*** 0.119 30 <.0001
2007 0.483*** 0.115 4.200 <.0001 0.488*** 0.114 a0 <.0001
2009 0.341** 0.168 2.030 0.042 0.327** 0.167 1.960 0.051
2010 0.433*** 0.169 2.570 0.010 0.500*** 0.168 208 0.003
Pseudd? 0.263 0.273
Joint Significance ssetp 0.000 0.000
Number ofl 3464 3,464

Observations
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opacity. That is, a higher level of risk-weighted capitahpensates for lower asset quality not
captured in asset composition.

This conjecture is confirmed in the second column of Table 6A wiskreveighted capital
is interacted with a mortgage-backed asset securitization dwanmgble. Results show that
rating splits banks are more likely for banks involved with mortdesgded asset securitization,
but high risk-weighted capital mitigates the likelihood of angasplit. In other words, rating
disagreements increase with the asset complexity but infamaticertainty concomitant with
complexity can be offset by maintaining higher risk-weighted dapita

Lastly, coefficients on year dummies show that deregulation £which are associated
with the demise of “too big to fail” after 1986, the Interstatekdag and Branching Efficiency
Act of 1994, and the Gramm-Leach-Bliley Act of 1998, increasedikbihood and magnitude
of split ratings. The increase in competition from deregulatidnaes bank profitability, and
the resulting adverse impact on market equity, diminishes theatery threat of an operating
charter loss on the risk exposure and capital adequacy of banély,(K890).Assuming that
only the highest quality debt could be issued in the 2008 crisis yealarge decline in year
dummy coefficients pre-2008, and small rise post-2008, suggests that ity efubank debt
issues improved in the years leading up to the financiabaisil remained relatively high after
the financial crisis.

Table 7, which divides banks into two subgroups by the median risk-weticgypéal ratio,
examines the impact of mortgage-backed asset securitizatioiieston rating disagreement
controlling for issue characteristics, firm size, and year di@sim Two observations can be

made. First, for poorly capitalized banks, loans and trading
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Table 7: Impact of Bank Capital on Information Uncertainty

Table reports ordered probit regressions of the absolute diffebataeen Moody’'s and S&P
ratings of new bond issues for banks below and above the median amtakross banks each
year. Bank asset composition and capital are expressed as percentageassdistal otal assets
are in billions of dollars. *. **. *** indicate statistical significaacat the 10%, 5%, and 1%
levels, respectively.
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Risk-Weighted Capital < Median

Risk-Weighted Capial >Median

Wald Wald

Coefficient Standard Chi- Coefficient ~ Standard Chi-

Estimate Error Square Pr>ChiSq| Estimate Error Square Pr>ChiSq
Assets
Cash and Federal Funds 7.778%* 1.323 34.568 <.00p1 1.244 1.347 0.852 0.356
Securities & Tradingl g 3040 1404 20.168 <.0001 1.388 1.258 1.218 0.27
Assets
Total Loans 8.353*** 1.190 49.235 <.0001 0.637 1.03 0.380 0.538
Premises and 4277 5308 7.233 0.007 0.859 3.757 0.052 0.81
Intangibles
Risk-Weighted Capital 14.71%* 4.801 9.387 0.002 4(8 3.176 0.575 0.448
Total Assets 2.749%** 0.375 53.754 <.000] 1.904**  0.272 48.878 <.0001
Square Total Assets -0.668*** 0.138 23.403 <.00qQ1L 0.730%* 0.144 25.664 <.0001
MBS 1.198%* 0.370 10.491 0.001 1.069%* 0.306 123 0.001

il \Nai

'\CAaB;t 5'3" weighted | 153600+ 4760 10378 0001 | -13.024% 3297  18% <0001
Bond Characteristics
Average Rating -0.122%** 0.031 15.766 <.000] 0.030 0.024 1.522 0.217
Maturity (years) 0.013%+* 0.005 7.053 0.008 0.007 .06 1.922 0.166
Face Value ($10M) -0.001* 0.001 4.091 0.043 0.000 0.001 0.337 0.561
Year Dummies
(excluding 2008)
1991 3.429%+* 0.407 71.028 <.0001 0.538* 0.336 256 0.110
1992 2.428%* 0.375 41.887 <.0001 0.671** 0.307 817 0.029
1993 2.567** 0.362 50.430 <.0001 0.334 0.294 1.288 0.256
1994 0.979%+* 0.354 7.665 0.006 0.433 0.285 2.310 .120
1995 0.496 0.356 1.946 0.163 0.087 0.277 0.097 50.75
1996 -0.066 0.342 0.037 0.848 0.158 0.275 0.330 660.5
1997 0.469 0.340 1.906 0.167 -0.258 0.267 0.933 340.3
1998 1.151%* 0.330 12.144 0.001 0.833*+* 0.259 306 0.001
1999 1.453%* 0.322 20.379 <.0001 0.778*+* 0.266 582 0.004
2000 1.631%* 0.324 25.374 <.0001 1.216%+* 0.262 .283 <.0001
2001 1.368%* 0.324 17.865 <.0001 1.335%+* 0.264 .564 <.0001
2002 2.038%* 0.335 37.092 <.0001 1.673*+* 0.270 .288 <.0001
2003 2.062%* 0.332 38.618 <.0001 1.628*+* 0.271 384 <.0001
2004 2.062%** 0.317 42.242 <.0001 1.618%* 0.264 .877 <.0001
2005 2.110%* 0.311 46.184 <.0001 1.123%+* 0.265 .96 <.0001
2006 1.929%* 0.294 43.126 <.0001 0.877*** 0.257 .645 0.001
2007 1.130%* 0.269 17.702 <.0001 0.485** 0.253 B6 0.055
2009 0.976** 0.412 5.610 0.018 0.135 0.368 0.134 714.
2010 1.059%* 0.408 6.736 0.009 0.575 0.362 2527 .11
Pseudd?® 0.417 0.303
Joint Significance 0.000 0.000
Number of Obs 1,698 1,766
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securities increase the likelihood of rating split, but not for-aegliitalized banks. Moreover,
for poorly capitalized banks, premise and intangible asset sigrlficaeduce ratings
disagreement, but is not significant for well-capitalized ban&gcond, for poorly and well
capitalized bank groups, the coefficients on the mortgage-backetl securitization dummy
variable and its interaction with risk-weighted capital agnificantly positive and negative
respectively. Again, rating disagreements increase with thet esmplexity but information
uncertainty concomitant with complexity can be offset by higlstrwieighted capital holdings.
The magnitude of coefficients also suggests that the importdragset complexity and risk-
weighted capital are greater for poorly capitalized banks.

C.3 Information Uncertainty and Market Microstructure

Table 8 reports logit and ordered probit regressions of thighbkel of a split rating and
absolute ratings gap on variables that are market pratiesférmation uncertainty. In contrast
to Flannery, Kwan, and Nimalendran (2004), the results show thatsalisggreements reflect
market proxies of information uncertainty.

Ratings disagreements are more significantthe higher is the bid-ask spread) the
lower is trading volume which is associated with poor liquidity asd laformed trading; and
(i) when the standard deviation and absolute error of analyst eafBir§3 forecasts are high.
The use of the number of analysts as a stand-alone proxy for itf@mnu@acertainty exposes a
potential endogeneity problem. Higher analyst coverage nafigatformation asymmetry
(Brennan and Subrahmanyam, 1995; Livingston, Naranjo, and Zhou, 2007) but ofsity a
creates a higher investor demand for information and analyst gever&ontrolling for the bid-
ask spread, higher analyst coverage reduces the adversmmsatests to market makers of

trading against informed investors.
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Table 8: Rating Agency Disagreements and Market Proxies of Information Uncinty

Columns (1)-(4) report coefficient estimates from logit regjoess of split rating changes, and
columns (5)-(8), ordered probit regressions of the absolute ratings gaipstaproxies of
security analyst and investor uncertainty. All regressionsidecunreported year dummies for
all years except the crisis year 2008. Standard errors amngepo parenthese8SPLIT = 0 if
Moody's = S&P, and 1 if Moody's: S&P. PAbsolute gap =|Moody’'s — S&PJAverage of
Moody’s and S&P ratings; higher values indicate higher risk. *.** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively.
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SPLIT? [Moody’s — S&Pf
(1) (2) (3 4 (5) (6) (7 (8)
Market Proxies
Number of Analvsts 0.005**  -0.002**  0.003**  0.001** | 0.006** -0.005%*  0.004** -0.003**
Y (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)  (0.002)
Standard Deviation of 0.047**  0.025%*  0.090***  0.074** | 0.123**  0.101**  0.150**  0.133**
Annual EPS Forecasts (0.017) (0.017) (0.017) (0.017) (0.015) (0.015) (0.015)  (0.015)
Absolute Error of 0.029**  0.018* 0.037**  0.024** | 0.035**  0.026* 0.043**  0.035%*
uarterly orecasts . . . . . . . .
Q ly EPS F (0.004) (0.003)  (0.005) (0.004) (0.004) (0.004)  (0.005) (0.004)

. . 1.001%* 2.746%* 2.472% 3.746**
Bid-Ask Spread/Price (0.465) (0.467) (0.419) (0.421)
Trading Vol -2.954%* -2.971%* -1.333% -1.601**

rading volume (0.000) (0.804) (0.635) (0.647)

Issue Characteristics
Average Ratirfi 0.013**  0.017**  0.002**  0.007=* | 0.008**  0.013** -0.,001**  0.007***
9 9 (0.002) (0.002)  (0.002) (0.002) (0.001) (0.002) (0.002) (0.002)
Maturity (years) 0.009**  0.004**  0.008**  0.003* | 0.009***  0.004**  0.008**  0.003**
y (0.001) (0.001)  (0.001) (0.001) (0.000) (0.001) (0.000) (0.000)
Face Value ($10M) 0.001**  0.002%*  0.001***  0.002%* | 0.001**  0.002%*  0.000***  0.002%*
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Standard Deviation of Rating Gap| 0:058™*  0.047**  0.047=*  0.013 0.100"* 0,058+  0.082**  0.023
9%=an (0.006) (0.007) (0.006)  (0.007) (0.005) (0.006)  (0.006) (0.007)
Issuer Type
Bank 0.728**  0.413%* 0.592%*  0.386%*
(0.015) (0.014) (0.013) (0.013)
0.113**  (.654%* 0.321%*  0.456%*
Bank« MBS Issue (0018)  (0.023) (0.015)  (0.020)
Manufacturin -0.793%*  -0.466%* -0.792%  0.426%*
9 (0.013) (0.016) (0.011) (0.014)
Minin -0.684%*  .0.463%* -0.669%*  -0.445%*
9 (0.024) (0.027) (0.022) (0.025)
Trade -0.671%*  -0.411% -0.663%*  -0.337%*
(0.019) (0.022) (0.017) (0.020)
Services -0.604%*  .0.329%** -0.671%*  -0.354%*
(0.019) (0.022) (0.017) (0.020)
Transportation -0.904%*  .0.502%** -0.799%*  .0.387**
P (0.024) (0.028) (0.022) (0.025)
Insurance -0.530%*  -0.131%* -0.591%*  -0.184%**
(0.017) (0.021) (0.015) (0.018)
Public Utilities -0.884%  .0.631%** -0.769%*  -0.485%*
(0.022) (0.028) (0.020) (0.026)
Other Finance and Real Estate (88‘:'5)** (8352) 8)%21‘2)* " 8)%11%? "
All Other -1.109%*  -0.778%* -1.061%*  -1.708%*
(0.036) (0.038) (0.034) (0.036)
Pseudd? 0.569 0.308 0.602 0.291 0.695 0.297 0.699 0.286
Number of Observations 10,111 7,983 10,111 7,99 , 1110 7,983 10,111 7,983
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C.4 Market Prices and Information Uncertainty

Table 9 examines the impact of rating split and industryhereqjuity market reaction to
new debt issues, controlling for the volatility of equity returrs,weell as, firm and issue
characteristics. The dependent variable in these regressiahe amnualized abnormal holding
period equity returns over the 62-day event window (-60, +1) aroundgshe date. Columns
(1)-(3) compare banks to nonbanks, and columns (4)-(6), nonbank firms inindostries
against banks.

Overall, the results that informational asymmetries betviesiders and outsiders make
external financing costly. In all regressions, interceptsfyvéhat average equity market
reactions to new debt issues, regardless of industry, aresabigyificantly negative, and are
more negative, the higher is the volatility of equity returns. eédweer, that the coefficients on
split rating are insignificant in regressions (2)-(3) whadmpare banks against nonbanks, but
significant in regressions (5)-(6) which compare nonbanks against lzamfsm the results in
Table 8 that rating disagreements imbed market proxies ofmat@n uncertainty. Further,
observe that the coefficient on banks in regression (1) and ¢eef§®n the interaction of split
rating and banks in regressions (2)-(3) are statisticallyfgignt. Moreover, the coefficients on
non-bank industries in regression (4) and coefficients on the interaditisplit rating and non-
bank industries in regressions (5)-(6) are insignificant. Thesdts indicate that equity returns
surrounding new debt issues by banks are notably lower. Informationaintyeabout banks is

more significant.
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Table 9: Holding Period Returns and Rating Agency Disagreements

Columns (1)-(6) report regressions of holding period returns againg agency disagreements
clustered by firm and with year dummies. Bank asset compositiocaithl are expressed as
percentages of total assets. Total assets are in billions lafsd8Holding Period Returns are
annualized cumulative abnormal returns around a 62-day window (-60,+1) eahgsitthe
difference between daily and CRSP equal-weighted index returnsarandhlized standard
deviation, computed from daily returns (-60,+’I) regressions (3) and (6), split is computed as
the inverse logistic transform of the residuals in a first-stagstlogegression of split against all
other independent variables in the second-stage holding period returns regressions.

Holding Period Returns
1) (2 3 Q) (5) (6)
Intercent -3.290*** -2.580*** -1.108** -0.528* -0.475%*+ -0.094
P (1.109) (0.905) (0.597) (0.388) (0.201) (0.247)
Standard Deviation -1.832 -0.821 -1.801 1.173 -0.301* 1.441
(1.889) (0.896) (1.282) (0.513) (0.194) (0.525)
Issue Characteristics
Average Ratin 0.094 0.094 0.158 0.058 0.054 0.058
9 9 (0.053) (0.053) (0.047) (0.024) (0.011) (0.012)
Maturity (years) 0.000 0.000 -0.014 0.002 0.000 0.001
y (0.014) (0.014) (0.010) (0.004) (0.013) (0.004)
Face Value ($10M) -0.001 -0.001 -0.002 -0.001 -0.001 -0.001
(0.004) (0.004) (0.004) (0.001) (0.001) (0.001)
Firm Characteristics
Total Assets 1.329 1.684 0.661 0.009 0.000** 0.000
(1.486) (1.370) (0.613) (0.027) (0.000) (0.000)
Canital Ratio 14.263** 13.536** 0.735 0.081 -0.063 0.005
P (5.733) (5.345) (4.649) (0.210) (0.180) (0.196)
Issuer Type
-0.805*
Bank (0.351)
-0.035
Bank MBS (0.288)
Manufacturing (883;1)
- -0.039
Mining (0.163)
-0.148
Trade (0.130)
Services (81%)
. -0.001
Transportation (0.158)
Insurance (8(1%2)
Public Utilities Eg'(l)gg)
Other Finance and Real Estaje (8133)
All Other (8'322)
Market Proxies
Number of Analvsts 0.025* 0.021 0.007 0.008* 0.003 0.007
Y (0.019) (0.018) (0.018) (0.006) (0.05) (0.018)
Standard Deviation of 1.728 1.724 -0.122* -0.160** 1.724
Annual EPS Forecasts (2.081) (1.144) (0.094) (0.076) (1.144)
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Absolute Error of -0.199* -0.192* -0.048* -0.006* -0.048*
Quarterly EPS Forecasts (0.114) (0.122) (0.166) (0.017) (0.166)
. . 9.251 5.347 -21.518*+* -43.377** 5.347
Bid-Ask Spread/Price (27.304) (28.121) (6.832) (6.368) (28.121)
. 45.416 23.079 1.033 23.079
Trading Volume (67.817) (82.789) (3.795) (82.789)
Rating Disagreement
Split® -0.232 0.002 -0.137* -0.615
P (0.194) (0.017) (0.103) (0.259)
. -0.986*** -0.039*
Splitx Bank (0.347) (0.188)
. 0.249 0.341
. . 0.001 0.041
Split« Manufacturing (0.123) (0.183)
e 0.233 0.017
Splitx Mining (0.222) (0.320)
. 0.005 -0.269
SplitcTrade (0.175) (0.250)
. . -0.235 0.081
SplitxServices (0.172) (0.245)
) ) -0.008 -0.044
SplitxTransportation (0.225) (0.315)
) -0.040 -0.241
Splitx Insurance (0.235) (0.312)
. s -0.151 -0.200
Splitx Public Utilities (0.150) (0.226)
Splitx Other Finance -0.001 0.157
and Real Esta (0.148) (0.207)
. 0.043 0.330
Splitx All Other (0.359) (0.453)
Pseudd® 0.065 0.063 0.067 0.012 0.017 0.019
Number of Observations 7,983 7,983 7,983 7,983 37,98 7,983
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D. Conclusion

In this study, we use disagreements on dual-rated debt isguésmb to proxy for
information uncertainty. The 20-year sample period 1991-2010coversntlajee deregulatory
events — the demise of “too big to fail” after 1986, the IntersBeteking and Branching
Efficiency Act of 1994, and the Gramm-Leach-Bliley Act of 1998ywa#i as the years prior and
subsequent to the financial crisis in 2008. We validate Morgan’s (20@#)g that rating splits
are more likely, and the magnitude of rating gaps are largetdnks relative to nonbanks.
Asset composition and capital are inherent sources of information uncertaibgni@. Opacity
is more severe for banks with higher loan and trading asset h®ldimd) lower risk-weighted
capital.

Additionally, we extend Morgan’'s (2002) findings. First, particgratby banks in
mortgage-backed asset securitization increases its complardy opacity. Second, the
deregulation of the banking industry, which intensified competition and reédbeealiscipline of
charter value, also contributed to increased information uncertaliityd, the large decline in
the significance of rating disagreements pre-crisis andl smal post-crisis suggests that the
quality of bank debt issues improved in the years leading up to 200&aadhed relatively
high subsequently.

Importantly, we also show that rating disagreements reflacket proxies of information
uncertainty. In particular, information uncertainty is lower, waealyst coverage is higher, and
the standard deviation and absolute error of analyst earnireysaéts are lower. Low trading
volume and high bid-ask spreads are associated with more significagtdisagreements.

Last but not least, markets price information uncertainty. Bpaacreases the

informational asymmetry between insiders and outsiders and matersatxfinancing more
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costly. Equity returns surrounding new debt issues are significaaggtive on average, and
notably lower, for banks compared to nonbanks. Information uncertainty ispedeket

discipline and substantiates the need for regulation and supervisianks to prevent excessive
risk taking, enforce capital adequacy standards, and constrainiestthiat intensify systemic

risks.
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Appendix A: Numerical vs. Letter Ratings

Numerical Rating S&P Rating Moody’s Rating
1 AAA Aaa
2 AA+ Aal
3 AA Aa2
4 AA- Aa3
5 A+ Al
6 A A2
7 A- A3
8 BBB+ Baal
9 BBB Baa2
10 BBB- Baa3
11 BB+ Bal
12 BB Ba2
13 BB- Ba3
14 B+ B1
15 B B2
16 B- B3
17 CCC+ Caal
18 CCC Caa2
19 CCcC- Caa3
20 cC Ca
21 C C
Appendix B: Industry Classification Standard
Industrial Sector SIC Codes
Bank 6021, 6022, 6029, 6712 or 6719
Manufacturing 20-39
Mining 10-14
Transportation 41-47
Trade 50-59

60 other than 6021, 6022, 6029, 6712, 6719,
Other Finance and Real Estate 6311, 6321, 6324, 6331, 6351, 6361,6399,

6411
Services 70-89
Public Utilities 40,48-49
Insurance 6411
All Other 01-09, 15-17, 52

6311, 6321, 6324, 6331, 6351, 6361,6399,
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Appendix C: Bank Capital and Asset Composition

Variables from the FR Y-9C call reports used to describe bssdt @omposition and capital in
this study are defined below. Balance sheet items are theofeqdarter values. Unless
otherwise specified, all variables are scaled by total assets.

TA Total inflation-adjusted assets BHCK2170
CASH Cash and Noninterest-bearing balances BHCK®BBICK0395+BHCK0397
BHCK0276+BHCK0277, or BHCK1350, or
FF Federal Funds and Repurchases BHDMB937+BHCKB9I89
. . BHDM1415+BHDM1420+BHDM1460+

RESREAL Residential real estate loans and leases, net BHDM1480
COMREAL Commercial real estate loans and leases, net BHDM1797+BHDM5367+BHDM5368
OTHLOAN All other loans, net BHCK2122-REALLOAN
TL Total Loan RESREAL+COMREAL+OTHLOAN
PREM Premises BHCK2145
1A Intangible Assets BHCK3163+BHCK0426
SEC Held-to-maturity ~ securities,  available-for-saleBHCK1754, BHCK1773

securities BHCK 0390 (prior to year 1993)
TRADE Trading Assets BHCK3545

All others except cash, federal funds, total loan,
OA securities, trading assets, premises, and intangittl— (CASH+FF+TL+SEC+TRADE

assets +PREM+IA)/ASSETS
CAP Equity capital 1- (BHCK2948/ASSETS)

BHCK3519/BHCK3368 (year1991-1995)
RwWC Risk-weighted capital BHCK3519/BHCKA223 (year1996-2000)
BHCK7205 (year2001-2010)
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Bank Corporate Governance, Opaque Assets and Risk
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A. Introduction

Many analysts have blamed the dramatic collapse of the Lhingandustry in 2007 and
2008, at least in part, on aggressive corporate goverftandeademic research generally
supports the hypothesis that aggressive corporate governance incldan®do greater risk-
taking. Laeven and Levine (2009), for example, find that banks with morefpbasners tend
to take greater risks. Adams, Hermalin and Weisbach (2010) findain&s receiving bailout
funds had greater board independence than banks that did not receive foatisutFortin,
Goldberg and Roth (2010) find that BHCs with greater managerialotdalke less risk. Pathan
(2009) finds that bank boards that reflect bank shareholders’ intecesdse bank risk-taking.
In contrast, greater CEO power reduces bank risk-taking. A commatiodology in this line of
research is to regress various measures of bank risk directly on corporate rgme/eanables.

Rather than focusing on a direct link between corporate gowernamd various risk
measures, we argue that corporate governance incentives afifikst baset choices, which
ultimately determines the level of risk in the organization. TDh&ious motivation for
investment in opaque assets is higher expected return. Howevegretiter investment in
opacity also leads to higher systematic risk and lower idiosynarsk because opaque assets
are difficult for investors to assess, which reduces their yabiliinalyze information particular
to a single firm (Morck, Yeung, and Yu, 2000). The resulting price sgnatity makes firms
more prone to crashes (Jin and Myers, 2006).

Our empirical methodology utilizes various measures of corpgmaternance to estimate

their effect on banks’ asset portfolios. We find that betweeryd¢les 2000 and 2009, banks

Y1see Kirkpatrick (2009). Alan Blinder writes “I refer to theym@se incentives built into the
compensation plans of many financial firms, incentives that enc®avagessive risk-taking with
OPM -- Other People's MoneywVall Street JournalMay 28, 2009.
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with relatively aggressive corporate governance held more opage¢s aban banks with
relatively conservative corporate governance. We then estihateffect of the marginal
increase in opacity on the banks’ systematic and systemic kg&.find strong evidence of
higher systematic risk, but the evidence on systemic risk is mixed.

The paper proceeds as follows. Section 2 discusses the théosditanship between
corporate governance and opacity, systematic and systekicSection 3 introduces the data
and variables. Section 4 provides the empirical results, and Section 5 concludes.

B. Corporate Governance, Opacity and Risk

Different corporate governance structures provide firms wiflerdnt incentives for risk-
taking. We focus on three of these incentive structures: incentigamant between
shareholders and managers, ownership structure, and board effectivenesse Af{uall, banks
that embed stronger shareholder incentives into managerial compemghltaperate with more
risk. Managers are typically risk-averse because, unlikeelsblalers, their human capital is
invested with the firm and they are not well diversified; consettyyemanagers will choose a
relatively low level of risk. But if compensation is heavily iglged towards aggressive
performance targets through bonuses or through stock and option compensatayersavill
act more in shareholder interests. Leaven and Levine (2009) findahlatrisk is significantly
higher in banks that have owners with large cash flow rights (@easla Owner controlled
banks exhibit higher risk-taking behavior than banks controlled by geamawith small
shareholdings. However, studies of the financial crisis find at heweak link between
compensation structures and bank risk. Fahlenbrach and Stulz (2010)ofieddence that
option compensation had an adverse impact on bank performance duringithe Thiey also

show that bank CEOs did not reduce their shareholdings in anticipatrar diiring the crisis,
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nor did they hedge their equity exposure. Similarly, Acrey, McCurabé Nguyen (2011) find
weak correlation between executive compensation focused on shogtigdiormance and bank
risk during the financial crisis.

In addition to compensation, strong bank boards with independent diresttotsd
encourage risk-taking because outsiders are, on average, more eéddisin inside owners.
Agrawal and Mandelker (1987) find that risk-taking and the degreenégerial control in non-
financial firms are inversely related. Adams (2009) finds th& banks that received TARP
funds had more independent boards. In addition to being more diversified, indedsvalent
members may lack the industry-specific banking knowledge necessargnitor the actions of
the CEO. Guerrera and Thal-Larsen’s (2008) study eight majofind8cial institutions and
find that two-thirds of directors had no banking experience. 8@ many of the directors
with little or no financial background sat on highly technical board citte®s covering audit
and risk. For example, before the crisis, Northern Rock had onlybb@od members with
banking experience, and at Bear Stearns, six out of thirteemotd&d@d no banking background.
At Lehman Brothers, only one board member had financial sector &dgel In a similar vein,
greater blockholder ownership and bank risk-taking should be positivelglated because
blockholders are typically well diversified institutional investors.

Board effectiveness can also vary by factors such as boad dassified boards,
cumulative voting, dual appointment of the CEO as board chairmanhampidsence of poison
pills, and golden parachutes. When a bank board is more effective, ttex,rbpresenting the
bank shareholders’ interests, shareholders prefer more risk talengeJand Meckling, 1976)
This is also consistent with Pathan (2009) that stronger bank boapdstexl by smaller board

size, and more independent directors are positively related to snkaking because bank
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shareholders have preferences for excessive risk to take advahtageal hazard derived from
incomplete debt contract and limited liability.

Banks are inherently opaque because they make loans to businessdsobaprivate
information. Morgan (2002) determines that the banking industry is opalgtieedo other
industries because the incidence of split ratings on bond issughés m the banking industry.
Opaque assets are more profitable than transparent assets (Jemesyeager, 2011A).
Consequently, it is reasonable to assume that banks with corporateaymee structures that
encourage risk-taking would hold more opaque assets than more conservativelycdgbaakse

Bank investments in opaque assets create more systemskti@amd potentially, more
systemic risk. In their seminal paper, Morck, Yeung, and Yu (2000)that stock prices
exhibit more synchronicity in poor countries than in rich economieausecthe dearth of
information makes it difficult for investors to trade on firm-gfie information. Jin and Myers
(2006) find that the cross-country variation in synchronicity ciflelifferences in opacity across
countries. Outside investors bear less idiosyncratic risk and systematic risk as opacity
increases. Moreover, stocks of more opaque banks produce largevenaggairns, and in
conjunction with increased price synchronicity, raises the likeliho@systemic market crash.
Vallascas and Keasey (2009) find similar results for the bankidgstry. Using earnings
management as a measure of opacity, Hutton, Marcus and Tehrani@h f{@@Q@hat opacity is
associated with higher systematic risk as measured by HRyequared values in market model
regressions. In addition, they find that opaque firms are more pa@tedk crashe¥Haggard

and Howe (2007) use the model of Jin and Myers (2006) to examine the relative opacity of banks

2They define the crash dummy variable as equal to one if theefiprriences one or more
firm-specific weekly returns falling 3.09 standard deviations welbe mean weekly firm-
specific returns for that fiscal year; otherwise, the crash dummy igaset equal to zero.
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and find that banks have less firm-specific information in theuitg returns than industrial
matching firms, consistent with banks being more opaque than industrial firms.
C. Data and Variable Descriptions

Our methodology consists primarily of 2SLS regressions where irfirdtestage we
regress measures of corporate governance on bank asset campdsié then regress measures
of systematic and systemic risk on the predicted loan compositestitoate the marginal effect
of corporate governance on bank risk.

Our sample consists of publicly traded U.S. bank holding companiess(Bi¢@veen 2001
and 2009 Quarterly financial data on the BHCs come from the Fedeeskrve FR Y-9C
reports. Because the reporting threshold for the FR Y-9C wsesiriom $150 million to $500
million in 2006, the sample includes only BHCs with more than $500 milliomflation-
adjusted assets in 2009 dollars. Stock market data come froGethter for Research in
Security Prices (CRSP). The sample includes 199 BHCs and 6692 bank-quarieatmioser

Loans and trading assets are a bank’s primary sources ofyopadie decompose loans
into commercial real estate loanSGML), residential real estate loanRHSL), and all other
loans OTHL). Trading assetsSTRADE are concentrated primarily in large banks; they consist
of securities and derivative instruments that a bank intends to bssllayn an ongoing basis.
Other opaque asset®THO) includes (1) mortgage-backed securities, including non-agency
issues, and (2) asset-backed securities, which include credlitecivables, home equity lines,
automobile loans, other consumer loans, and commercial and industrial th@dnare not
explicitly or implicitly guaranteed by a federal governmentieslaentity. Transparent assets

(TRANSP include cash, federal funds sold, securities purchased under agreements to resel

13 We refer to these entities either as “banks” or “BHCs” throughout the paper.
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Banks corporate governance data are hand-collected from DEF 14 giedements of
the annual meetings recorded in SEC’s EDGAR filing, and yedalya from RiskMetrics
(formerly IRRC) and Corporate Libraf§. Governance variables are chosen in part by data
availability. The merger of data from FR Y-9C, CRSP, and Corpd@eatvernance data results
in 133 BHCs over the period from 2001 to 2009.

We use ten variables to proxy for corporate governance. COME percentage of stock-
based compensation; INSID is the percentage of insider ownership;isNf@rcentage of block-
holding ownership, which is defined as more than 5% of total floatingshand B_Index, the
board index, is sum of seven dummy variables. Each of these seven dummy vayizikesree
when it signals aggressive board governance, and zero otherwiselyNboard size equals one
if the number of directors on the board is less than sample mediamnskdtis easier for smaller
boards to reach agreements. Board director independence equafstlomepercentage of
independent directors is more than the sample median. An independetdrdiras no existing
or former employment relationship with the bank or its immedetaly members and does not
have any significant business ties with the bank. Classified lBzprals one if the board is not
staggered; cumulative voting equals one if there is cumulativegyd@iEO duality equals one if
the CEO is not also the board chairman; poison pill equals one if the bank board has no provision
for poison pill; and golden parachute equals one if no severance agteeist that provide
cash and noncash compensation to senior executives upon an event sughiregide,
demotion, or resignation following a change in control. To contralferdelay in the impact of
corporate governance on bank performance and risk-taking, we applea@anégs of these

corporate governance variables — COMP, INSID, INST, and B_Index, in eahpasts.

specifically, hand-collected governance variables include dleddibard, board size, CEO
power, golden parachute, block-holder ownership, and poison pill.
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A composite of governance Index (“G”) is the sum of one pointherexistence of 24
provisions from five categories: delay, protection, voting, other, and. tatomposite index of
entrenchment is measured with the “E” index, based on six provistaggered boards, limits
to shareholder bylaw amendments, poison pills, golden parachutes, and gugrma
requirements for mergers and charter amendments.. Since G_inddX isd@x shrink the
sample size to less than 50 unique BHCs, they are reported only in summargsstatist

The regressions include several control variables. Creditisismeasured by non-
performing loans (NPL), which are loans more than 90 days past doe lenger accruing
interest. They are scaled by total assets. We expatchigher NPL leads to lower profitability
and a reduced ability to invest in opaque assets. The capwa|CatP) is defined as the ratio
of total equity to total assets. Because bank with more cdyzted more cushion to absorb
adverse shocks, we would expect banks’ performance during the ehsbsitively related to
the capital ratio. The ratio of liquid assets to total ad4€t) captures liquidity risk. Generally,
when trading assets are more liquid, markets function better. \¢owdyers and Rajan (1998)
argue that the unusually liquid nature of trading securities can ggathintended consequences
because it does not force the management of the institution to eredible commitments to
investment strategies that protect investors — a charadehiatiMorgan (2002) calls “slippery”.
The expected sign of liquidity is undetermined. The log of tos#tg&NTA) and square of the
log of total asset (SQLNTA) control for size differenceasoag banks that may affect their
performance. Return on average assets (ROA) is net incomeddiydaverage assets. We
expect higher ROA to be correlated with higher risk.

We also computed measures of systematic and systerkic Tise three Fama-French
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(1992) variables are used as risk proxies to calculate expected return in theé’model

Y =a+ fMKT, + ,SMB, + g;HML, + ¢; 1)

whereMKT is the daily equal-weighted CRSP index minus the risk friee $0MBis the Fama-
French daily size factor, andML is the Fama-French daily value factor. Following Morck,
Yeung, and Yu (2000) and Jin and Myers (2006), we measure stock markbtamicity by

Ras follows:

n n

. ssr Z-M-2(Y- \0(2)
SST S (Yi-Y)

Here, Réis the percent of the variation in the daily returns of each bastidck return

R

explained by variations in the U.S. market return, SSR is the susguafred bank return
variations, SST is the sum of squared total market return wasatand Yis each bank’s stock
return. It should be noted that the stock price synchronicity meiasumsuitable as a dependent
variable in OLS regressions because they are bounded withintéineals [0,1]. Therefore we
adopt a standard econometric remedy and apply the logistic traasiom of R to create phi as

in equation (3):

¢ = |Og(l_R|;2 j 3)

Measures of systemic risk from the “cross-default” perspedan broadly be separated
into two categories, one based on a structural approach using eomtah@ms analysis of the

financial institution's assets, and the other on a reduced form appi@acsing on the tail

1Betal is the coefficient of market factor in CAPM that appiiesthree-factor Fama-French
(1992).R? is the part of stock return explained by market return foh &4C by each quarter.
® is log-transformed®.
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behavior of financial institutions' asset returns. In the ¢as¢gory, the limited liability of banks

and presence of a negative externality of one bank’s failure dredih of other banks give rise
to a systemic risk-shifting incentive where all banks undertakeelated investments, thereby
increasing economy-wide aggregate risk.

Lehar (2005) proposes a risk management approach to estimaprotiability of a
simultaneous default of several banks by using stock-market iafiorm The second category
applies to the asset correlation. Acharya (2009) modeled systeski@as the endogenously
chosen correlation of returns held by banks. Huang, Zhou and Zhu (2009) nsyasemac risk
by the price of insurance against financial distress, basedxoant® measure of default
probabilities of individual banks and forecast asset return coomati Specifically, they use
realized correlations estimate from high-frequency equityrmetand their results suggest that
the theoretical insurance premium that would be charged to proi@cisalosses that equal or
exceed 15% of total liabilities of 12 major US financial firms.

We construct two measures of systemic risk. The firghasratio of the bank return’s
skewness over the market return’s skewness (a relative esasmeasurement). Following Jin
and Myers (2006), crash likelihood measurement is defined as theedewf residual returns,
i.e., third moment of each stock’s residual returns divided by thedcstamdard deviation.
Hutton, Marcus, and Tehranian (2009) measure crash as an indicattevadgaal to one if
within its fiscal year a firm experiences one or more fmecific weekly returns falling 3.09 or
more standard deviations below the mean firm-specific weeklynrétuits fiscal year and equal
to zero otherwise. In this paper, we construct the ratio of betnkrskewness to market return

skewness to capture the relative crash frequency.
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We also construct the M3T_CORR as the second systemic risk measuremenCQIRH
is defined as the asset weighted correlation composite of aaktstthird moment OLS residual
(M3T) with all other banks in the sample. The third moment @stdual is asymptotically
distributed as a normal random variable with mean 0 and varianceiwie$ cubed second
moment, defined as Mdivided by N. The Coelli (1995) M3T statistics is superior toahd
Myers (2006) simplified statistics because the M3T stasisis asymptotically normalized.

Specifically,

M3T = M3 /{6M3/N  (6)

Instead of focusing on the “contemporaneous-default probability” as the skeath@sthe
M3T correlation emphasizes the “cross-default probability”, itee,contagion of bank failure.
The correlation of M3T is measured as follows and each bank islatald a M3T correlation
composite weighted by other correlating banks’ asset size.

pmst = Correlation of M3T across banks (7)

Table 1 describes the bank financial variables, market vasjabteporate governance
variables and control variables. The statistics show that banke isample have substantial
variation. The mean inflation-adjusted asset size of sabaplkes is $35.5 billion while median
asset size is $2.5 billion. On average, loans represent two-thitdtglb&ssets. The components
in the loan portfolio COML, RESL andOTHL represent 22%, 18%, and 26% of total assets

respectively. OPATRAand TRADE are27% and 0.6% of total assets. Because the majority of
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banks in the sample hold no trading assets, the level of opaque tesdieis varies widely
across banks from zero to 33%. Average transparent asset is 68tmme banks, ranging
from zero to 59%.

All financial variables have wide ranges. For instaagerage ROA is 0.88% during 2001
and 2009 and it ranges from -38.97% to 21.43%. LIQ ranges from 0.36% to é@%hea
average NPL from 0.04% to 0.37%. . Corporate governance varialdesxaibit large cross-
sectional differences. Median management ownership is 7.8% andesrang zero to 94%.
The percentages of sample banks with CEO duality and golden pascmtat61% and 81%,
respectively. Sample banks hold on average 14 board members, 728sdfed board, and
mean outside independent directors is 85% which ranges from 43% to 10@¥ianMblock-
holders ownership is 25%, ranging from zero to 96%. Finally, timel& medium is 3 with a
minimum of 0 (strong governance) and maximum of 6 (weak governance).

The medianR? of the sample is 27.3% and it ranges from zero to 82%. The log
transformed??, ®, has mean of -1.436, from -8.9 to 1.48. The skewness ratio has the@inean
-0.048 and ranges from -45.05 to 66.45. The average of M3T_CORR is 0.09 arslfrange
-0.27 to 0.63. Figure 1 plots the distribution ®f return skewness, skewness ratio, and
M3T_CORR, respectively. This sample shows a high degree of comiemiof R* around zero
to 0.04, and log-transformé®f (@) is negatively skewed with average mean of -1.42.

Figure 2 shows the propensity to crash using the skewnessdfalesas the measure of crash
likelihood as in Jin and Myers (2008§.A crash is defined as a negative outlier in a firm’s

residual return. Lower values for skewness mean more negative outlieesdistribution of

18 Sample has a positive skewness when the right tail is lofrgemass of the distribution is
concentrated on the left of the figure. It has relatively feyih vialues. The distribution is said to
be right-skewed.
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Table 1: Summary Statistics of BHCs

This table shows summary statistics of 199 bank holding companiesinfidtion adjusted
assets (TA) greater than $500 million. Financial variables aia from quarter-end FY Y-9C,
expressed as a percent of total assets. LOAN is the rataabfioan to total assets; COML is
commercial real estate loans; RESL is residential r&takes loans; OTHL are all other loans;
and OTHO are other opaque assets. TRADE is trading asgets. tbtal inflation-adjusted
assets in thousands USD. TRANSP is the % of transparent $eting cash, federal funds
sold, securities purchased under agreement to resell, guaranteethd\F5'M securities. ROA
is net income over total asset. LIQ is the ratio of all liqagdets to total assets. NPL is the non-
performing loans to total assets. CAP is the ratio of avezggéy to average asset. Market
return data is collected from CRSPZ,Rhe part of stock return explained by market return in
CAPM that applies the three-factor Fama-French (1992) fdr B&C by each quarter is log
transformed into Phi. Skew ratio is defined as the ratio of eadk l@ding company’s return
skewness to the market return skewness by quarter. M3T_COR$as weighted correlation
composite of each bank’s M3T with all other banks in the sample. Gdepgovernance data is
hand-collected yearly data from Proxy Statement, Risk-nsetaied Corporate Library. COMP
is the percentage of stock-based compensation. INSID is thenpsge of insider ownership.
INST is percentage of block-holding ownership which is defined a% ri@n 5% of total
floating shares. B_Index is the sum of seven dummy variablesd Isize, board director
independence, classified board, cumulative voting, CEO ownership, poisomangiligolden
parachute. Each of the seven dummy variables equals one in favarngf Istrard governance
and zero otherwise. Governance Index (“G”) Gl is sum of one pointhe existence of 24
provisions from five categories: Delay, Protection, Voting, Other Sate. Entrenchment Index,
El, is based on six provisions: staggered boards, limits to sharebglderamendments, poison
pills, golden parachutes, and supermajority requirements for mergers and @imeneiments.

Variable N Mean Median Maximum Minimum StdDev
LOAN 6692 0.66 0.68 0.93 0.04 0.14
COML 6692 0.22 0.21 0.81 0.00 0.16
RESL 6692 0.18 0.18 0.58 0.00 0.10
OTHL 6692 0.26 0.22 0.85 0.00 0.16
OTHO 6661 0.27 0.25 0.99 0.00 0.12
TRADE 6661 0.01 0.00 0.33 0.00 0.03
TRANSP 6692 0.07 0.05 0.59 0.00 0.08
TA 6692 3.55<10" 2.53x10° 2.361x10° 4.9%10° 1.84x10°
ROA 6692 0.88 1.09 21.43 -38.97 1.89
LIQ 6692 1.65 0.325 6.20 0.04 0.32
NPL 6692 0.01 0.01 0.37 0.00 0.01
CAP 6692 0.09 0.09 0.80 0.00 0.05
RSQ 6692 0.27 0.27 0.82 0.00 0.20
PHI 6692 -1.44 -1.00 1.49 -8.94 1.53
SKEW RATIO 6692 -0.05 -0.05 66.45 -45.05 4.69
M3T_CORR 6692 0.09 0.08 0.63 -0.27 0.16
COMP 2744 0.57 0.58 1 0 0.24
INSID 2744 0.12 0.08 0.94 0 0.13
INST 2744 0.14 0.09 1 0 0.30
B_INDEX 2744 2.82 3 5 1 1.21
Gl 1936 9.33 9 15 2 2.95
El 1704 3.10 3 6 0 1.45
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residual returns. It is evident from the figure that there is a high likelihoodrash after 2007.

The sample statistics of financial variables vary widely ewee as shown in Table 2. As
expected, ROA falls sharply from 2001 to 2009 from 1.2% to 0.2% and NPL ddéudrte.5%
to 1%. Banks hold more loan and opaque trading assets over time. &jstesk as measured
by @ rises over time and idiosyncratic risk declines. The skewdatibnes while M3T_CORR
increases significantly. Average bank systematic risk angdhsentage of opaque asset over
time is presented in Figure 3. It is apparent from the fitjusie opaque asset investment and
bank systematic have the same upward. In contrast, corporate g@eepraxies are time-
invariant variables and do not change significantly over time.

In Table 3 is a correlation matrix of the key variables. Tbgelations for all key
variables used in the study exhibit some notable patterns. Langkes bath higher systematic
risk tend to have a higher percentage of stock-based compensasomaleagerial ownership,
less block-holder ownership, and stronger board governance. The skesatieshas the
opposite relationship with the corporate governance variables astexpd he transparent asset
ratio is significantly negatively related with opaque asseis trading assets. Stock-based
compensation is positively related with trading assets and masteobpaque assets. Inside
ownership and block-holder ownership are negatively correlated with-bsed compensation.
In general, banks with more stock-based compensation, less insidesloywnkess block-holder

ownership, and more effective board structure generally choose more opaquedntsestm

YIt is suggested in Pathan (2009) that the estimation method of Iet®mnship between
corporate governance and bank risk-taking should be generalizedgaeast random effect (RE)
instead of fixed effect (FE). Stable corporate governanceblesi@annot be estimated with FE
regression as it would be absorbed or wiped out in “within transfamair ‘time-demeaning’
process of FE. We tested FE in robustness checks and the results are consistent
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Figure 1A: Distribution of @

This figure plots the distribution of log transformed, B, over 6,692 quarterly observations.
Here, Ris the percent of the variation in the daily returns of each bané¢k return explained
by variations in the U.S. market return. Stock price synchrgniogasure is unsuitable as
dependent variables in regressions because they are bounded withintetivals [0,1].
Therefore we adopt a standard econometric remedy and applyiclogetsformations in
equation. Specificallyp is defined as follows.
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Figure 1B: Distribution of bank return skewness

This figure plots the distribution of bank return skewness, over 6,692 dyabservations.
Skewness is defined as the third moment of each stock’s residual returnews. foll

E[(R - #)°]

skewness = ———L 7 -
EI(R, - )]
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retskewness
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Figure 1C: Distribution of Skewness Ratio

This figure plots the distribution of bank return skewness ratio, over 6,69&eidya
observations. Skewness ratio is a relative crash risk measuretaeéned as the ratio of bank
return’s skewness over market return’'s skewness.

bank_retur_skewness

skewnessatio=
market_reirn_skewrss

“ s N .
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skewratio

Figure 1D: Distribution of M3T_CORR

M3T_CORR is defined as the asset weighted correlation compbsiteh bank’s third moment
of OLS residual (M3T) with all other banks in the sample. Tirel tmoment of OLS residual is
asymptotically distributed as a normal random variable with n@eand variance of “6 times
cubed M2 divided by N". i.eh./l,3T M,

~ Jom 3IN
Further, the M3T correlation emphasizes the “cross-default prayabile., the contagion of
bank failure. The correlation of M3T is measured as follows and each bamhtuistesl a “M3T
correlation composite” weighted by other correlating banks’ asset size.
pmat = Correlation of M3T across banks

T
-0.26 -0.18 -0.1 -0.02 0.06 0.14 0.22 0.3 0.38 0.46 0.54 0.62



Figure 2: Propensity of Crash Increase over Years

Figure 2 graphs the propensity to crash using the skewnessdufatesas the measure of crash
likelihood as in Jin and Myers (2006). A crash is defined as atimegautlier in a firm’s
residual return. Lower values for skewness mean more negativersutlithe distribution of
residual returns. It is evident from the figure that there is a high likelihoodrash post 2007.

Propensity of crash data skewyr

propensity_crash
a4

2001 2002 2003 2004 2005 2006 2007 2008 2009

year

Figure 3: Bank Log-transformed R?and Opaque Investments Increase Over Years

Average bank systematic risk and the percentage of opaque asg@nevsmpresented in Figure
3. Banks hold more loan and opaque trading assets over time. Alsmatystrisk as measured
by @ rises over time.

mphi mopa
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0.940
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0.936
0.934
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0.930
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Table 2: Summary Statistics of BHCs by Period Subsamples

This table lists summary statistics of subsamples decompospdriogl and quintile bank size. Samples are pre-crisis period from

2001 to 2006 and post crisis period from 2007 to 2009. Samples are further quintile-decomposemmploskr by bank asset size.
All variables are defined in Table 2.1

Asset Composition Control Variables Ret] Risk [Lwate Governance
LOA Skew_  M3T
TA N COML RESL OTHL OTHO TRADE TRAN LIQ NPL CAP ROA RS Phi R Corr COMP  INSID INST BI Gl El

mean 2.92x10 | 0.64 0.26 0.18 0.20 0.27 0.00 0.08 2.15 0.01 0.04 1.22 0.24 -1.61 0.02 0.05 0.58 0.12 0.14 2.73 9.612.92
§ 5th 6.37%x10° | 0.39 0.04 0.02 0.04 0.11 0.00 0.00 0.15 0.00 ood 430 0.01 -4.52 -6.00 -0.19 0.14 0.011 0.00 1.00 04.0 0.00
z 25th 1.0%x10° | 0.59 0.17 0.11 0.13 0.19 0.00 0.03 0.25 0.00 004 950 0.08 -2.51 -1.40 -0.03 0.43 0.04 0.05 2.00 8.002.00
§ median 2.21x1¢° | 0.67 0.24 0.18 0.19 0.26 0.00 0.05 0.35 0.00 004 201 0.23 -1.20 -0.02 0.03 0.58 0.08 0.09 3.00 9.503.00
e 12.0
;g 75th 6.83x10° | 0.73 0.35 0.24 0.25 0.33 0.00 0.09 0.46 0.01 01d 471 0.38 -0.49 1.24 0.15 0.79 0.14 0.15 4.00 0 4.00
5] 14.0
g 95th 8.46x10' | 0.82 0.53 0.35 0.39 0.47 0.02 0.24 0.85 0.01 014 971 0.56 0.23 6.04 0.32 0.93 0.37 0.39 5.00 0 5.00

Std Dev. 1.44<10° | 0.14 0.14 0.10 0.10 0.13 0.03 0.09 39.14 0.00 0.04 0.91 0.18 1.49 4.89 0.15 0.24 0.13 0.37 1.22 2.88 431

N 4526 1425
& | mean 48710 | 0.68 0.14 0.17 0.37 0.25 0.01 0.06 0.62 0.01 0.14 021 0.33 -1.08 -0.19 0.06 0.57 0.11 0.15 2.96 9.35 3.73
§ 5th 8.68<10° | 0.42 0.00 0.03 0.08 0.10 0.00 0.00 0.12 0.00 0.0 -2.81 0.02 -4.15 -6.77 -0.19 0.20 0.011 0.00 1.00 4.00 002.
5 25th 1.62¢<10° | 0.64 0.02 0.11 0.21 0.18 0.00 0.02 0.20 0.00 o.04 0.18 0.13 -1.94 -1.86 -0.04 0.44 0.04 0.06 2.00 8.00 03.0
o
& | median 32m1¢f | 071 0.04 0.17 0.41 0.24 0.00 0.04 0.28 0.01 0.04 0.73 0.36 -0.57 -0.11 0.04 0.58 0.07 0.12 3.00 9.00 4.00
2 11.0
% 75th 9.34x1¢° | 0.76 0.25 0.23 0.51 0.30 0.00 0.07 0.39 0.02 0.1 110 0.51 0.02 1.44 0.15 0.72 0.13 0.20 4.00 0 5.00
=) 14.0
§ 95th 1.26<10° | 0.84 0.49 0.32 0.65 0.45 0.03 0.20 0.72 0.05 0.13 L.70 0.65 0.62 5.90 0.32 0.93 0.32 0.47 5.00 0 5.00
e Std Dev. 2.4%10° | 0.13 0.17 0.09 0.19 0.12 0.03 0.07 3.46 0.02 0.04 289 0.21 1.54 4.27 0.15 0.22 0.11 0.15 117 2.81 1.26

N 2166 1319
Diff. of Mean b/w sub-periods 0.04 -0.13 -0.01 0.17 -0.02 0.00 -0.02 -1.53 0.01 0.01 -1.01 0.09 052 0.2k 0.01 -0.01 -0.01 0.02 0.22 -0.26  0.81
S Ig n ificance Fkk *k Kkk Kkk Kk ek Fkok Kkk ] Kkk * Fkok e Fkk Fkk Fkk
Eéf:iodgf Median bjw sub- 0.04 -0.20 -0.01 0.21 -0.03 0.00 -0.0 -0.07 0.00 .010 -0.47 0.13 0.63 -0.09 0.01 0.00 0.00 0.04 0.00-0.50 1.00

ok otk ook N ok ok ok ok ook . * ok otk *k ook

Significance

ok 3




D. Empirical Tests and Analysis

To motivate a bank’s rationale for holding opaque assets, weeéitishate the effect of
opacity on bank profitability for the years 2001 through 2009. Table sepi® results from
regressing ROA on asset composition. Panel A lists rdsultke full sample, Panel B includes
the boom years 2001-2006, and Panel C includes the financial @ais 007-2009. The
overall results in Panel A show a positive relationship betweetitg@nd profitability, though
the results are somewhat mixed. The coefficient on the percesitagenmercial real estate is
positive but statistically insignificant, and the coefficient on otlmans is negative and
significant. The mixed results seem to be due to the diffaffagts of opacity on ROA in the
boom years and the crisis years. Panel B, which reflects the yeanrs, shows a consistently
positive relationship between opacity and ROA, thought the coefscaanbther loans and other
opaque assets are insignificant. Similarly, the coefficientgansparent assets are positive but
insignificant. During the crisis years, opaque assets haaofitgility. The coefficients on
commercial real estate, residential real estate, and tbhes are all negative, while the
coefficient on transparent assets is positive and significane r@sults overall indicate that
opacity boosts profitability when the economic and real estate markestiscarg.

Next we estimate the effects of various corporate governiaiceatives on bank asset
composition. Table 5 shows the results from regressing conaneal estate loans, residential
loans, other loans, other opaque assets, and transparent assets. Wemexpeaggressive
corporate governance to lead to greater investment in opaque asssé&xjuently, we expect the
coefficients on stock-based compensation, institutional ownership, and board index toibe posit

when regressed against commercial real estate, residential at@) astl other opaque assets.
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Table 3: Correlation Matrix

This table shows the correlation matrix of sample variabled. vakiables are defined in Table 2.1. *, ** *** denote
statistical significance of at the 0.1, 0.05, and 0.01 level respectively.

29

COML RESL OTHL OTHO TRADE TRANSP LIQ NPL CAP ROA RSQ g};llzg/v COMP INSID INST Bl
COML 1
RESL -0.15 1
OTHL -0.63 -0.19 1
OTHO -0.23 -0.15 -0.27 1
TRADE -0.23 -0.08 -0.07 -0.03 1
TRANSP -0.19 -0.19 -0.14 -0.15 0.27 1
LIQ -0.24 -0.22 -0.24 0.58 0.14 0.4 1
NPL -0.26 -0.08 0.45 -0.2 -0.03 -0.02 -0.1 1
CAP 0.08 -0.08 0.12 -0.08 -0.19 -0.12 -0.24 -0.08 1
ROA 0.22 0.06 -0.35 0.14 0.00 0.01 0.04 -0.61 0.09 1
RSQ -0.14 0.04 0.05 0.04 0.1 0.02 0.03 -0.09 0.14 006 1
SKEWRATIO -0.06 0.02 0.06 -0.04 0.02 0.02 -0.01 -0.03 -0.03  0.0: 0.02 1
COMP -0.05 -0.07 -0.04 0.04 0.32 0.05 0.11 -0.06 -0.03 .060 0.14 -0.03 1
INSID 0.06 -0.17 0.02 0.01 -0.08 0.05 -0.04 0.07 -0.04 .040 -0.16 0 -0.06 1
INST 0.04 -0.03 0 0 -0.08 -0.01 -0.01 0.04 0.05 -0.03 .060 0 0.01 0.28 1
Bl -0.01 -0.04 -0.04 0.01 0.16 0.07 0.01 0.06 -0.02 .030 0.04 -0.03 -0.07 0.29 0.1 1




Table 4: Regressions of ROA on Bank Assets

Panel A lists results for the full sample, Panel B includedbtuen years 2001-2006, and Panel
C includes the financial crisis years 2007-2009. ROA is net intomeerage assets. Financial
variables data are from quarter-end FY Y-9C, expressed asenpefdotal assets. LOAN is
the ratio of total loan to total assets; COML is commereial estate loans; RESL is residential
real estate loans; OTHL are all other loans; and OTHOo#rer opaque assets. TRADE is
trading assets. TA is total inflation-adjusted assets in thouddB8@s TRANSP is the % of
transparent assets including cash, federal funds sold, secpiitigsased under agreement to
resell, guaranteed AFS and HTM securities. ROA is net incometaat asset. LIQ is the ratio
of all liquid assets to total assets. NPL is the non-perfayrfoans to total assets. CAP is the
ratio of average equity to average asset. LN(TA) is natagabf total assets. SQLN(TA) is
square of LN(TA). *, ** ***denote statistical significance of at tBel, 0.05, and 0.01 level
respectively.

Dependent Variable ROA
Panel A Panel B Panel C
OLS 2001-2009 2001-2006 2007-2009

Intercept -0.416 -3.532 ok 4.314

COML 0.102 0.321 rohk -0.903 ok

RESL 0.514 rrk 0.497 wohk -0.284

OTHL -0.384 ** 0.037 -0.935 kX
OTHO 0.343 ** 0.049 0.912 ok
TRANSP 0.426 ** 0.095 1.642 kX
LIQ -0.001 * -0.001 rork -0.007
CAP 14.687 rhk 14.095 wohk 15.332 okx
NPL -59.950 rhk -36.385 rork -60.595 kX
LN(TA) -0.034 0.320 rork -0.536
SQLN(TA) 0.002 -0.008 rohk 0.015
Year Dummy: Yes
District Dummy: Yes
N 6692 4526 2166
Adj R-Sq: 0.405 0.546 0.343
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Table 5: Regressions of Bank Assets on Corporate Governance Variables

This table shows the results from regressing commer@héstate loans, residential loans, other
loans, other opaque assets, and transparent assets, respectivalgedrctaporate governance
variables. Full sample results are in Panel A and the subssuaui@ in Panels B and C. *, **,
***denote statistical significance of at the 0.1, 0.05, and 0.01 level respectively.

Panel A

2001-2009
Dependent Variable COML RESL OTHL OTHO TRANSP
Intercept 0.538  *** .0.244 * -0.532  *=** (0.286 @56 ook
L _COMP 0.002 0.033 *x - 0.017 * 0.017 **  -0.004
L_INSID 0.015 0.038 **0.018 -0.006 0.011
L_INST 0.029  *=* 0.008 * -0.036 *** 0.000 0.000
L_BI -0.003 **  0.005 % .0.010 ** 0.009 ** 0.000
LIQ -0.035 ** .0.063 ** -0.077 *** 0.111 % 0.054 ik
CAP 0.097 -0.747  *=* 0.512 ** - .0.006 0.165 bl
NPL -0.207 -1.032 ¥+ 2012 ** - .0.870 *x - 0.094
LN(TA) -0.033 0.062 ** 0,105 *x o .0.022 -0.112 bl
SQLN(TA) 0.000 -0.002  ** -0.003 *** (0.001 ** 0.003 bl
Year Dummies: Yes
Dist. Dummies: Yes
R-Square 0.655 0.334 0.653 0.499 0.245
N 2744
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Panel B

2001-2006
Sgﬁggﬁ;“t COMMREAL RESREAL  OTHLOAN OTHO TRANSP
Intercept 0.832 Fokk -0.461  ** -1.362 % 0.489 *x 5500 okk
L_COMP 0.019 0.012 *x -0.005 0.014 -0.017 ok
L_INSID 0.031 -0.002 -0.010 0.000 -0.018
L_INST -0.002 0.011 * -0.010 * 0.004 -0.002
L_BI -0.004 0.008 **x o -0.011 % 0.008 ko -0.001
LIQ -0.066 ***  -0.060 *** -0.024 ** 0.091  ** 0.059  ***
CAP 0.763 ** -0.936 ** 0313 ** -0.290 ** 0.199
NPL -2.403  ** 1.492 ™ 0437  * 3835 v 4797 wm
LN(TA) -0.041 0.094  ** 0162  ** -0.047 * = -0.169
SQLN(TA) 0.000 -0.003 ** -0.004 ** 0.002 ** 0.005 = *
Year  Dummies:
Yes
Dist. Dummies:
Yes
R-Square 0.555 0.378 0.506 0.513 0.353
N 1425

Panel C

2007-2009
Dependent Variable| COMMREAL RESREAL ~ OTHLOAN  OTHO T RANSP
Intercept 0.728 -0.084 -0.413 ~* 0.203 0.599  ***
L_COMP 0.004 -0.055 *** (0.065 e -0.005 -0.006
L_INSID 0.006 -0.097 ** 0.033 -0.010 0.074  ***
L_INST 0.059  *** 0.000 -0.059 **  (0.000 0.004
L_BI -0.003 0.004  * -0.008 ** 0.006 *** 0.001
LIQ -0.021 -0.048 ** -0.111 **  0.149 0.032  **
CAP -0.102 -0.589 *** (0.360 ** 0.112 0.192  **
NPL -0.111 -0.974 ¥+ 1673 *** -0.793 ** (0.159 *
LN(TA) -0.063 ** 0.042 ** 0.105 **  -0.015 -0.072 *
SQLN(TA) 0.001 =* -0.001 ~* -0.003 **  0.001 0.002  ***
Year Dummies: Yes
Dist. Dummies: Yes
R-Square 0.704 0.33 0.646 0.56 0.182
N 1319
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The same coefficients on insider ownership should be negative. Astexpine results for the
full sample and the boom period indicate that more aggressive cergratrnance leads to
higher investments in residential loans and other opaque asset$ovardinvestments in
transparent assets. Corporate governance seems to haveffeitke however, on commercial
real estate.

Previous research has documented a strong correlation betwegune opssets and
systematic risk. We confirm this relationship for our bank sarbpleegressing phi on asset
composition. As expected, the results in Table 6 over the full seshple that commercial real
estate, residential real estate, other loans, other opaque agsatk positively correlated with
phi while transparent assets are negatively correlated.

We are interested in capturing the marginal effects gfozate governance on systematic
risk. To do so, we use a 2SLS procedure where we first re@esisc@mposition on corporate
governance. Those results are in Table 5. In the second staggjress nghi on the predicted
asset composition from the first stage. The second-stage results aréeiid.Tab

Full sample results show that the predicted residential loadsother loans increase
systematic risk, but commercial real estate loans and other opaque edisetssyystematic risk.

We are also interested in capturing the marginal effectsogborate governance on
systemic risk. The first set of results in Tables 8 and 9heseskewness ratio as the measure of
systemic risk. Table 8 regresses the skewness ratio on basks’ a@mposition. We expect
opaque assets to be correlated with a left-hand skew so tleatettfieients are negative. Indeed

all the asset composition variables except transparent assets areeniegahie full sample.
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Table 6: Regressions of® on Bank Assets

The dependent variable ds the log-transformed R-square. All other variables are defised
previous tables. *, ** ***denote statistical significance of at th&, 0.05, and 0.01 level
respectively.

Dependent Variable (0]
Heteroskedasticity-Consistent WLS

2001-2009 2001-2006 2007-2009

Intercept -44.745 ok -45.373 -46.510

COML 0.190 bl 0.222 o 0.059

RESL 0.196 * 0.206 0.084

OTHL 0.700 ok 0.286 * 0.528 ok

OTHO 0.190 ok -0.128 -0.108

TRANSP -0.504 ok -0.174 -0.563 *k

LIQ -0.001 0.000 0.003

NPL 2.400 ok 1.728 ok 2.125 ok

CAP -9.409 ok -18.477  * -12.044  w*

LN(TA) 4.950 ok 4.984 ok 5.114 ok

SQLN(TA) -0.137 il -0.140 ok -0.139 ok

Year Dummy: Yes

District Dummy: Yes

N 6692 4526 2166

Adj R-Sq 0.42 0.43 0.45
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Table 7: Regressions o on Predicted Bank Assets

This table is the second-stage regression®ofon predicted values of opacity
measurements computed from the regression in Tabl® % the log-transformed R-
square of stock return explained by market return in CAPM thaltes the three-factor

Fama-French (1992).

All other variables are defined as in queviables. *, **

***denote statistical significance of at the 0.1, 0.05, and 0.01 level respectively.

Dependent Variable D
Panel A Panel B Panel C
2001-2009 2001-2006 2007-2009
Intercept -7.893 rrk -1.658 -18.541 *kk
COML -0.859 rkk -0.954 * 1.521 ok
RESL 1.101 ok 1.265 ok 0.360
OTHL 1.432 rkk -0.289 0.235
OTHO -0.962 ** -1.322 ok 0.905
TRANSP -0.712 1.301 -3.020 *
LIQ 0.254 ek 0.036 0.047
CAP 5.800 il 2.611 5.025 ek
NPL -14.902 ok -7.797 -12.189 ok
LN(TA) 0.722 ek 0.046 1.875 ok
SQLN(TA) -0.019 il -0.001 -0.049 rkk
Year Dummies: Yes
Dist. Dummies: Yes
Adj R-Sq 0.12 0.17 0.28
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Table 8: Regressions of Skewness ratio on Bank Assets

Skewness ratio is defined as the ratio of each bank holding cgtapaturn skewness to
All other variablesiefined as in previous

the market return skewness by quarter.

tables.
respectively.

* ¥ ***denote statistical significance of at the 0.1, 0.05, and OQ#l |

Dependent Variable

Skewness Ratio

Heteroskedasticity-Consistent WLS

2001-2009 2001-2006 2007-2009

Intercept -0.021 3.404 -5.198
COML -0.366 0.290 -0.913
RESL -1.408 i -1.124 **1 -1.639 **
OTHL -1.891 0.888 0.727
OTHO -0.802 *k -0.811 -0.795
TRANSP 0.684 0.757 0.794
LIQ 0.002 0.002 0.006
NPL 0.699 0.577 0.316
CAP -9.753 * -9.470 -12.356 b
LN(TA) -0.079 -0.590 0.659
SQLN(TA) 0.003 0.020 -0.020
Year Dummy: Yes
District Dummy: Yes

N 6692 4526 2166

Adj R-Sq 0.06 0.08 0.16
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Table 9 captures the marginal effects of corporate govegnan skewness. The table
reports the second stage regression of skewness on predictedoasgesition, which comes
from the first-stage regressions in Table 5. The resultsixed. First, none of the coefficients
is statistically significant. Second, the coefficient ondestial loans is positive, opposite of
what we would expect.

We also measure systemic risk with M3T, the cross-defaui¢lation of each. Table 10
regresses M3T on bank asset composition. We expect coeffiorerte opaque assets to be
positive, which they are with the exception of commercial real estate.

The marginal effects from corporate governance on crosettetarelation are captured
by a second-stage regression of M3T on predicted asset vahlirasted from Table 5. The
results are mixed with the coefficient on commercial retdte positive and significant, but the
coefficient on residential real estate negative and insignifickmsum, the results fail to show a
strong relationship between corporate governance and systemic risk.

E. Conclusion

This paper examines the chain effect of bank corporate goveroanihe choice of bank
opacity, which then affects systematic risk and systemic ridle find that a bank’s asset choice
including investments in opaque assets are influenced by corgorsenance mechanism such
as managerial incentive design, inside ownership, and board stru@ndeshie asset choices
made by managers under the influence of corporate governance interarhanpact on the
systematic risk borne by investors and the systemic risk bortieelsociety. Two main results
are found in this essay. First, bank influenced by corporate governancefic8ibgdbanks with
higher percentage of executive stock-based compensation, lower imsuership, lower

percentage of block-holder ownership, and more effective boards, are moredikelgst in
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Table 9: Regressions of Skewness ratio on Predicted Bank Assets

This table shows the second stage regression of the skewnessirptedicted values of opacity
measurements from the regression results in Table 2.5. The skeatessdefined as the ratio
of each bank holding company’s return skewness to the market rkwness by quarter. All
other variables are defined as in previous tables. *, ** ***denot#sstal significance of at
the 0.1, 0.05, and 0.01 level respectively.

Dependent Variable Skew_Ratio
2nd stage of 2SLS 20012008 20012006 20072000

Intercept -1.986 3.801 1.585
COML -2.001 -3.810 1.119
RESL 4.138 4.352 4.878
OTHL -1.216 0.363 -2.236
OTHO -1.829 0.394 -6.769
TRANSP 0.909 -1.299 3.008
LIQ -0.040 -0.240 0.822
CAP -7.258 -9.931 -0.621
NPL -10.357 -49.410 -11.465
LN(TA) 0.370 -0.107 -0.074
SQLN(TA) -0.010 0.003 0.002
Year Dummy: Yes
District Dummy: Yes
N 2744 1425 1319
Adj R-Sq 0.05 0.05 0.13
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Table 10: Regressing M3T_CORR on Bank Assets

M3T_CORR is the asset weighted correlation composite of eachsbdmid moment of OLS
residual (M3T) with all other banks in the sample. All other vaeslalre defined as in previous
tables. *, ** ***denote statistical significance of at the 0.1, 0.05, and 0.01 level respgctivel

Depencent M3T_CORR
Heteroskedasticity-Consistent WLS
2001-2009 2001-2006 2007-2009

Intercept 1.248 1.621 1.548 *kk
COML -0.024 0.017 -0.058
RESL 0.118 ** 1 0.120 ** 1 0.091 ok
OTHL 0.027 * -0.093 0.050 *
OTHO 0.110 * 0.116 -0.051
TRANSP 0.044 -0.073 -0.033
LIQ 0.016 *** 1 0.014 * 0.026 ek
NPL 0.006 0.062 -0.157 *
CAP -0.565 ** | -3.490 ** [ -0.526 *
LN(TA) -0.193 *xx o 1.0.246 *xx o 1.0.226 ok
SQLN(TA) 0.008 **x 1 0.009 ** 1 0.008 ok
Year Dummy: Yes
District  Dummy:
Yes
N 6692 4526 2166
Adj R-Sq 0.33 0.40 0.38
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Table 11: Regressing M3T_CORR on Predicted Bank Assets

This table is the second-stage regression of M3T_CORR on predaiges of bank assets
derived from Table 2.5. M3T_CORR is the asset weighted correlation compufositeh bank’s
third moment of OLS residual (M3T) with all other banks in the sampAll other variables are
defined as in previous tables. *, ** ***denote statistical significaotat the 0.1, 0.05, and
0.01 level respectively.

Dependent Variable M3t corr
Panel A Panel B Panel C
2nd stage of 2SLS 2001-2009 2001-2006 2007-2009
Intercept 1.859 *hk 3.226 *kk 1.208 *kk
COML 0.335 il 0.308 e 0.201 *
RESL -0.045 0.024 -0.021
OTHL 0.140 -0.124 0.025
OTHO 0.237 e 0.325 ok -0.059
TRANSP -0.387 il -0.485 il -0.147
LIQ 0.015 0.020 0.023
CAP 0.684 e 1.366 e 0.023
NPL 0.705 * -8.658 ok -0.228
LN(TA) -0.281 i -0.453 i -0.189 i
SQLN(TA) 0.010 il 0.016 il 0.007 il
Year Dummy: Yes
District Dummy: Yes
Obs 2744 1425 1319
Adj R-Sq 0.37 0.41 0.13
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opaque assets and to take higher level of risks. Secondly, bank opa&tydogenously
influenced by corporate governance. Specifically, banks with higheemage of executive
stock-based compensation, lower insider ownership, lower percentagelohblder ownership,
and more effective boards, are more likely to invest in opaquesass® to take higher level of

risks.
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Do Credit Rating Agencies Sacrifice Timeliness by
Pursuing Rating Stability?
Evidence from Equity Market Reactions
To CreditWatch Events
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A. Introduction

One of the most surprising events during the 2007-2008 financial wésighe filing of
Chapter 11 bankruptcy by Lehman Brothers, an investment bank with a I¥5Bisteay, on
Monday, September 152008. The news of Lehman’s collapse shook financial markets-world
wide, including a drop in the Dow Jones Industrial Average of more than 506.pofhe
collapse of Lehman took many investors by surprise becauseerlyeas September 2the
previous Friday, Lehman Brothers’ bonds were rated “A”, an investment grade.

Though unique in its impact on global markets, the precipitous fall bimba from
investment grade status directly to bankruptcy is not unprecedenga@raSother high-profile
bankrupt companies, including Enron, also maintained investment-grades ratitligjust days
before the bankruptcy was announced. Are rating agencies too slow in adjustogfratin

Indeed, one major criticism of credit rating agencies islahk of timeliness in making
rating change¥ Studies in the finance literature have shown that credit ratiagges are
anticipated by the equity market (Norden and Weber (2004)), the defadlt swaps market
(Hull, Predescu, and White (2004); Norden and Weber (2004)), the cumesket and the
sovereign debt market (Reinhart (2002); Sy (2004)). Thus, credit ejamcies have faced such
criticism long before the 2007-2008 financial crisis.

The difficulty of rating agencies to convey timely default infation to the market is a
deep-rooted problem for several reasons. First, rating agenaiesot have timely or accurate

information on debt issuers’ financial positions (Goldstein, Kaminakyg, Reinhart (2000)), or

8For instance, in response to the failure of Enron in December 2008ettwe criticized
credit rating agencies for not downgrading the company’s déhgrsoon enough. The Staff
Report of the US Senate Committee on Governmental Affairs iredi¢hat the credit agencies’
monitoring and review of Enron’s finances “fell below the carefdibres one would have
expected from organizations whose ratings hold so much importance”.
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they may not use the best rating methodologies or expend maxiffrm(@heng and Neamtiu
(2009)). Second, while the financial positions of rated companiesoasantly changing, the
change in credit ratings can only be made periodically. Aesalty a lag of credit ratings in
reflecting the changes in financial positions may be inevitalileird, default probability is a
continuous variable, but credit ratings, which are indications of ddikelihood, are discrete.
A rating agency cannot make a rating change until the finaposition of a company
deteriorates to the next rating level. As a result, ratingggsgamay lag the change in bond
issuer’s default probability.

Another reason for the slow reaction may be related to an argyefdrth by rating
agencies that markets expstdbleratings. Ratings are often used by investors and regulators as
guidance for portfolio governanée.Frequent changes in ratings may force portfolio managers
to trade securities more frequently, thereby increasing trimsaosts. Frequent rating changes
may also force portfolio managers to sell securities agdgwices (when they are downgraded)
and to purchase at higher prices (when they are upgraded) morenfhequel thus suffering
more losses. Consequently, rating agencies tend to meet thet raapectations by making
rating changes only whenraversalin ratings in the near future is unlikely (Cantor (2001);

Cantor and Mann (2007)). Studies in the literature also show thabticy of issuing stable

19 Both Moody’s Investors Service and Standard & Poor's have adoptetedefating
categories by adding modifiers (e.g. “+” and “-”, or “1”, “2”, an8"f' to the generic rating
categories to indicate whether a bond is on the upper, middle, or lower end of theatguayy.
The refinement of the rating categories can be viewed agp amsteing from a discrete rating
system toward a continuous spectrum. So refined ratings not dielst the default probability
more precisely, they also may trigger a rating change mordlguas rating agencies do not
have to wait until the financial positions of bond issuers to detézigoa improve) to the next
broader generic rating category to make rating changes.

20 For instance, financial institutions such as banks and pension funofseareequired to hold
“investment grade” bonds only in order to show their “prudence” in fundagement. As a
result, when a bond is downgraded to “speculative grade”, they must sell the bond at a loss.
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ratings allows rating agencies to focus on bond issuers’ permaaorgtierm and structural
credit risk, rather than the short-term and temporary credit risk (Altma&iRgken (2004)¥!

Loffler (2005), however, argues such a policy of stable ratingsle@alyto a lag of rating
changes behind the true changes in bond issuer’s default risk. Wiggtors may have some
expectation of rating stability, they also expect rating ageniciemake changes in a timely
fashion. If rating agencies sacrifice timeliness for the sd stability, markets may work faster
than the rating agency and price in much of information about thegicttadefault risk of the
firm before a rating change occurs. Undoubtedly, investors woulefibérom timely rating
changes, especially during financial crises when investorgrgeatly seeking new information
about the default risk of a firm.

Credit rating agencies have not been insensitive to the criticl@me specific action by
Standard and Poor’s (S&P’s) was the creation in of a service kas@®reditWatch which was
first offered in November 1981CreditWatchprovides information to investors about potential
changes in default risk prior to an actual change in rating. n@je purpose o€reditWatchis
to ease the tension between the market expectation of ratinigystaid the market demand for
rating timeliness (Altman and Rijken (2006)).

When a company is listed d@reditWatchit is typically listed with either @ositiveor a

negativepotential® In a listing with positive potential, the rating of the compaiiyusually be

21 Standard & Poor’s (2003) indicates that the value of its rating piodigreatest “when its
ratings focus on the long-term and do not fluctuate with short-pemformance.” Similarly,
Moody’s Investors Service makes rating changes “only when revaesl an issuer has
experienced what is likely to be an enduring change in fundameetit worthiness” (Cantor
and Mann, October 2003).

22 Infrequently, Standard & Poor’s will place a company onGheditWatchlist under a third
category known as “developing.” When a company is listed as “demglo[i means the credit
rating of the company is likely to be changed, butdinection of the change is unknown. The
number of companies listed as “developing” is far less than the nwohbempanies listed with
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eventually upgraded or affirmed (i.e. unchanged), and the ratingeig downgraded. Similarly,
in a listing with negative potential, the rating of the company wsually be eventually
downgraded or affirmed, and the rating is rarely upgraded. Onceating is changed or
affirmed, the listed company is delisted (removed) from @neditWatchlist. Unlike credit
rating changes in which rating agencies convey the defaultaidie market in one action (i.e.
the rating change), the publication@feditWatchconveys the default information to the market
through two sequential actions — first throdgtting, and then througldelisting The listing
conveys information about the direction of the rating change, and tistindereveals the
magnitude of the actual rating change. Although listingCoeditWatchcan lead to a bond
rating change, only a small fraction of all actual ratingngles are preceded by a listing on
CreditWatch.

In this study, we examine the response of equity prices o fiisted and delisted from
CreditWatchto determine if it improves the timeliness of rating chany¥s.choose to examine
the reaction of equity markets (instead of debt markets) beeausty investors have the most
to lose from default, so prices in equity markets are more sengit changes in default risk.
Equity markets are also considerably more liquid than bond marketthamdata for equity
prices are readily available. Moreover, Wansley and Clauf®@5) examine the reaction of
both equity and bond markets @reditWatchevents, and conclude that bond markets are
considerably less efficient than equity markets.

Despite its intended purpose of informing investors of a poteating change in a timely
fashion, we find thaCreditWatchdoes not completely achieve this goal. We report three

empirical results in support of this conclusion. First, we find ggmarkets experience

positiveor negativepotentials. We do not include bonds listed as “developing” in our study.
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substantial positive (negative) reaction to the listing of companid#s positive (negative)
potential onCreditWatch priorto the actual date of listing. Second, equity markets exhilbé litt
reaction to the delisting of a company fro@reditWatch even when the delisting is
accompanied by a change in rating. Third, we find that the giregiabnormal returns in equity
markets are good predictors of both the direction and the magnitutle effentual change in
credit rating. Collectively, our findings suggest that ratiggncies may sacrifice timeliness for
the sake of stability and that ev@neditWatch which is designed to mitigate the disadvantage
caused by stable rating policies, is not a completely effective insiitum

The remainder of the paper is organized as follows. Section | sesctise data and the

methodology. Section Il presents the empirical analyses and results, &od 8econcludes.

B. Data and Methodology

B.1 Sample Construction and Description

Our sample construction begins with firms placedCoeditWatchbetween January 2002
and December 2005. We hand-collect the following data: 1) compang, rRaristing date, 3)
existing S&P senior debt rating, 4) listing potential, and 5) neW S&nior debt rating after
delisting. From this group, we exclude all firms with insufitielata from the Center in
Research and Security Prices (CRSP) to compute abnormalsreturounding the listing date.
We also exclude firms for which definitive information aboutdbgon taken by S&P regarding
the firms’ rating upon delisting is unavailable. The final sangplesists of 604 observations,

with 101 listed with “positive” potential, 503 listed with “negative’t@atial® The sample

% There is one (five) extremely rare cases in which firmesevisted with positive (negative)
potentials but were downgraded (upgraded). We report these obsenmtiouns descriptive
statistics, but exclude them from further analysis.
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composition is consistent with similar studies in the literatarg. Dichev and Piotroski (2001);
Hand, Holthausen, and Leftwich (1992); Holthausen, and Leftwich (1986)) inldatgrades
are considerably more common than upgrades.

Following Morgan (2002), we transform letter ratings into a nigakscale with higher
guality ratings transformed into lower numbers. The details@transformation are provided
in Appendix I. Tables 1 and 2 report the frequency distributions ohitined rating and the new
rating upon delisting for companies listed with “positive” and “negatpotentials, respectively.
For listings with positive potential, approximately 80% of firms are upgradhesh welisted from
CreditWatch For firms listed with negative potential, approximately 60&cdowngraded when
delisted.

Table 3 reports basic financial characteristics of thesfimthe sample categorized by type
of listing. Financial data is obtained from Compustat for the pesceding the date of listing.
The sample sizes are reduced slightly because of missingird&tampustat. Statistically
significant differences exist regarding the size of the @mgs (measured by total assets) and
the cash ratio. Specifically, firms listed with negative po&tiatie larger in size and have lower
cash ratios compared to firms listed with positive potentiakmg-listed with positive potential
tend to remain on th€reditWatchlist longer than those listed with negative potential, but the
difference is not statistically significant. A breakdown of the numbermsfby the first digit of

the Compustat SIC code is provided in Appendix Il.

B.2 Methodology
To capture the reaction of the equity market, we employ an eweht stethodology by
computing daily abnormal returns (AR) and cumulative abnormal ret(€#dR) of the

companies in event windows surrounding the listing and delisting.ddtes robustness, we
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Table 1: Summary ofCreditWatch Listings with Positive Potential

This table summarizes the frequency distribution by ratings of comphaiesére listed on th€reditWatchwith “positive” potential
between January 2002 and December 2005. The credit ratings on yhiefverolumn are the original ratings of companies
immediately before th€reditWatchlisting. The ratings on the top row are the new ratirftgs ghe removal (delisting) from the
CreditWatchlist. Ratings on the diagonal are companies whose ratingsrremchanged. Since this table contains only firms listed
with “positive” potential, all the companies ended with rating upgrgtelow the diagonal) or unchanged (on the diagonal) except
one company (which was lowered from B+ to B-).
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Rating After Delisting
AAA  AA+ AA AA- A+ A A EBB BBB  BBB- BB+ BB BB- B+ B B CCC+ CcC ccec- cC C Total
AAA 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
AA+ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AA 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AA- 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
A+ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
" A 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
£ A- 0 0 0 0 0 1 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 4
E BBB+ 0 0 1 1 0 1 4 3 0 0 0 0 0 0 0 0 0 0 0 0 0 10
) BBB 0 0 0 0 0 1 0 6 0 0 0 0 0 0 0 0 0 0 0 0 0 7
ng BBB- 0 0 0 0 0 0 1 1 9 0 0 0 0 0 0 0 0 0 0 0 0 1
fn BB+ 1 0 0 0 0 0 1 0 0 4 3 0 0 0 0 0 0 0 0 0 0 9
£ BB 0 0 0 0 0 0 0 0 0 3 3 3 0 0 0 0 0 0 0 0 0 9
§ BB- 0 0 0 0 1 0 0 1 0 0 0 9 3 0 0 0 0 0 0 0 0 14
= B+ 0 0 0 0 0 0 0 0 0 0 0 3 9 3 0 1 0 0 0 0 0 16
ED B 0 0 0 0 0 0 0 0 0 0 0 1 0 4 0 0 0 0 0 0 0 5
é B- 0 0 0 0 0 1 0 0 0 0 0 0 2 3 2 1 0 0 0 0 0 9
CCC+ 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 2 0 0 0 0 0 3
Ccc 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
CCC- 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1
CC 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1
C 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Total 1 0 2 1 2 4 9 11 9 7 6 16 15 11 2 4 0 0 0 1 0 101




Table 2: Summary ofCreditWatch Listings with Negative Potential

This table summarizes the frequency distribution by ratingsoofpanies that were listed on tireditWatchwith “negative”
potential between January 2002 and December 2005. The credit ratimgswvamyt left column are the original ratings of companies
immediately before th€reditWatchlisting. The ratings on the top row are the new ratirftgs ghe removal (delisting) from the
CreditWatchlist. Ratings on the diagonal are companies whose ratinggremzhanged. Since this table contains only firms listed
with “negative” potential, with the exception of five cases, alldbmpanies ended with rating downgrades (above the diagonal) or
unchanged (on the diagonal).
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Rating After Delisting
AAA  AA+ AA AA- A+ A A- BBB+ BBB BBB- BB+ BB BB- B+ B B- CCC+ CCC  CC( CC_ C D Total
AAA 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3
AA+ 0 2 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3
AA 0 0 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 4
AA- 0 0 0 3 8 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 13
A+ 0 0 0 0 6 9 6 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 22
A 0 0 0 0 0 9 18 2 1 0 0 0 0 0 0 0 0 0 0 0 0 0 30
w | A 0 0 0 0 0 0 21 11 3 0 0 1 0 0 0 0 0 0 0 0 0 0 36
g | BBB+ 0 0 0 0 0 0 0 17 14 4 1 1 0 0 0 0 0 0 0 0 0 0 37
& | BBB 0 0 0 0 0 0 0 0 20 23 5 2 0 0 0 0 0 0 0 0 0 0 50
£ | BBB- 0 0 0 0 0 0 0 0 0 25 26 9 4 0 0 0 0 0 0 0 0 0 64
E BB+ 0 0 0 0 0 0 0 0 0 1 1 20 2 3 1 0 0 0 0 0 0 0 38
e [ BB 0 0 0 0 0 0 0 0 0 0 0 19 28 11 1 1 0 0 0 0 0 0 60
‘£ | BB- 0 0 0 0 0 0 0 0 0 0 0 0 21 21 3 0 0 0 0 0 0 49
i: B+ 0 0 0 0 0 0 0 0 0 0 0 0 0 20 12 4 0 1 0 1 0 0 38
g | B 0 0 0 0 0 0 0 0 0 0 0 0 0 0 9 3 7 3 0 1 0 0 23
5 B- 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 4 3 0 2 0 0 0 9
CCC+ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3 2 0 0 5
CCC 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 2 0 1 5
CCC- 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 3 5
CcC 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 2 0 4 9
C 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
D 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Total 0 3 3 5 15 19 46 32 38 53 43 52 55 55 27 16 12 0 7 8 0 8 503




Table 3: Financial Characteristics of Firms Listed on CreditWatch

This table presents basic financial characteristics of timplsafirms for the year prior to being
listed onCreditWatch Total Assets are presented in millions of dollars. ROéomsputed as
net income divided by total assets. The Debt Ratio is computtmtahdiabilities divided by
total assets. The Cash Ratio is cash and cash equivalents diyidelbassets. The days
between listing and delisting is the number of calendar days &etthe listing and delisting
dates. *, ** *** denotes statistically different from zero based @taadard t-test for the means
and a Wilcoxon test for the medians at the 10%, 5% and 1% levels, respectively.

Days  Between
Total Assets (SMM)  ROA (%) Debt Ratio (%) Cash Ratio (%) Listing and
Delisting
Firms with Positive Potentials
Mean 12,754 -4.05% 72.87% 10.90% 116.2
o | O 461 -33.61 31.52 0.97 16.0
= | 25t 1,387 -1.92 55.77 3.30 36.0
S | Median 3,171 1.80 71.22 7.45 96.5
2 | 75t 10,623 5.42 88.82 12.04 157.5
B | 95t 63,667 10.60 109.67 31.64 291.0
Std. Dev. 22,298 32.82 29.09 12.22 91.2
N 97 97 97 97 100
Firms with Negative Potentials
Mean 25,600 -0.47% 69.60% 8.60% 102.1
o | O 611 2241 39.71 0.34 22.0
T | 25t 2,074 -2.35 55.81 1.76 44.0
§ Median 6,143 1.69 67.83 4.74 73.5
3 | 75h 16,604 4.56 82.37 11.44 134.0
B | 95 103,914 11.31 102.08 28.31 275.0
Std. Dev. 83,588 12.64 19.86 10.73 88.3
N 486 486 486 486 498
Differenc

e of

Means -12,846%** -3.58 3.27 2.30% 141
Differenc

e of

Medians -13,433%%x 0.11 6.66 2.71%¥% 23.0
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consider three estimation procedures — the market model, markdeddjeisirn model, and the
Fama-French (1992) model — to calculate the abnormal returns. drketrindex is the CRSP
value-weighted index and the daily Fama-French factors aoeodisined from CRSP. The
estimation period is the 200 trading days ending 61 trading days pribe tevent date. The
market model is specified as a single factor model withdtesaf return of a common stock as a

function of the return of a market index:
Rt = + B Rut + &t (1)

WhereRyis the rate of return of the common stock of firm j on ddufis the rate of return of a
market index on day tjis the error term -- a random variable that, by construction{ haye
an expected value of zero, and is assumed to be uncorrelateRwitfThe coefficients; is a
parameter that measures the sensitivitigadb the market index.

Market model abnormal return (or prediction error) for the comstock of the firm j on

day tARis defined as:

AR = Ry = (9 + BjRn) @)

where the coefficientst; and ﬁj are ordinary least squares estimates ahdg;.

The market adjusted return model computes abnormal returns by solghacting the

observed return on the market index from the rate of return of the common stock:

AR Rjt— Rmt 3)
The Fama-French (1992) three-factor model states that gepticés are determined by

three factors, defined as:

ERI =0 + ﬁ] ERm"‘ SSMB'*‘ hJHMLt + Ejt. (4)
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whereER; is the excess rate of return of the common stock beyond theeeskete of firm j on
day t;ERy is the excess return of the market index beyond the riskdteen day tSMRBis the
average return on small market-capitalization portfolios minusubeage return on three large
market-capitalization portfoliosHML;is the average return on two high book-to-market equity
portfolios minus the average return on two low book-to-market equitfopost ¢ is the error
term. The abnormal return (or prediction error) for the commaock sdf firm j on day t is

computed as:
AR = ER; - (& + B;ERn+ S;SMB+ h;HML,) (5)

Cumulative abnormal returns are the sum of daily abnormal retuersaospecified time

period. For all three models, the CAR from trading dathifough T is computed for firm j as:

TZ
CARJ"(Tl T2)~ z ARjt ' (6)

t=T,

whereél,andT,are the beginning and ending days of the event window, respectively.

C. Empirical Results

Our goal in this paper is evaluating the abilityGreditWatchto convey information to
markets in a timely fashion. Accordingly, we examine the equdyket’s reaction to both the
listing on and delisting frorCreditWatch. We also examine to what extent the rating action that
occurs upon delisting (i.e. an affirmed rating or a change img)ais reflected in the abnormal

returns.

C.1 Equity Market Reaction to CreditWatch Listing
To assess whetheCreditWatch listings reflect the changes of the listed companies’

financial positions in a timely fashion, we calculate the daRy@kn days surrounding the date of
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listing and the CAR for several event windows. For robustness, ev¢huse different return
generating models, as described in the previous section. Sapasrdts of the mean values for
listings with positive and negative potential are presented in Table 4.

Analysis of the daily AR shows a significant positive (negatreaction by the market on
the day of a listing (Day 0) with positive (negative) potentihken alone, this finding suggests
that a listing onCreditWatch provides the market with new information. However, the
magnitude of the reaction on the day of listing is often substignsalaller than the CAR
present in the days prior to the listing date, suggesting the listifgyeditWatchis somewhat
delayed. This trend is particularly pronounced for those firtedliwith negative potential. For
example, the market adjusted model abnormal return on Day O is -2.84%, bufoGARNnearly
three times as large at -8.20%.

Although the abnormal returns are both statistically and economgigityficant on the
listing day, we cannot conclude whether the return on the listing w#s due to the
announcement of th@éreditWatchlist, or it is part of the continuing adjustment process that may
have started as early as 60 days before the listing. Ettemsignificant abnormal return on the
listing day is entirely related to the announcement of the listimg results still indicate the
placement of firms oi€reditWatchmay not be timely enough. Regardless of the specification
for computing abnormal returns (the market model, market adjustiéch model, or the Fama-
French model), the results in Table 4 suggest that equity manket reflected a substantial
portion of the change in listed firms’ financial positidreforethe listing day. For robustness,
we also examine the median values of the daily AR and CAR, ande8ults (unreported)
confirm the findings of the analysis using the value of the means.

We next examine the equity market reaction surrounding the Id&itegcategorized by the
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delisting action. We classify the listed companies into fouagmates based on the magnitude of
the actual change in rating that occurs on the delisting day.folineategories are: no rating
change (i.e. rating being affirmed), a small rating chafhpanged by one notch), a medium
rating change (changed by two notches), and a large ratamggel{changed by three notches or
more). The subcategories are further separated for compateeswish positive and negative
potential, creating a total of eight possible categories.

The mean daily AR and CAR over various event windows surrounlelisting date for
each category are presented in Table 5. To conserve spacgoneordy the results from the
market model estimation throughout the remainder of the paper, butheotharket adjusted
return model and the Fama-French models produces results qualitatmdhr to those from
the market model.

The results in Table 5 provide considerable evidence suggesting argasitrelation
between the magnitude of the CARs prior to the listing day anantdgnitude of the rating
changes announced on the delisting day. For positively listed compiédn@asagnitude of the
CARs prior to the listing day does not monotonically increase thiéhmagnitude of rating
changes, but we find the average magnitude of the CARs for compathesthe two smallest
rating change categories (i.e. companies whose ratings Wenged or were changed by one
notch) are smaller than the CARs for companies with two |laajarg change categories (i.e.
companies whose ratings were changed by two notches or three notches or more).

For companies listed with negative potentials (which is a mugeragample compared to
the listings with positive potential), the evidence is much stronflee magnitude of the CAR
prior to the listing, regardless of the event window, exhibits a steméimonotonic trend. This

is strong evidence that equity markets have anticigaied to the listing date not only
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Table 4: Equity Market Reaction to CreditWatch Listing

This table presents the mean values of the daily abnormal refRhsu(d cumulative abnormal
returns (CAR) over various event windows surrounding the listing d&§reditWatch Results
are presented separately based on the expected rating changelp@esitive or negative) at
the time of listing. The AR and CAR are calculated using thmegels as described in Section I:
the market model (MKT), the market adjusted return model (MADW),the Fama-French 3-
factor model (FF). *, **, *** denotes statistically different fronero based on a Patell z-test at
the 10%, 5% and 1% levels, respectively.

AR Firms with Positive Potentials Firms with Negative Potentials
MKT MAD]J FF MKT MAD]J FF
Day Model Model Model Model Model Model
-7 0.08% 0.26% 0.11% -0.28% *x -0.31% *x -0.26%
-6 -0.07% -0.01% -0.11% -0.32% rxk -0.38% ok -0.32% rxk
-5 0.15% 0.39% 0.09% -0.76% kK -0.77% ok -0.69%
-4 0.34% * 0.43% *x 0.36% -0.24% * -0.32% *x -0.24%
-3 0.78% ok 0.78% ok 0.70% ** 1 -0.21% * -0.24% * -0.21% kK
2 0.20% *x 0.34% ok 0.11% ** 1 -0.75% rxk -0.82% ok -0.68% *x
-1 -0.10% 0.13% -0.12% -1.41% kK -1.46% ok -1.40% kK
0 2.71% ol 2.79% ok 2.67% ** 1 -2.83% rxk -2.84% ok -2.86% rxk
1 0.18% 0.27% 0.26% * -1.14% kK -1.18% ok -1.11% kK
2 0.01% 0.09% 0.03% -0.24% *x -0.26% *x -0.27% *x
3 -0.05% 0.03% 0.01% 0.25% * 0.20% 0.28%
CAR Firms with Positive Potentials Firms with Negative Potentials
MKT MAD]J FF MKT MAD]J FF

Days Model Model Model Model Model Model

(-60, -1) 3.78% ok 10.01% oAk 2.89% B 7.11% rxk -10.82% ok -7.08% rxk
(-30, -1) 1.64% *x 4.85% ok 1.37% * -6.23% kK -8.20% ok -5.95% kK
(-7,-1) 1.39% ok 2.32% oAk 1.16% -3.97% rxk -4.32% ok -3.80% rxk

0,0) 2.71% ok 2.79% ok 2.67% | -2.83% kK -2.84% ok -2.86% kK

(+1,+3) 0.13% 0.40% 0.29% -1.13% rxk -1.24% ok -1.10% **
N 101 101 101 503 503 503

theCreditWatchlisting potential (positive or negative), but also the changating at delisting.
This point is well-illustrated in Figure 1, which plots CARg) for the eight categories. Despite
some notable reaction on the day of announcement, the adjustment proeegsty prices
begins well before then, particularly for listings that ultieiatesult in rating changes of at least

two notches. The results suggest BatditWatchis still not timely enough in conveying the
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Table 5: Equity Market Reaction to CreditWatch Listing Categorized by Deisting Action

This table presents the mean values of daily abnormal returns (AR) andattuenabnormal returns (CAR) over various event
windows surrounding the listing date GneditWatchcategorized by the change in rating that occurs when thedidelisted.

The AR and CAR are computed using the market model as desarilssttion I. The sample size is reduced because firms
delisted with rating changes in an opposite direction of the litigigng are excluded from analysis. Separate resudis ar
presented for firms listed with positive and negative potential. Within thgarags of positive (negative) potential, results are
further classified by the magnitude of delisting actionirratd with no change in rating, up (down) by one notch, up (down)
by two notches, or up (down) by three or more notches. Abnormal rgemesated by both the market adjusted return model
and Fama-French 3-factor model produce qualitatively similartseand are not reported. *, **, *** denotes statistically
different from zero based on a Patell z-test at the 10%, 5% and 1% levels, ve$pecti

c6

AR Positive Negative
U U U 3+ Down Down Down 3+
Day Affirmed 1 ll:Iotch 2 II:Iotches Nl;tches Affirmed 1 Notch 2 Notches
Notches

-7 0.66% 0.14% -0.17% -0.76% -0.07% -0.25% * -0.88% Hok -0.21%

-6 -0.32% -0.12% -0.55% 0.77% -0.29% ok -0.12% -1.53% Rk 0.39%

-5 -0.06% 0.09% 0.90% * 0.16% -0.13% -0.86% Rk 1.61% Rk 1.18% *
-4 0.02% 0.01% 2.42% wiok (0,35% -0.02% -0.46% wek0,03% -0.23%

-3 0.55% 0.34% ¥ 391% ek 0.31% 0.14% -0.29% ok -0.34% -1.13%

-2 -0.24% 0.00% -0.42% 1.75% ek -0.54% ek 0.17% *ok -1.13% Rk 4.17% wokx
-1 0.19% -0.68% * 1.41% ek 0.49% -0.87% Rk 1.74% ek _1.05% Rk 3.20% *okx
0 4.84% ¥ 0.07% ok 4.24% ek 8.94% wrk | 0.65% ok -3.74% wiok 2 89% ek _8.63% *okx
1 0.48% 0.17% -0.11% 0.00% -0.78% wok - (0.80% ok 1.43% ek 3.95% *oEx
2 -0.14% -0.18% 1.34% ok 0.04% -0.29% -0.45% wek - (0.30% 0.95%

3 -0.77% 0.22% 0.23% -0.30% 0.07% 0.03% 0.53% * 1.51% ok

CAR Positive Negative
U U Up 3+ Down Down Down 3+

Day Affirmed 1 lIzIotch 2 lI:Iotches NI())tches Affirmed 1 Notch lz\Iotches Notches

(-60,-1) | 7.53% * -0.48% 11.02% *KEX O 6.36% * -1.83% wiok7.68% wiok12.66% ek 23.69% ook
(-30,-1) | 5.53% -1.94% 9.84% *EX O 3.01% -2.08% wiok7.09% wiok10.70% ek 18.20% ook
(-7,-1) 0.80% -0.23% 7.51% *EE L 3.07% Hok -1.78% wiok 3 88% ok _6.58% ek 9.72% ook
(0,0 4.84% *EX O 0.07% o 4.24% *EX O 8.94% k1 -0.65% Fok -3.74% Rk _2.89% Rk 8.63% Fopok
(+1,+3) | -0.44% 0.21% 1.46% -0.26% -0.99% R 1.22% *EX O 1.19% i -1.50% wokx
N 20 55 11 14 193 199 68 38




information about the change of financial positions of listed firms to the market.

C.2 Equity Market Reaction to CreditWatch Delisting

Having provided evidence that the magnitude of the rating changéisdindeis reflected
in equity pricesprior to the listing announcement, we next examine the information carftent
the delisting event by computing the AR and CAR surrounding theddatelisting. Table 6
presents the daily AR and CAR over various event windows surroundingdetisting date by
the type of action that occurs when the company is delisted@rediit\Watch We take care to
ensure that none of the pre-delisting windows overlap with post-lisiimdgows. The results in
Table 6 are noticeably different from those presented in Tafde the listing date, as there is
very little market reaction on the day of the delisting announceifiayt 0). This is true
regardless of whether the firm was listed with positive or tingypotential, and also irrespective
of the magnitude of the rating change upon delisting. The resgljestthat the announcement
of delisting (in which the actual rating changes are madajamns limited informationC.3
Predicting the Change in Rating

We have shown equity markets experience significant reactions in thpraay®
a firm’s listing day. We have also shown markets exhitile Ireaction on the day a firm is
delisted fromCreditWatch We now examine whether the pre-listing equity market @acsi
an effective predictor of the eventual change in rating upon dglistint is, thenCreditWatch
is too slow in reflecting the changes in the firms’ financial positions.

While the results in Table 5 and Figure 1 suggest that pregi€tARs may serve as good
predictors of rating changes, we now provide additional statidigaport. To ascertain the
degree of statistical significance, we regress the madmiof the rating change at delisting on

the CARs from the listing period using OLS estimation. Rebal higher rated bonds receive
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lower numerical scores, so an upgrade (downgrade) results gatavee(positive) value for the
dependent variable. The results for several specifications of this modetseated in Table 7.

Model 1 contains only the CARs from the listing period as independgigbles* The
CARs for both the pre-listing (LIST_CAR (-7,-1)) and listingtedgLIST _CAR(0,0)) are
negative and statistically significant, and an F-test for theliggoé coefficients shows that the
magnitude of the listing date CAR is significantly greatehis Buggests that the announcement
day contains significantly more information than the pre-lispagod. However, the inclusion
of additional control variables eliminates this statistical difference.

Model 2 adds control variables for the time between the listinglaisting dates (SPAN)
and the initial numerical rating at the time of listing (LISIATING). We also include dummy
variables to control for proximity to the threshold between investrgrade and speculative-
grade (junk) status. A bond rating of BB+ and below is considerddgtatus. Prior research
(e.g. Brister, Kennedy, and Liu (1994); Jorion and Zhang (2007)) has deatetmsmovement
into or out of junk status has a more pronounced impact on marketsnsamgeinstitutional
investors are prohibited from holding junk bonds. NEAR_JUNK takes @eval one for
negativelylisted firms with an initial rating of BBB+, BBB, or BBB-.BBAR_JUNK bonds are
most likely to be downgraded into the junk bond categories upon delistiignilarly,
NEAR_INVESTMENT takes a value of one fpositivelylisted firms with an initial rating of
BB+, BB, or BB-. NEAR_INVESTMENT bonds are most likely to lbggraded into
investment-grade categories upon delisting. The addition of thesdummy variables reduce

the magnitude of LIST_CAR(0,0), but both LIST _CAR(-7,-1) and LIST_CAR(0ein

24 \We also consider the CARs surrounding the delisting date as indepemdiables in our
regression models. These variables never achieved stat#gicdicance and appear to have no
relationship with the magnitude of the rating change, so we do not report them.
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Figure 1: Cumulative Abnormal Returns Surrounding the Listing Date Gategorized by Delisting Action

This figure presents the mean cumulative abnormal returns gC8URrounding the listing date (defined at t = 0) from seven days
before to three days after the listing day (-7,+3), categbrimethe delisting action. POS_AFF is listed with positive paeénti
followed by rating affirmation (i.e. unchanged) upon delisting. SPA@P1, POS_UP2, and POS_UP3+ are listed with positive
potential followed by upgrade of 1, 2, and 3 or more notches, respectipely,delisting. NEG_AFF is listed with negative potential
followed by rating affirmation upon delisting. NEG_DOWN1, NEG_DO2yEnd NEG_DOWNS3+ are listed with negative potential
followed by downgrade of 1, 2, and 3 or more notches, respectively, upon delisting.

Figure 1: CAR Surrounding Listing Date Categorized by Delisting
Action

0
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Table 6: Equity Market Reaction to CreditWatch Delisting

This table presents the mean values of daily abnormal returnps @AdR cumulative abnormal returns (CAR) over various event
windows surrounding the date of delisting fr@reditWatch The AR and CAR are computed using the market model as described in
Section I. The sample size is reduced because firms deligtedaing changes in an opposite direction of the initial lisang
excluded from analysis. Separate results are presentednfierliited with positive and negative potential. Within the caiegaf
positive (negative) potential, results are further classifiethb magnitude of delisting action: affirmed with no chamgeating, up
(down) by one notch, up (down) by two notches, or up (down) by three @ motches. Abnormal returns generated by both the
market adjusted return model and Fama-French 3-factor model prodaigattyely similar results and are not reported. *, **, ***
denotes statistically different from zero based on a standard t-test at thB%Q#nd 1% levels, respectively.

AR Firms Listed with Positive Potential Firms Listed with Negative Potential
U U U 3+ Down Down Down 3+
Day Affirmed 1 lglotch 2 II:Iotches NI())tches Affirmed 1 Notch 2 Notches Notches
-7 -3.31% okok -0.58% 0.23% -1.53% 0.01% -0.37% * -1.49% *xE 4.95% ook
-6 1.04% ** 0.18% * -0.49% -1.66% * 0.22% -0.42% -2.07% Hokok 1.05% ook
5 -0.93% *xk -1.01% o -0.53% -0.98% -0.15% -0.13% 0.43% -1.22% ol
4 -0.34% 0.63% 0.24% -0.55% 0.19% 0.59% * 0.33% 0.84%
3 0.10% -0.42% -0.38% -0.43% 0.11% 0.57% * -0.85% ok 0.57% Hox
2 -0.20% 0.29% 0.18% -1.84% 0.26% -0.01% 0.01% -2.98% ook
-1 -0.03% -0.16% -1.48% * 1.18% 0.04% 0.35% * 0.15% -0.87%
0 -0.55% -0.62% Hox 0.65% -0.36% 0.28% -0.07% 1.04% rEE -1.49% Hook
1 0.56% 0.50% * 0.64% 0.39% 0.10% 0.16% -0.69% ok 0.94% o
2 -0.26% 1.37% * -1.72% o -0.46% 0.13% 0.22% -0.24% 0.12%
3 0.07% 0.17% -0.19% -0.42% 0.22% 0.47% ** -1.26% ok 2.29% ook
CAR Firms Listed with Positive Potential Firms Listed with Negative Potential
U U U 3+ Down Down Down 3+
Day Affirmed 1 Ilzlotch 2 I[:IOtches NI())tches Affirmed 1 Notch 2 Notches Notches
(-7,-1) -3.66% ook -1.07% -2.23% -5.82% * 0.68% * 0.59% -3.50% *x 2.35%
0,0 -0.55% -0.62% o 0.65% -0.36% 0.28% -0.07% 1.04% ** -1.49% ook
(+1,+3) 0.37% 2.05% * -1.27% -0.49% 0.44% 0.85% * -2.16% ** 3.35% pofok
N 19 49 8 6 191 196 63 32
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Table 7: Predicting the Magnitude of Rating Change at Delisting

This table presents results of regressing rating changes at delisting okRIsi@€ounding the listing date and other control variables.
The dependent variable in all models is the numerical changeing that occurs upon delisting fro@reditWatch An upgrade
(downgrade) is reflected by a negative (positive) numberT LERR(T;,T,) is the CAR computed using the market model from days
T1 to T, relative to the day listed ddreditWatch SPAN is the number of days between listing and delistingT IRATING is the
numerical rating at the time of listing. NEAR_JUNK is a dummy variablel@quae for negatively listed firms with an initial rating
of BBB+, BBB, or BBB-. NEAR_INVESTMENT is a dummy variakdgual to one for positively listed firms with an initial ratioiy
BB+, BB, or BB-. Financial variables are from the fiscaryending prior to the listing date: LN(ASSETS) is the natagpof total
assets, ROA is net income divided by total assets, DEBT_RAsTi@al liabilities divided by total assets, CASH_RATIQ&sh and
equivalents divided by total assets. ***, ** * denotes statistical significanteed %, 5%, and 10% levels, respectively.

. . Both Positive and Negative Positive Negative
D :

ependent Variable: Rating Change (1) OLS | (2) OLS (3) OLS | (4)OLS (5) Tobit (6) Tobit
Intercept 0.426 HoHk 0.991 Hokk 0.993 Hokk 1.618 Hokk 1.905 Hokk -0.330
LIST CAR(-7,-1) -1.604 Fdok -1.644 Hokok -1.863 Hokok -1.515 Hokok -1.345 Hokok -1.248 ok
LIST CAR(0,0) -3.006 Fokok -2.456 Fokok -2.445 Fokok -2.151 Fokok -2.076 Fokok -1.987 Fokok
LIST CAR(+1,+3) 0.177 0.284 0.282 0.278 0.171 -0.511
SPAN -0.002 Hokk -0.002 Hork -0.002 Hork -0.002 Hork -0.001
LIST_RATING -0.030 ok -0.031 ok -0.035 * -0.048 ok -0.032
NEAR JUNK 0.253 *k 0.294 *k 0.310 *k 0.383 Fokok
NEAR INVESTMENT -1.806 Hodok -1.837 Hodok -1.848 Hodok -2.944 Hokok
LIST CAR(-7,-1)* NEAR JUNK 1.660 * 2.066 *k 1.271
LIST CAR(-7,-1)* NEAR INVESTMENT -3.033 -2.827 -1.746
LN(ASSETYS) -0.013 -0.009 -0.002
ROA -0.305 -0.312 -0.025
DEBT_RATIO -0.103 -0.245 -0.044
CASH_RATIO 0.276 -0.080 0.051
Year Dummy No No No Yes Yes Yes
R-Square 0.087 0.194 0.209 0.217 0.470 0.340
F-value 19.93 HoAk 21.58 Hork 17.24 Hork 111 Hork
Log Likelihood Ratio Statistics 243.96 ok 1241.21 ok
N 598 598 598 583 583 583
Equality of Coefficients (F-test) Difference Difference Difference Difference Difference Difference
Ho:LIST_CAR(-7,-1) = LIST_CAR(0,0) 1.402 Hoh 0.812 0.582 0.636 0.739

0.731




statistical significance. Model 3 includes an interactionhef dummy variables NEAR_JUNK
and NEAR_INVESTMENT with LIST_CAR(-7,-1). The interaction dSI_CAR(-7,-1) with
NEAR_JUNK is positive and significant.

Model 4 adds basic financial characteristics of the listedsfias control variables. We
include the natural log of assets, LN(ASSETS), as measure®f ROA as a measure of
profitability, DEBT_RATIO as a measure of leverage, and CABATIO as a measure of
liquidity, but none of the variables have a statistically sigmfigapact on the magnitude of the
rating change.

As a robustness check, Models 5 and 6 repeat the variable strottiedel 4, but
separate the observations into categories of positive and negatigatials, respectively.
Separating the sample into these two categories resultsuncaation of the dependent variable
(i.e. the change in rating), so we estimate Models 5 and 6 usingiapfocedure. The results
for both Models 5 and 6 are consistent with the findings in Models 1 thbud he pre-listing
and listing day CARs are statistically related to the change in rating upstmde

To ascertain the economic significance of our results, congluercoefficient for
LIST_CAR(-7,-1) in Model 4 of -1.515. A one percentage point declinkarpte-listing CAR
is associated with a rating downgrade of about 0.015 notches. Aglérste this may seem
trivial, but the mean pre-listing CARs from Table 5 are substintarger than 1%. The fact
that the pre-listing CARs are good predictors of rating changes dglmting suggest that the

CreditWatchis still too slow in reflecting the changes in firms’ financial positions.

C.4 Robustness Checks
Probit Model

As a robustness check, we perform ordered probit regressionsthsirsgme variable
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structures as Models 1, 2 and 4 in Table 7. The results areteckse Table 8, and confirm our
previous findings. Separate intercepts are reported for eachtotegoif rating change. The
intercept values exhibit a monotonically increasing pattern. Bd8IT LCAR(-7,-1) and
LIST_CAR(0,0) are again statistically significant, but obaér magnitude relative to Table 7.
This finding is not surprising given that the ordered probit procedure provides a sipéeitiept
for each category of rating change, instead of a single inteeeph the OLS and Tobit
procedures in Table 7. The usefulness of pre- listing CARs in pregibe rating changes on
the delisting date once again suggests @ratitWatchdoes not reflect the changes in the listed
firms’ financial positions timely enough.

Initial Bond Quality

Studies in the literature (e.g. Brister, Kennedy, and Liu, 198don and Zhang, 2007)
have shown that for the same magnitude of downgrade (e.g. downgrade Ibptohg the
impact on a low-grade bond (e.g. from B+ to B) tends to be griématera high-grade bond (e.g.
from A+ to A) because low-grade bonds are closer to bankruptcyhagdate more scrutinized
by investors and regulators. As a robustness check of o@rexhitWatch We choose the
largest category with similar rating changes, the one riamgrades, and construct three sub-
categories based on the initial rating: high ratings (A+)iome ratings (BBB), and low ratings
(B+).

The results of the analysis are presented in Table 9, and deastw(tisat the initial level of
the rating is an important determinant of the magnitude of the &ilk®unding th€reditWatch
results, we examine whether the same principles holds true for the CAR surrainedisting
listing date. The magnitude of CARs during the pre-listing period in@@aseotonically as the

credit level decreases. For instance, the CARs over the period (-60, -1) are -8.99%, and
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Table 8: Ordered Probit Model

This table presents results of an ordered probit model that regresseshatiggs at delisting on
the CAR surrounding the listing date and other control variables.d@&pendent variable in all
models is the numerical change in rating that occurs uponinglisbm CreditWatch An
upgrade (downgrade) is reflected by a negative (positive) numbi&T CAR(Ty,Ty) is the
CAR computed from days;Tto T, relative to the day listed o@reditWatch SPAN is the
number of days between listing and delisting. LIST_RATING istlmaerical rating at the time
of listing. NEAR_JUNK is a dummy variable equal to one for neghtilisted firms with an
initial rating of BBB+, BBB, or BBB-. NEAR_INVESTMENTs a dummy variable equal to
one for positively listed firms with an initial rating of BBBB, or BB-. Financial variables are
from the fiscal year ending prior to the listing date: LN$ESS) is the natural log of total
assets, ROA is net income divided by total assets, DEBT_RAd IGtal liabilities divided by
total assets, CASH_RATIO is cash and equivalents divided byassaits. ***, ** * denotes
statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent Variable: Rating Change Ordered Probit Ordered Probit Ordered Probit
@ @ (©)]
Intercepts:
Down 6 Notches -2.940 ok -2.555 ok -2.324 ok
Down 5 Notches -2.519 kX -2.141 ok -1.901 kX
Down 4 Notches -2.050 ok -1.668 ook -1.424 Hohok
Down 3 Notches -1.349 ok -0.961 ook -0.759 *
Down 2 Notches -0.705 ok -0.313 * -0.084
Down 1 Notches 0.307 ok 0.735 ok 0.984 ok
Affirmed 1.450 kX 2.018 ok 2.276 kX
Up 1 Notches 2.109 ok 2.794 ok 3.087 Hohok
Up2 Notches 2.387 ok 3.101 ok 3.390 ok
Up 3 Notches 2.633 ok 3.377 ok 3.708 ok
Up 4 Notches 2.752 kX 3.519 ok 3.884 ohx
Up5 Notches 2911 kX 3.706 ok 4.145 kX
Up 6 Notches 3.022 kX 3.843 ok
Up 8 Notches 3.175 ok 4.037 ok 4.337 Hokok
LIST CAR(-7,-1) -0.895 Fokk -0.963 Hokk -1.235 Fokk
LIST CAR(0,0) -1.818 Fokk -1.512 Hokk -1.473 Fokk
LIST CAR(1,3) 0.193 0.322 0.115
SPAN -0.002 ok -0.002 Hokk
LIST_RATING -0.022 * -0.029 ok
NEAR JUNK 0.242 *k 0.291 Fokok
NEAR INVESTMENT -1.458 Fokk -1.469 Fokok
LIST CAR(-7,-1)* NEAR JUNK 1.855 *k
LIST CAR(-7,-1)* NEAR INVESTMENT 0.494
LN(ASSETS) -0.009
ROA -0.217
DEBT_RATIO -0.106
CASH_RATIO 0.124
Year Dummy Yes Yes Yes
R-Square 0.11 0.22 0.25
AIC 1909.38 1835.78 177591
N 598 598 583
Equality of Coefficients (F-test) Difference Difference Difference
Ho:LIST_CAR(-7,-1) = LIST_CAR(0,0) 0.923 * 0.549 0.238
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Table 9: Reaction to One-Notch Downgrade based on Initial Bond Quality

This table examines the effect of bond quality on the magnitudailgfabnormal returns (AR)
and cumulative abnormal returns (CAR) over various event windows surrouhditigting date.
Abnormal returns are computed using the market model (MKT) asiliegan Section .

Downgraded by one notch samples are decomposed into different ab@rording to their
original listing position. Variables are defined same as before, *** denotes statistically

different from zero based on a standard t-test at the 10%, 5% and 1% levelsiviedgpect

AR Downgrade-by-One-Notch
Day Downgrade from Downgrade from Downgrade from B+
A+to A BBB to BBB- toB

-7 0.18% -0.58% * -1.00%

-6 -0.89% ok -0.74% -1.23%

-5 0.23% -0.67% -3.21% o
-4 -0.46% -0.91% o -1.84% o
-3 -0.68% -0.64% -1.38%

-2 0.00% -0.28% 2.96% *

-1 -0.99% -1.92% ok -2.30% rxk
0 -2.67% oK -0.28% -8.69% owk
1 -0.35% 0.26% -3.17% rxk
2 -0.38% -0.81% o 2.54% o
3 -0.85% * 0.33% 4.54% oxx

CAR Downgrade-by-One-Notch
Day Downgrade from A+ Downgrade from Downgrade from B+
to A BBB to BBB- toB

(-60, -1) -2.19% -8.97% ok -19.52% ok
(-30, -1) -3.73% -71.91% o -13.37% oK
-7,-1) -2.62% * -5.74% oK -8.00% oK
0,0) -2.67% stokok -0.28% -8.69% ok
(+1,+3) -1.57% ok -0.22% 3.91%
N. 10 23 12
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-19.52% respectively for high rated (from A+ to A), medium rated (from BBB to-BBBd

low rated (from B+ to B) bonds. The pattern persists for the ptteelisting event windows as
well, supporting the conclusions of prior research that for a givemitaae of rating change,
the impact of rating changes is greater for lower rated boftie. key difference, however, is
that our results demonstrate equity markets are reasonably gpoedatting the future rating
change before the firm is placed GreditWatch especially for those firms listed with negative
potential. The results once again suggest @raditWatchdoes not reflect the change in the
financial positions of listed firms’ timely enough.

D. Conclusion

We examine whether rating agencies are sacrificing tingsibg pursuing rating stability
by investigating the response of the equity market to thedisind delisting of firms on S&P’s
CreditWatch a service whose intended purpose is to improve the timeliness ehation about
changes in credit ratings. Despite its intended purpose, we findCteaitWatchis not
completely effective at achieving this goal.

We report three empirical results that support our conclusiorst, Rie find that equity
markets experience substantial positive (negative) abnormal rdarrecempanies listed with
positive (negative) potential o@reditWatch priorto the listing date. The pre-listing abnormal
returns not only reflect the direction, but also the magnitude imigrahanges on the delisting
date. Second, equity markets exhibit little reaction to the uhglistf a company from
CreditWatch even when the delisting is accompanied by a change in .ratmgl, we find that
the pre-listing abnormal returns in equity markets are good preslictdyoth the direction and
the magnitude of the eventual change in credit. This is especiadl for those firms listed with

negative potential, which is by far the most common listing ty@ellectively, our findings
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suggest that rating agencies may sacrifice timelinesgshiorsake of stability and that even
CreditWatch, which is designed to mitigate the disadvantageddsrating stability, is not a
completely effective instrument.

If an advance notice service such as CreditWatch is almadabtantially anticipated by the
market and too slow in conveying information, credit rating agem@g need to reconsider
whether a policy of issuing stable ratings is too costly. leria repair the reputational damage
suffered during the 2007-2008 financial crisis, credit rating agenonust develop more

effective measures to convey changes in default probability to the markinielyamanner.

103



REFERENCES

Altman, Edward, and Herbert Rijken, 2004, How rating agencies achieve fatiigys Journal
of Banking and Financ28, 2679-2714.

Altman, Edward, and Herbert Rijken, 2006, The added value of rating outlooksatamgl
reviews to corporate bond ratings, Working Paper, New York University Salomorr.Cente

Brister, Bill, Robert Kennedy, and Pu Liu, 1994, The regulation effectedfit ratings on bond
interest yield: The case of junk bondsurnal of Business Finance and Account?ig 511-
531.

Cantor, Richard, 2001, Moody’s investors service’s response to theltatimsypaper issued by
the basel committee on bank supervision ‘A new capital adequacevirank,’ Journal of
Banking and Financ@5, 171-185.

Cantor, Richard, and Christopher Mann, 2003, Are corporate bond ratingsligai@yloody’s
Special Comment (October).

Cantor, Richard, and Christopher Mann, 2007, Analyzing the tradeoff ée®&&ngs accuracy
and stability, Moody’s Special Comment (Spring).

Cheng, Mei and Monica Neamtiu, 2009, An empirical analysis ohgd® in credit rating
properties: Timeliness, accuracy and volatililpurnal of Accounting and Economid3,
108-130.

Dichev, D. llia and Joseph D. Piotroski, 2001, The long-run stock returns iiadjdxend ratings
changesJournal of Finances, 173-203.

Goldstein, Morris, Graciela Kaminsky, and Carmen Reinhart, 2000, sgisge Financial
Vulnerability: An Early Warning System for Emerging Markdtsstitute for International
EconomicsISBN 0-88132-237-7.

Hand, John R.M., Robert Holthausen, and Richard Leftwich, 1992, The effect of doryl r
agency announcements on bond and stock pdoesnal of Financet7, 733-752.

Holthausen, Robert and Richard Leftwich, 1986, An analysis of the infiomahvalue of bond
rating changeslournal of Financial Economick7, 57-89.

Hull, John, MirelaPredescu, and Alan White, 2004, The relationship betwedihdefault swap
spreads, bond yields, and credit rating announcemaousnal of Banking and Financ2s,
2789-2811.

Jorion, Philippe and Gaiyan Zhang, 2007, Information effects of bond i@targges: The role
of the rating prior to the announcemehaurnal of Fixed Incomé&6, 45-60.

104



Loffler, Gunter, 2005, Avoiding the rating bounce: Why rating agencieslaneto react to new
information,Journal of Economic Behavior and Organizatief, 365-381.

Morgan, Donald P., 2002, Rating banks: Risk and uncertainty in an opaque indostrncan
Economic RevieWw?2, 874-888.

Norden, Lars, and Martin Weber, 2004, Informational efficiency of treefiault swaps and
stock markets: The impact of credit rating announceméatsnal of Banking and Finance
28, 2565-2573.

Reinhart, C.M., 2002, Credit ratings, default, and financial crisggleBce from emerging
markets World Bank Economic Reviel$, 151-170.

Sy, Amadou, 2004, Rating the rating agencies: Anticipating curremsesc or debt
crises?]ournal of Banking and Finan@8, 2845-2867.

Wansley, James W. and Terrence M. Clauretie, 1985, The impacedit\@atch placement on
equity returns and bond pricelgurnal of Financial Researdd, 31-42.

105



Appendix I: Credit Rating Transformation

The following is the scale used to transform credit ratings from lettersrierraal values, which
is consistent with Morgan (2002). Note that the bonds with the hi¢bestst) quality receive
the lowest (highest) numerical score.

S&P’s Numerical
Credit Rating | Rating

AAA
AA+
AA
AA-
A+
A

A-
BBB+
BBB
BBB-
BB+
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BB-
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Appendix IlI: Industry Classification

This table summarizes the breakdown of industries representee sample by the first digit of
the SIC code in Compustat.

1st  Digit SIC | Positive Negative

Code 8 Potential P otge ntial Total Percent of Total
v 0 2 2 0.34%
! 6 31 37 6.34

2 7 85 102 17.47

3 25 102 127 21.75

4 21 114 134 22.95

> 9 40 49 8.39

0 11 54 65 11.13

! 6 36 42 7.19

8 1 22 23 3.94

? 1 1 2 0.34
Total 97 487 584
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Conclusion

My dissertation focuses on the topic of bank opacity, corpo@tergance, and credit
ratings. In the first paper, | use disagreements on dual-datet issues by firms to proxy for
information uncertainty and validate Morgan’s (2002) finding that gasiplits are more likely,
and the magnitude of rating gaps are larger, for banks relativertbanks. Asset composition
and capital are inherent sources of information uncertainty for b&acity is more severe for
banks with higher loan and trading asset holdings and lower risk-wdighpital. Importantly,
evidence indicates that participation by banks in mortgage-backet securitization increases
its complexity and opacity. Additionally, | also discover that tatoisagreements reflect
market proxies of information uncertainty. Last but not least, etsrkrice information
uncertainty.

The second paper emphasizes on the potential prevention of systesiati The results
suggest that systemic risk is caused by excessive investment in @gagte Further, evidences
indicate that the over-investments in opaque assets are drivenakycagorate governance in
compensation mechanism, ownership structure, and board effectivenesBiCheTherefore,
it turns out that fragile corporate governance leads to excessi@stment in opaque assets,
which in turn leads to systemic risk.

The third paper investigates the timeliness and stability olilefak announcements made
by rating agencies. In particular, | examine whether cnedihg agencies, as default risk
information producers, are effective in balancing two conflicting ateta from the financial
market: to maintain rating stability and to convey timely infation to the market. Evidences

suggest that rating agencies are too slow in making the announcement of didit wa
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