The End of Market Discipline? .
Investor Expectations of Implicit Government Guarantees

Viral V. AcharyaA
NYU-Stern, CEPR and NBER

Deniz Anginer’
Virginia Tech

A. Joseph Warburton®
Syracuse University

February2016
Abstract

Using bonds traded ithe U.S. between 1990 and 2012, we find that bond credit spreads are sensitive to

ri sk for most financi al institutions, but not for
between firm size and rissensitivity of bond spreads is re#en in notfinancial sectors. We confirm the

robustness of our results by employing different measures of risk, controlling for bond liquidity,
conducting an event study around shocks to investor expectations of government guarantees, examining
explicitly and implicitly guaranteed bonds of the same firm, and using agency ratings of government
support for financial institutions

JEL ClassificationsG21, G24, G28.
Keywords Too big to fail,financial crisis Dodd-Frank,bailout, implicit guaranteenoral hazard, systemic risk

" We thank Barry Adler, Neville Arjani, Andrew Atkeson, Leonard Burman, Asli Demikguat, Lisa Fairfax,

Renee Jones, Bryan KellBenjamin Klaus Randall Kroszner, Stefan Nagel, Donna Nagy, Michael Simkovic, and
conference/seminar parifi@nts at the American Finance Association annual meeBaggue de FranceToulouse

School of Economics @hference International Atlantic Economic ConferendeDIC 13" Annual Bank Research
Conference, NYU Stern, University of Chicago, George Wasbimdtniversity, Federal Reserve Bank of
Minneapolis, Federal Reserve Bank of Philadelphia, “Ga#nfordHarvard Junior Faculty Forum, and the Northern
Finance Association annual meeting. We also thank Min Zhu for excellent research assialibagers are our

own. This project was made possible through the support ofsgram the John Templeton Foundatiand the

World Bank The opinions expressed in this publication are those of the authors and do not necessarily reflect the
views of the John Tepfeton Foundatiolr the World Bank

AC V Starr Professor of Economics, Department of Finance, New York University Stern School of Business, New
York NY 10012, Email: vacharya@stern.nyu.edu.

¥ Assistant Professor of Finance, Pamplin College of Businésginia Tech, Falls Church VA 22043,-Bail:
danginer@vt.edu.

8 Associate Professor of Law & Finance, Whitman School of Management & College of Law, Syracuse University,
Syracuse NY 13244,-Bail: warburto@syr.edu.



I. Introduction

The inancial sectorreceived unprecedented amount of government suplporig the
20072008 financial cris. The nature and the magnitude of this support have renewed
concernsaboutmoral hazardarising from investor expectations of bailouts of large financial
institutions. In thispaper,we examine the overall cost and the risk sensitivity of delhe
financial and noffinancial sectorsover the 1990 to 2012 time peridd/hile large firm size is
as®ciated with lowercostand lower risk sensitivity of debt in the financial sector, a similar
relationshipis not present ithe nonfinancial sectors

The differenceswe observeare consistent with investrexpecting a government
guarantee to suppddrge financial institutions times of distress This expectationf support
can result from the government following a-oig-to-fail (TBTF) policy of not allowing large
financial institutions to fail if their failure would cause significant disruption to the
financial system and economic activity. The expectation by the market that the government
may providea bailout iscommonlyreferred to as an implicit guarantee; implicit because the
government does not haeay explicit, ex ante commitment to @énvene. In the absence of an
implicit governmentg u ar ant e e, mar ket participants woul d
and incorporatethose assessmenigto s e ¢ u r prites, eegnanding higher yields on
uninsureddebt in responseto greaterrisk taking by the bank. However, for the marketto
discipline banksin this manner, debtholders must believe that they will bear the cost of a bank
becoming insolvent ofinancially distressed. An implicit government guarantee dulls market
discipline by reducigi nvestorsé incentives to monitor an
TBTF candidates. Anticipatioof governmentsupportfor major financial institutions could
enablethe institutions to borrow at costs that do not reflect the risks otherwise intteire
theiroperations compared to other industries.

On the other hand, investorsmay notexpectthe governmentto actually implement
TBTF policies, as there is no formal obligation to do so. The possibilitybaflaut mayexist
in theory but not reliabdy in practice, and as a result, market participantsmay not price

implicit guarantees. It is also possible that the introductia new financial laws and

*The U.S. gowsandingebritcdys olfomMigconstructive ambiguityo (Frei
to encourage that uncertainty. To prevent investors from pricing implicit support, authorities do not typically
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regulations,like the Dodd-Frank Wall Street Reform and Consumer Protection Act of 2010
(Dodd-Frark), may have eliminatedBTF expectations.Hence,it is an empirical question
whetherthe implicit guaranteds considered credibland priced irby market participants.

In this paper, we examine the relationship between the risk profiles of U.S.
financid institutions and the credit spreadson their bonds. We showthat while a positive
relationship exists betweenrisk and credit spreadsfor medium and small institutions, the
risk-to-spread relationship is significantly weaker for taegest institutions Becausethey
pay a lower price for risk than other financial institutions, the large institutions receive a
funding advantage as a result of the perceguedantee.

We show that this relationshipbetweenfirm size and risk sensitivity of bond spreads

is not present in nefinancial sectors. Comparing financial firms to fforancial firms allows
us to control for generaladvantagesssociatedvith size that may affect both the level of
spreads anthe pricing of risk. ForinstanceJargerfirms may have lower funding costsdue
to greater diversificationlarger economiesof scale,or better accessto capital marketsand
liquidity in times of financial turmoil. Such general size advantages are likely to affect the cost
of funding for large firms in indstries beyond just the financial sector. We ushffarence
in-differences approach and compare differences in spreads of large and small financial
institutions to differencesin spreadsof large and small companiesin nonfinancial sectors.
If bondinvestors believehat all of the largestfirms (both financial and nonfinancial) are
too-big-to-fail, then largenonfinancial firms should enjoy a funding advantagesimilar to
that of large financial institutions. However, we find this is not the case. We find that a
substantialsize funding advantagexistsfor financial institutions even after controlling for
the effect of size on credit spreads for nefinancialfirms.

We also use the differende-differences approach in examining the sensitivitgreidit
spreads to changes in risk. We find that the risk sensitivity of spreads is substantially weaker
for large financial institutions than for large nonfinancial firms. These differenceswe

observe between financial and rigmancial firms are not deito differences in the liquidity of

announce their willingness to support institutions they consideritptofail. Rather, they prefer to be ambiguous

about which troubled institutions, if any, would receive support. Ever since the U.S. Comptroller of the Currency
named eleven banks Atoo big to failodo in orn§rge aut hor
institutions and declaring that support was neither guaranteed nor to be expected, permitting institutions to fail when
possible to emphasize the point. This has led authorities to take a seemingly random approach to intervention, for
instanceby saving AIG but not Lehman Brothers, in order to make it difficult for investors to rely on a government
bailout. While this does not eliminate the subsidy, it does reduce its value.
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their bonds. Our resultsarerobustto controlling for variousmeasure®f liquidity.

Consigent with thesefindings, we show that outside discipline is less effective in
curbing risktaking behavior offinancial institutions. In particular,we find that, while the
risk of a financial institution, on average,is responsive to various measures of outside
discipline (e.g., Duan, Moreau and Sealy 1992), thisot the casefor the largestfinancial
institutions. We exanine the sensitivity of leverageto changesn firm risk, and find that
this relationshipbreaksdown for large financial institutions. Wealso examinethe fair value
of insuring firm liabilities in order to study the incentive of financial institutions toshift
risk onto taxpayers. We find that large financial institutions leageeaterability to shift risk
than their smaller counterparts. We find similar resultswhen we repeat the analyses using
nonfinancials as @ontrol. Thesdindings contradictthefi ¢ h awr at | eblypobhesisput forth
by Bliss (2001, 2004) and others.

Our results are robust to using different measures of firm fiskhe analyses, @use
both accounting and equity based measures. Implicit guarantees may affect both levcerage an
asset volatility which may inflate equity valyeghich in turn can affect equity based measures
of risk, such as, th®lerton (1974)distanceto-default measureFor robustness, we create an
adjusted measure of distaAoedefault by removing the effecff size on market leverage and
standard deviation of equity returhsWe find similar results using measures of risk adjusted
for firm size.

The differences in cost of funding and risk sensitivity we observe may be driven by
omitted variables. To addreshis concern, we carry out two additional analyses. First, we
examine credit rating agenciesod expagentiesti ons
(such as Fitch) esti ma-lene fmmandial corditian iseparateifrons t i t ut
its likelihood of receiving external support. Using these tpady estimates of risk and
support, we find that i nv e setewimggovemmasigpport.tan i nst

Second, we conduct an event study around shocksto investor expectations of
implicit guarantees We find that, following the collapse of Lehman Brothers, larger

financial institutions experienced greater increases in their credit spreads than smaller

®In particular, ve run a crossectional regression of equity volagi and market leverage on sizeeach time

period We then compute adjusted market leverage and volatility values by multiplying the coefficient on the size
variable from the regression by the median firm size in a given namathsethese values toompute an adjted
distanceto-default measure (See section Ill).
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institutions. The spreads of large financial institutions also bezanore risk sensitive after the

collapseo f Lehman. Foll owing the governmentoés r e
the Troubled AsseRelief Program(TARP) and other liquidity and equity supportprograms,

larger financial institutions experiencedreater reductions in credit spreads than smaller
institutionsexperienced. Thespreadsof large financial institutions also becameless risk

sensitive after these events. Thes@vent study results continue to hold when we use a
triple-differencing apprach and use norfinancial firms ascontrols. Although, we cannot
completely rule out the possibility of omitted variables driving the differences we obterve,

results provideompellingevidence ofnvestors pricing in implicit guarantees.

Finally, we examine the impact of the passage of Dédank in reducing investor
expectations of government support. We conduct an event study around the passage of Dodd
Frank using a short event window of 10 days as well as a longer event window of 12 months.
We find that passage of Dodetank did notsignificantly alterinvestor expectations of future
government support. These results continue to hold when we use -@iffgriencing approach
and use noffinancial firms as controls. Walso conduct the event sy using fonds issued
under the FederaDe po si t l nsurance Corporationds (FDIC
Program This approachallows us examinewithin-firm variation and compareimplicitly
guaranteed bonds txplicitly guaranteed bonds issuéy the samefirm. Using this approach,
we do not find that Dod#rank altered the spredifferential between FDIGuaranteed bonds
and norFDIC guaranteed bonds of the same firm

Our contribution to the literature is twofold. First, we provide evidence kbat
spreads ard¢ess sensitiveto firm risk for large financial institutions than for other financial
institutions.  Unlikeprior work on the risk sensitivity of bank debt, we examinethe risk
sensitivity of debt separateljor large versussmall financid institutions. We also show that
leverageand capital ratiosof large financial institutions are less sensitiveto changesn risk,
andthatlargefinancial institutionsare able to engagein greaterrisk-shifting onto the public
safetynet. Our secondcontribution is to show that this relationship between firm size and risk
sensitivity ofbond spreadss not presentin nonfinancial sectorsand is robustto alternative

approacheso address potenti@ndogeneity.



In the next section, we discuss the rethliterature.In Section Ill, we describe theata
and methodology. Our main results are described in Section IV. Section V caotaiustness

tests. We conclude in Sectivih

Il. Related Literature

A large literature examineswhetherthe market can provide discipline againstbank
risk taking(DeYounget al. 2001, Jagtiani,Kaufmanand Lemieux 2002; Morgan and Stiroh
2000; Calomiris 1999; Levonian 2000; and Flannery 1998). This literature examines whether
there isa relationshipbetweena b a n Kuédéng cost and its risk. Studies presentsome
evidencet h at subordinated debt spreads reflect
consequentlyproposethat banks be mandatedto issue subordinateddebt. While these
studiesfind thatab a n k 6 mofile has dome effect arredit spreads, the existence of fisk
sensitive pricingdoes not necessarily mean that investors are not also pricing an implicit
guarantee.

In contrast to the extensive literature studying the spr@adk relationship in
barking, a much smaller literature focuses on the role of implicit government guarantees in
that relationship. These studies examine how the sipoedsk relationship changes as
investor perceptionsof implicit government support changes. Their premise is that
investorswill price bankspecific risk to a lesser extent during periods of perceived liberal
application of TBTF policies, and will price bangpecific risk to a greater extent during
periods ofperceived restricted application of TBTF policieslarfhery and Sorescu(1996)
examineyield spreadson subordinateddebtof U.S. banks over the 1988991 period. They
believe that the perceived likelihood of a government guarantee declined over that period,
which began with the public rescue of Continkitmois in 1984andendedwith the passage
of the FDIC ImprovementAct (FDICIA) in 1991. Theyfind that yield spreads were not risk
sensitive at the start of the period, but came to reflecspleeific risksof individual issuing
banksat the end of the period, as conjecturalgovernmentguarantees supposedly weakened.
They also find the effect of bank size to have a lower influence on spreads in the later time
period. Sironi (2003) reaches a similar conclusion in his study of European banks th&ring

19912001 period. Sironi believes that, during this period, implicit public guarantees



diminished due tothe loss of monetary policy by national central banks and budget
constraintsimposedby the European Union. Using yield spreads on subordinatedatieb
issuance to measure tbest of debt, Sironi finds that spreads became relatively more sensitive
to bank risk in the second paof the 1990s, as the perception of government guarantees
supposedly diminishedln other words, thesstudies argue thats the implicit guarantee was
diminished through policy and legislative chang#sbht holderscameto believe that they

were no longer protectedfrom lossesand respondedoy more accurately pricing risk. But
these studies analyze the rsdnsitivity of abt withoutexplicitly differentiating potential
TBTF candidates from other bandesd without using nefinancial firms as controls.

Later studies do attempt to identify TBTF banks and reach a different conclusion about
the spreadrisk relationship.Thes studiesdefine TBTF banks using the eleven banks
that weredeclaredii t bdigto f a iby thie Comptrollerof the Currencyin 1984. Morgan
and Stiroh (2005) determinethat the spreadrisk relationshipwas flatter for the named
TBTF banks than it was fortleer banks. They find that this flat relationstigyr the TBTF
banks existed during the 1984 bailout of Continentallllinois and persisted into the 1990s,
even after the passage of FDICIA in 1991, contrary to the findingdasfnery andSorescu
(1996). Similarly, Balasubramnianand Cyree (2011) suggest that the spreadrisk
relationship flattened for the TBTF banks following the rescue of {Iergn Capital
Management in 1998. These studies, however, define a TBTF institution using the
Comptr ol froemrl684. Clonsexjuently, the usefulness of their TBTF definition is
confined to a particular historical period. In contrast, we identify TBTF institutions by
employing various measures of size and systemic risk. Our TBTF definition captures time
variation and is relevant throughout our period of analysis. Using this approach, we are able to
analyze TBTF over a longer period of time (19811 2), including the recent financial crisis.
Further, we undertake a more detailed analysis of the role TBTF ptayssin the spreadsk
relationshipthan prior studies have danén addition to comparing larger financial institutions
to smaller financial institutions, we also compare larger-fiancials to smaller nen
financials. We show that the effect ofnfirsize onthe risk sensitivity ofoond spreads is
present in the financial sector, but not in the-financial sector. Moreover, our results are
robust to controls for liquidity and multiple measures of risk. We also address endogeneity

issues by perfoning event studies and additional robustness tests.



Other studies in the literature have taken different approaches to measuring funding
cost differentials arising from expectations of support, using credit ratings or interest rates on
deposits.Credi t rating studies focus on the rating
from a rating agencyas a result of expectationsof governmentsupport. The uplift in
ratingsis then translated into a basis point savings in bond yields (Ueda ana KaLP;

Rime 2005). These studies, however, measure reductions in funding costs only indirectly, by
studying differencesn credit ratings, not directly using market price data. Market prices
reflect the expectationsf actual investors in the market anfdr many institutions, are
available almost continuously. Assresult, while these studies might support the notion that

an implicit guarantee exists, they dot provide a precise measuretof Deposit studies focus

on differences in interest rateaigp on uninsured deposits ftwanks of different sizes (e.g.,
Jacewitz and Pogach 2013). This approach, however, relidgsecessumption that interest

rate differentials are attributable to expectations of governmgmport. Other factors could
affectuninsured deposit rates, such as the wider variety of servicelthatbankscan offer

relative to thoseoffered by small banks,andthe lower costat which they can provide those
services. Finally, Tsesmelidakis and Merton (2B)1 and Tsesmelidakisand Schweikhard
(2015)using a modetalibrated to the prerisis regimeshow that there was structural break

in the pricing of banklebt and CDS icesduring the financial crisisThis approactassumed

correct pricing prior ¢ the crisisand the constancy ehlibrated parameters

Although most research on implicit government gotgas has examined debt prices,

there is also workivestigainge qui ty pr i c e s . 990diadHatr pasitive waehlthS h a w
effects accrued to shareholders of the eleven banks named TBTF by the Comptroller in 1984.
More recently, Ghandi and Lustig (2015) examine equity data to investigate implicit support of
banks. Otherstudiessuggest that sih@holders benefit from mergers and acquisitions that result
in a bank achieving TBTF stats.g., Kane 2000) Studies find thagreater premiums are paid
in larger M&A transactions, reflecting safety net subsidies (Brewer and Jagtiani 2007;
Molyneux, Sclaeck and Zhou 2010) Equity studies conjecture that implicit support will impact
a TBTF bankos stock pr i c ebybngreasirggroficabilitygBuhet s c os

immediate and mostalued beneficiaries of TBTF policies willbetimst t ut i onds debt he

" Similarly, Penas and Unal (2004) show that bond spreads also tend to decline after a bank merger when the
resulting entity attains TBTF status.



II'l. Data and Methodology

We collect data fofinancial firmsand norfinancial firmsthat have bonds tradefliring
the 1990 to 2012 periodFinancial firms are classified usi®andard Industrial Classification
(SIC) cods of 60 to 64 (banks,brokerdealers exchangesandinsurance companigsand 67
(other financial firms). We exclude debt issued by government agencies and government
sponsored enterpriseskirm-level accounting andtock price information are obtainefilom
COMPUSTAT and CRSP for the 9@ 2012 period. Bond data come from three separate
databases: the Lehman Brothers Fixed Income Database (Lehmtr® X6€0-1998 period the
National Association of Insurance Commissioners Database (NAIC) for tf8&2098 period
and the Trade Reporting and Compliance Engine (TRACE) system dfatase¢ 2006-2012
period We also use the Fixed Income Securities Database (FISD) for bond descriptions.
Although the bond dataset starts in 19&0hassignificantly greatr coveragestarting in 1990.

In this paperwe focus on the 199R012 period.

Our sample includes all bondssued in the U.S. bfirms in the above datasets that
satisfy selection criteria commonly used in the corporate bond literaduge Anginer and
Yildizhan 2010 Anginer and Warburton 2@). We exclude all bonds that are maifpriced
(rather than markgtriced). We remove all bonds with equity or derivative features (i.e.
callable, puttable, and convertible bonds), bonds with warrants,arts bwith floating interest
rates. Finally, we eliminate all bonds that have less than one year to maiflingye are a
number of extreme observations for the variables constructed from the bond datasets. To ensure
that statistical results are not hayaunfluenced by outliers, we set all observations higher than
the 99" percentile value of a given variable to thé"Qgercentile value. There is no potential
survivorship bias in our sample, as we do not exclude bmsded by firms thahave gone
barkrupt or bondsthat have maturedin total, wehaveover 300uniquefinancial institutions
with 45,000 observationsand about 1,000 neimancial firmswith 75,000 observationghat
have correspondingreditspread andbtal asseinformation(Table 1)

For eachirm, we compute thendof-monthcredit spread on its bondspread), defined
as the difference between the yielditsnbonds andhat d the corresponding maturiyatched

Treasury bond We are interested in systemically importéinancialinstitutions, as these firms



will be the beneficiaries of potential TBTF intervention&/hile we focus on large institutions,
we recognize that factors other than size may cause an institution to be systemically important.
For instance, a large firm with simple, transparent structure (such as a manager of a family of
mutual funds) might fail without imposing significant consequences on the financial system,
while a relatively small entity (such as a mortgage insurer) that fails might cause substantial
stress to build up within the system (Rajan 2010). Characteristics that tend to make an institution
ftoo systemicto failo include interconnectedness, number of different lines of business,
transparency and complexity of operations. But these charactetestid to be highly correlated
with the size of a financi al i nstitutionos
instance, show that the systemic risk contribution of a given financial institution is driven
significantly by the relative sizef its assets. Dodd-Frank also emphasizes size in defining
systemically important financial institutions. Large size even without significant
interconnectedness may carry political influence (Johnson and Kwak 200@.employ
multiple measures of firmise. One isthesize (og of assetsof afinancial institution §ize in a
givenyear A seconds whethera financial institution $ in the top 98 percentile offinancial
institutionsranked by assets in a given yésize9(), and a third is whethex financialinstitution
is one of the ten largest institutions in terms of size in a given(giear top_1p® Theselatter
two measure aremeant to capture very largastitutions,which are likely to benefit most from
TBTF policies. As mentioned ea#r, although systemic importance and size are likely to be
highly related, there could be areas of differences. Heaceplbustness, we algxamine toe
big-to-fail in relation to systemic importance by usibgo commonlyutilized measures of
systemicimportance the Adrian and Brunnermeir (2011fovar measureg(covan, and the
Acharya Engle and Richardsof2012)and Acharya et al. (2018)ystemic risk measursr{sk).
The computation of these systemic importamsasuress in AppendixA.

A number ¢ different measures afreditrisk have been used in the literaturd/e use
Me r t distadcgto-default(mertordd) as ourprimaryrisk measurgrisk). Distanceto-default
is based oMe r t o n 0 strucfurblTréddt jisk modelln his model,the equty value of afirm

is modeledas acall option on thdirmdé s g whscle is ¥sed to compute asset values and asset

8 For nonfinancial firms, we compute sitar measures. Since financials make up close to 40% of the sample, we
group nonfinancial firms separately when we rank these firms by size and assign a dummy variable if they are in
the top 98 percentile in terms of size. We found similar results gy nonfinancial firms into 5 or 10 Fama
French industry groups and then ranking them by size.
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volatility. Distanceto-defaultis the difference between the asset value of the firm and the face
value of its debt, scaled by the standh devi ati on of % We folbw r mé s
Campbel |, Hi |l scher and Szilagyi (2008) and H
distanceto-default. The detailsof the calculationare in Appendix A. A higher distanceto-
default numberignals a lower probability of insolvency

Implicit guarantees might affect equity values resulting in underestimation of risk using
the Merton(1974) distanceto-default model. To address this concern, we verify our results
using alternative measures k. We usez-score gscore, an accountingpased measure of
risk, computedas the sum of return on assets and equity ratio (ratio of book equity to total
assets), averaged over four years, divided by the standard deviation of return on assets over four
years (Roy 1952).The z-scoremeasures the number of standard deviations that a financial
institutionds rate of return on assets can f:
higher zscore signals a lower probability of insolvendy.z-scae is calculated only if we have
accounting information for at least four yeatid/e alsocompute an adjusted distariedefault
measure, byemoving the effect of size on market leverage stashdard deviation of equity
returns Each month, weun a cr@ssectional regression of equity volatility and market leverage
on size'® We thencomputeadjusted market leverage amdlatility values by multiplying the
coefficient onthe size variable from the regression by the median firm size in a given month.
We run the regression and compute the median values separately for the financial and non
financial firms. We useadjusted market leverage and adjusted volatditgompute an adjusted
distanceto-default measureaglj-mertondd.’* To make sure that the résuare not sensitive to a
particular specification, we also createerond alternative measure of distat@default which
places more weight on recent equity returns in computing standard devifatiGiedlowing
Longerstaeyet al. (1996), we use a vghting coefficient of 0.94. We use the exponential

® The Merton distanceo-default measure has been shown to be a good predictor of defaults, outperforming
accountingbased models (Campbell, Hilscher andl&gii 2008; Hillegeist et al. 2004). Although the Merton
distanceto-default measure is more commonly used in bankruptcy prediction in the corporate sector, Merton (1977)
points out the applicability of the contingent claims approach to pricing depssitairce in the banking context.
Anginer and Demirgu&unt (2014), Bongini, Laeven, and Majnoni (2002), and others have used the Merton model
to measur¢hedefault probabilities of commercial banks.

19 Market leverage is computed as total liabilitiesidad by the sum of market equity and total liabilities.

' We also computed a distanttedefault measure that uses scaled standard deviation values as an input. In
particular, the standard deviationshainks in the top 90th percentile in terms of sizescaled to equal those aif

other banks. We obtain similar results using this risk measure.

12 Exponentially weghted moving average standafelviations are computed as;  _, f P _-h
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moving average method (EWMA) to compute standard deviatawhgch are then used to
constructthis alternativedistanceto-default measuree(vmamertondd. We also use equity

return volatility golatility), without imposing any structural forms a risk measur€ Volatility

is computed using daily data over the past 12 monfnsally, we use credit risk betdd-betg

to capture exposure to systematic credit risk shocksis obtained by regressing f i r mdé s
monthly changein distanceto-default on the monthly change valueweighted average
distanceto-default of all other firms using 36 months of past dta.

Following Flannery and Sorescu (1996) and Sironi (2003)firm-level controls include
leverage, return on assetsarketto-book ratioandmaturity mismatch Our bondlevel controls
include time to maturityand seniority of the bonds For the firmilevel controls, éverage
(leveragg is the ratio of total liabilities to total asset®Return on assetsr@a) is the ratio of
annual net income to yeand total assetsMarketto-book ratio (nb) is the ratio of the market
value of total equityo the book value Maturity mismatchrhismatch is theratio of shortterm
debt minus casto totaldebt Bond level controls includenhe to maturity {tm) in years and a
dummy variablethat indicates whether the bond is senigseniority). We also includehree
macro factorsthe market risk premiumngky, the yield spread between lctgrm (1Qyeay
Treasury bonds and the shtetm (threemonth) Treasuriestérm) as a proxy for unexpected
changes in the term structure, and the BAAA corporate bond spreadié€f) as a proxy for
default risk. The construction of the variables is in Appendix A.

We also compute two sets of liquidity measures based on transaction data availability.
First, liquidity measures are computendt the time period starting in 200&fter the introduction
of TRACE We use all bond transactions acompute four liquidity measusén this set The
first measure is basezh Amihud (2002) and measures the price impact of trading a particular
bond. The amihudmeasure is computed as the average absolute value of daily returns divided
by total daily dollar volume We also use a raedpase measur@ange to proxy for price
impact following Jirnyi (2010). rangeis computed ashe average othe high and low price
differential in a given day scaled lhye square root oflollar volume. Theroll measureapture
transitoryprice moverents induced by lack of liquiditgnd proxies for the bidsk spread of a

13 Atkeson, Eisfeldt and Wéil ( 2014) show theoretically that one can a
using data on the inverse of the volatility of that fi
1n computingdd-beta we require the company to have at least 24migsing monthly changes idistanceto-

default over the previous 36 months

12



bond based on the work of Roll (1984)The roll measure ixomputed as the covariance of
consecutive price changesThe fourth measurezeros is based on trading activity and is
computed as the percentage of days during a month in which the bond did notwaddso
compute an aggregate liquidity measusemnbda that combines the four liquidity measures
described above. FollowinBick-Nielsen Feldhutter and Lando (2012), wetandardize the
liquidity measures for each bond each mamtid then aggregate gestandardized measures
computdambda

Second, a liquidity measure is computedthefull time period, including years prior to
2003 We compute a liquidity measutgased on bond characteristics following Longstaff,
Mithal and Neis (2005).This measurdjquidity, is computed based on four bond characteristics
T amount outstanding, age, ti@maturity and rating. The maximum liquidity value assigned
to a bond isfour and the minimum liquidity value is zerolhe construeon of the liquidity
variables iglescribed in detail in Appendix A.

Summary statisticare reportedn Table 1. Panel A reports summary statistics for
financial firms and Panel Beports summg statistics fornonfinancial firms. Although it is
larger financial institutions that issue public debt, we see significant dispersion in asset size.

Following the empirical model in Campbell and Taksler (2003) and Gopalan, Song and

Yerramilli (2014), we estimate the following regression using a panel with one observation for

each bonémonth pair:

YR QRODP T YOKO T YQIiRQ T 6€ E6E E O RE Qi )

I "OQI66E &€ 0 & alil D OOV & 60l QDO - i,

In equation (1), the subscriptsb, andt indicate the firm, the bond, and the time (month),
respectively, an@E denotes fixed effects. The dependent variagpee@d is the credit spread.

To measureghe systemic importance of an institutioMBTFH, we use multiple measure$ an

institutionds size and systemic risk contr.i

IV. Results
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In this section, weexamine whethebondolders of major financial institutiortsavean
expectation ofgovernmentsupportby i nvestigating the relations:t
systemic importance and its credit spreads, after controlling for risk and other variAalatso
examine the impact i n i n s tsizet on thecredit 8pseado-risk relationship. We then
analyze the effectiveness of outside discipline on the -teking behavior of financial
institutions. Finally, weguantify the value of # fundingsubsidyTBTF institutions received on

ayearly basis over thed®0-2012 period.

1. Expectations ofGovernment Support

To determine whether bondholders of major financial institutions expect government
support, we estimate how tkee of a financial institution affectee creditspreadon itsbonds
using equatio (1) The results appear in Table 2The table showsa significant inverse
relationship betweenredit spreads andystemic importance First, we use asset sizgifg to
identify systemic importanceln column 1, ve see thasizehas asignificantnegative effect on
spread with larger institutions hawmg lower spreads.Next, we identify systemic importance as
a financial instiution in the top 98 percentile in terms of sizésize9) (column 2). The
coefficient onthe size90dummy variablds significant and negativendicating thatvery large
institutionshavelower spreads. In column3, we definea systemically importanhstitution as
one of the ten largest institutions in terms of size in a given gea_(op_10 Resultsagain
show that TBTF status has a significant negative effect on spreadscolumn4, following
Adrian and Brunnermeier (2011), we wwatoan i ns
identify systemically important financial institutions. Higher valuesofar indicate greater
systemic risk contributian Results show a significant negative relationship betwesar and
spread. That I s, the greater an institution:i
The second systemic risk measure we sk is based on the expected capital ghadr
framework developed by Acharya, Engle and Richardson (2012) and Acharya et al. (2010).
Results in column 5 show a significant negative relationship betaesiand spread. The
greater an institutionds systemic risk, the |

We also look at whethethe sizespreadrelationship varies by type ofinfancial
institution. We interacsizewith a dummy variable indicating whether the financial institution is

a bank, insurance company or broklealer (based on its SIC code)he esults appear in
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column6 of Table 2 The effect of size on spreadsn®stsignificant for the banks. &t does
not reduce spreads asuchwhen the financial institution is an insurance company or a broker
dealer.

There may be advantages associated with size that are not fully captured by the control
variables. As mentimed earlier,larger firms may have lower funding costs due to greater
diversification, larger economies of scale, or better access to capital markets and liquidity in
times of financial turmoil. We control for sch generabize advantagein estimating iwvestor
expectations of government suppday using nodfinancial firms as controls. We use a
differencein-differences approach and compare differences in spreads of large and small
financial institutions to differences in spreads of large and small ategp@ norfinancial
sectos. If investors expect government support only for financial firms, then the estimate of the
largesmall difference in the financial sector compared to the {anggl difference in non
financial secta (without an expectatio of government support of large firms) would provide a
measure of the adviaye large financial firmbave from expectations of government suppbort.
Therefore, dr robustnesswe include noffinancial companies (columnhof Table 2)as controls
A dummyvariable {inancial) is set equal to onfer afinancial firmand zero for a nefinancial
firm. We are interested in the term interactfimpncial with size90" This interaction term
captures the differential effect size has on spreads for findirored compared tanonfinancial
firms. The estimated coefficient is negative and statistically and economically signifitacth,
indicatesthat the effect of size on spreads is larger for finarfaias than fornonfinancial
firms.

In addition to ndicating a relationship between credit spreadsthedize ofa financial
institution, Table 2 alsshowsthat there is significantrelationship between credit spreads and
therisk of a financial institution The coefficient on distande-default fnetondd) is significant
and negativén Table 2. This result indicates that lesky financial institutiongthose with a
greater distanceo-default)generally have lower spreads their bonds

Does a f i nan dzedadfdct thismetationsip betweescreditspreads and risk?

To answer that questiowe interact the size and risk variabl@he results & in Table 3(Panel

A). For brevity we reportonly variables of interest in this tableThere is asignificant and

15|f there is an expectation of government support for-fimancial firms(such as General Motors; see Anginer and
Warburton 204), then we would be underestimating the funding advantage to largeifiharstitutions
16 5ize90indicates a firm in the top 8(ercentile of its size distribution.
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positive coefficiert on the term interactingize90and mertondd(column 1). This indicates that
the spreado-risk relationship diminishes with TBTF status. For institutions that achieve
systemicallyimportant status, spreads are less sensitive to risks ré&sult is casistent with
investors pricing an implicit government guarantee for the largest financial institutions.
column7, we addan additional dummy variablieadicating an institution between the"s@nd
90" percentiles<ize6(. Weinteract bottsize dumny variables withmertondd. The interaction
coefficient on size60lack significance. These resuitsdicate that the effect of size on the
spreaeto-risk relationship comes from the very large financial institutidnssconomic termsa
one standard détion increase in distande-default reduces spreatty 60 bpsin the overall
sample. But for financial institutions in the top 90th percentile in terms qfaiare standard
deviation increase in distantedefault reduces spreads byly 12 bps In comparison, for
institutions between the 60th and 90th percentiles, spreads are reduEopsy

Moreover, theeresuls arerobust to different measures of risk. In placengfrtondd we
employ zscore gscorg in column2 andvolatility (volatility) in column3. In eachspecification,
the coefficient on the interaction term is significant and offsets the coefficient on the risk
variable, indicating that the spreswrisk relationship diminishes for the largest institutions.

These relationshig can be seen in Figure.l1 The left panel of Figure 1 shows the
relationship betweethe size of afinancial institutionand thecredit spread on its bondslt
showsa negative relationship between size and spreads: lmgjéutionshave lower spreads
Why do largeiinstitutionshave lower spreads? Are they less risky than smatle® Theright
panel ofFigure 1 plots the size of dinancial institutionagainst its risk(distanceto-defaul).
There does not appear to be aservableelationshp between size and riskThat is,larger
institutionsdo not offer lower risk of large Issesthan smallerinstitutions Hence,Figure 1
provides evidence supporting the supposititvat largeinstitutionsenjoy lower spreads because
of implicit governmat support, not because of theirderlyingrisk profiles.

We construct two alternative measures of distaonadefault to address potential issues
with our specific model. As mentioned earliermplicit guaranteg might affect equity values
resulting inunderestimation of risk using Mertors  ( dif9ancéty-default model. First, we
compute an adgted distancéo-default measureadj-mertondd by removing the effect of size
on market leverage and volatili(the two inputs into the Merton modlels decribed in Section

[ll. We replicate the risk sensitivity analyses usaafmertonddas our measure of riskThe
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results in colummd of Table 3are consistenwith thosein column 1 umg the unadjusted
distanceto-default measuremertondd The secod alternative measure of distaricedefault
employs standard deviations computed usiregexponential moving average method (EWMA)
ewmamertondd The results ircolumn5 are consistent with those column 1.

Instead of distane®-default we also use credit risk betadd-betg as our measure of
risk. Itisobtainedoyr e gr essi ng a f iimdistarscetordefault dm thg monthlya n g e
changein valueweighted average distagto-default of all other firmsising 36 months gbast
data. If the implicit guarantee takes effect only if banks fail at the same, thentheywill have
incentives to take on correlated risk&charyg Engle and Richardso8012 Acharya and
Yorulmazer2007)so as to increase the valuetléimplicit guarantee.lnvesbrs will thenprice
in idiosyncratic but not systematic risk, since the guarantee will only efflketif a bank fails
when others are failing at the same tintiethe guarantee appliemly to largebanks, systematic
risk would be priced negatively féarger banks and positively for smalleariks. Kelly, Lustig
and Van Nieuwerburgh(2012) using options on individual banks and onimaahcial sector
index, show evidence d collective guarantee on the financial sectdrhey also show that
larger finarcial institutionsbenefit relatively mor¢han smaller ones dodm implicit guarantees.
The interaction results usirdg-betg reported in columrb of Table 3 support this notion.dd-
betais positive for smaller banks but turns negative for the lafgesicial institutions.

Finally, in results eported in column ,Ave allowtherisk variableto havea nontlinear
relationship withthe bond spread. In particular,we include an interaction term of tlsguared
mertonddvariablewith the size_90variable. Inclusion of the squared interaction term does not
change tk results. The effect of risk on spreads still lower for the largest bankafter
accountingor nonlinear effects”’

As before, we alsa@ompare financialnstitutions to nonfinancial institutionswhen
examinng the impact of risk on spreads. The results are report€amel Bof Table 3 For
brevity, we do not report coefficients on the tah variables.We are interested in tHmancial-
1X Risk.1x size9Q; variable. This triple interaction term captures the risk sensitivitgredit
spreadf large financiainstitutionrs compared tthat oflargenonfinancials We use the same

six risk variableswe used inPanel A mertondd zscore volatility, adj-mertondd ewma

" We compute thesensitivityof spread to risk for the largesatks at their mean risk valyesfter taking the
derivative of spread with respect to risk and then with respect to size.
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mertondd anddd-beta We find that risk sensitivity declines more for large finantiatitutiors
than for largenonfinancial institutions.In other words, when waddnon-financiak as controls,

we find the same reduction in risk sensitivity for large financials that we fourdnal A.

2. Time-seriesvariation of Implicit Subsidy

As the above results show, major financial institutions enjoy a funding subsidy as a result
of implicit govenment support. In this subsectiame provide anestimateof this subsidy ora
yearly basis. To compute the annual subsidy, we rumetpeessiorspecified in equation (1)
each year usingize90as our indicatorof TBTF. The coefficient onsize90represents the
subsidy accruing to large financial instituticas a result of implicit government insurandehe
estimated subsidig plotted, byyear, in Figure 2 The implicit subgly provided largdinancial
institutions a funding cost advantagef approximately30 basis points over th&9902012
period The subsidyincreasedduring the crisis years and remains at elevated levélge also
guantify the dollar value of the anduenplicit subsidyaccruing to major financial institutions
We multiply the reduction in funding costs bye averagdotal uninsuredliabilities (in US$
millions) to determinethe annualdollar value of the subsidy, reportedfiigure2.'® The subsidy
amounts to on averadks0 billion per yearand rose abovel®0 billion during the financial
crisis.

Despite the magnitude of the implicit subsidy, few studies have attempted to quantify it
although some havattempted to measurex@icit government supporfe.g., Laeven and
Valencia 201GandVeronesi and Zingales 20). Direct costs of bailouts have always caught the
p u b | attent@s. But direct costs provide ordynarrow quantification of bailouts arikely
underestimate the actual cost Edimates of the direct, or ex post, cost of governmen
interventions overlook the eante cost of implicit suppor.e., the resource misallocation it
induces) which is potentially far greateiVhile explicit support iselativelyeay to identify and
quantify, implicit support is more difficult and has received less attention.

Moreover, air approach recognizes that, ewghen the banking system appears strong
safety net subsidies exist for large financial institutiofdgure 2 sbws thatexpectations of

government support for large financial institutions persist over time. Expectations of support

BWe exclude deposits backed by explicit government insurance. It is also possible that investors have different
expectations of a guarantee for differenteasp of liabilities of a given firm. Total uninsured liabilities, therefore,
provides a rough estimate of the dollar value of the implicit guarantee.
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exist not only in times of crisis, but also in times of relative tranquility, and vary with
government policies and actions. In fastcrisis period after 2009, the implicit subsidy has

remained at positive levels.

3. Market Discipline

In this section,we examine the effectiveness of outside discipline on thetalskg
behavior of financial institutionsWe use two mghods to examine outside disciplines e f f ec t
risk. The firstmethod is based on the conc#pt capital should increase with risk. We examine
the sensitivity of leverage to changes in bank risk. We follow DMameau and Sealgil992)
and Hovakmian and Kane (2000) and assume a linear relationship between changes in market
leverage and changes in riagkmeasured by changes in asset volatiliBincewe are interested
in crossbank differences, we also interact change in asset volatility witi BUF measure. In

particular, we estimate the following empirical model:
YOroy © 1 Y . 1 "Y6'¥OT "Y6"¥OVYi . @OQAO -j @)

whereD is the book value of deb¥ is the market value of assets, ads the volatility of
market value of assetsV and s, are computed using the structural model of Mertb®74)
described in AppendiA. In equation(2), a negative coefficient on asset volatility (< 0)
would indicate a moderating effect of markigcipline in response to changes in rigks risk
increases, financial institutions are pressured to reduce their leverage. Sinthiaseasitivity
of spreads to risk, weaker market discipline would imipigt leverageis less sensitiveo
changes in risk. That is, a positive coefficient lo@ interaction of asset volatility and oUBTF
measurel > 0) would imply that the leverage of larger financial institutions is less responsive
to changes in risk.

The results are reported in Talle Consistent wittDuan Moreau and Sealg1992), we
find evidence of discipline. An increase in rigduces leverage (column 1). We ssseand
size90as our measures OFBTF. The results from interacting these measures with asset
volatility are reported in columns 2 and réspectively. The coefficients on both interaction
terms are positiveindicaing that TBTF status impedes outside discipline and reduces the
sensitivity of leverage to changes in asset volatility. Finally, following our prior appra&ch

use largenonfinancial firmsas controls in examining the impact of size on r&lationship
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between leverage and riskVe interact thsize90variable with asset volatility and tti@mancial
dummy. The results from the triple interaction regression are reported in column 4. The
coefficient on the triple interaction term is positive (but rnatistically significant) suggesting
that the discipline effect is weaker for large financieins compared to larg@onfinancial
firms.

The secondnethodis based on the deposit insurance pricing model of Merton (1977).
This approach comparéie restraining effect of outside discipline to the strength of financial
institutionsdé incentives to take on risk.
shifting behavior of financial institutions whether they can increase risk without acsgly
compensating taxpayers by increasing their capital ratiosygraying higher premiums for
government guarantees. Merton (1977) shows that the value of a government guarantee to the
shareholders of a bank increases with asset risk and leveldgieling the premium on a
government guaranteexéid, bank shareholders can extract value from the government by
increasingasset risk oleverage To examine this relationshigmpirically, we follow Duan

Moreau and Sealgit992) and use the following redaegform specification:
Yoo © 1 Vi . [ YOU¥Or Y6 YOV . ©Q&0 -j 3)

wherelPP is the fair insurance premium per dollariabilities. The coefficient captures two
offsetting effets: the riskshifting incentives of financial institutions and outside discipline. To
derive this relationship, we assume a linapproximation for the value of tHebilities put

option ‘00 ¢ —OFw; —i ,and plug in the value d®o; 1 1 ¥ . from

the relationship discussed above. After substitution, — —TT . The first term

captures the incentives of financial institutions to iaseerisk, while the second term captures
the offsetting effect of outside discipline (givén 1) in moderaing risk taking. A positive

[ is consistent with the ability of financial institutionsrisk-shift, since thedisciplining effect
doesnot completely neutralize incentives to increase. ridk before, we interact asset volatility
with our TBTF measures, and use largenfinancial institutionsas controls. The results are
reported in Tablg. On average, financial institutions are atdeisk-shift, as evidenced by the
positive coefficient on asset volatility (colundi This riskshifting effect is stronger for larger

financial institutions(columns 6 and 7). When we use largaonfinancial institutionsas
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controls, we findhe risk-shifting incentives of large financials to be greater than those of large

nonfinancials(column8).

V. Robustness

In this section, w do a number of robustness checks around the results reported in the
previous section First, we examinéhe impact of liquidityof bonds on ouresultsto make sure
that the spread differences are not due to differences in liquiiggond we examine credit
ratings issued by Fitch, which provitlerd-party measurs of an institutiord sreditrisk andan
institutond s | i kel i hood of rire & cgigisv Thimdg we gperforsmramevént s u p p |
study to examine shocks to investor expectations of support.

1. Impact of Liquidity

It is possiblethat our esults might be affected by thquidity of the bondsve study. In
Panel B ofTable 5, we show that our main results from Table 2 are robust to controls for
liquidity. Since we do not hawval bond trades for the full sampgeeriod we create a liquidity
measurgliquidity) based on bond characteristfolowing Longstaff Mithal and Neis (2005)
which is described itsection Il and indetail in Appendix A. We use the same specificatson
and controls used in Table Eor brevity we only report coefficieiston thevariables of interest.
The results in @lumn 1in Panel B ofTable 5 show thatthe size90variable retains its
significancewhenwe control forliquidity.

For the time period starting in 20Qf@®r which we have all bond transactignae create
four liquidity measuresamihud roll, range and zerog and an aggregate measylfambdg
constructed by summing up the standardized values st fbar liquidity measures. These
liquidity variables are described ire&ion Il and in detail in Appendix Aln columrs 2 and 3
we uselambdaas our liquidity control. Thaize90variable andhe interaction okize90with
Riskretaintheir economic and statisticgignificance in the presencelambda

In examining investor expectations of suppa, have used differencesin-differences
approaclhusingnonfinancials as a controlWenowtest to see if there are significant differences

in the liquidity of bonds issued by finaial and norfinancial firms. We use the same
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specification and controls used in TaBlebut use the four measures of liquidiggmihud roll,

range zerod and the aggregate liquidity measuten(bdg as the dependent variable. The
results are reported iPanel A ofTable5. As expected, we find that the bonds of large financial
institutions havesignificantly higher liquiditycompared to their smaller counterpgadsiumns 1

to 5). When we examine the differences in liquidity of bonds between large financials and large
nonfinancials, we do not find a significant difference. The coefficientheninteraction term,
financialxsize90 lacks statistical and economic significance (columns 6 to 10), suggesting that
our prior results are unlikely to be driven by differences in liquidity.

2. StandAlone and Support Ratings

To alleviatepotentialconcerns about endogeneity, usecredit ratings and government
supportratings as alternative meassi@ creditrisk and implicit support.We examine ratings
issued by Fitch, which providae third-partyd s e s df icreda tisk and mtential external
support.

In rating financial institutions Fitch assigns botanfii s s uer ai@sthndaloged a n d
ratingb Fi t chdéds i ssuer rating i s a financialiestitutioosn a | (o
ability to repay its debts after taking into account all possible external support. In contrast,

Fi t sthndadonerating measures financial institutiords ability to repay its debts without

taking into consideration any external suppofthe standalonerating reflects a institutiord s
independentinancial strength, or in other words, the intrinsic capacity ofribtutionto repay

its debts. Thedifer ence bet ween these two ratings ref]l
supportshould thdiinancial institutionencounter severe financial distress We use- Fi t c h
term issuer ratingigsuer rating) as well as theistandalone rating Gtandalone rating) as
independent variablés the spread regressispecified in equation (Z¥

Table 6 (Panel A)contains results of regressions similar to the spread regressions of
Table 2, but with the addition of the rating variableBhe stanehlone ratng is employed in
column 1. Column 2 employs the issuer ratingAlthough both ratings are significant in
affecting spreadshe issuer rating hasgaeater economic impact on spreadis.column3, both

ratings are employed simultaneously. In that dpation, the coefficient on the issuer rating

¥ The issuer rating scale ranges from AAA te (@atings below € are excluded since they indicate defaulted
firms). Thestandalonerating scale ranges frot to E. We transform the ratings into numetiwalues using the
following rule: AAA=1, ..., G=9 for the issuer rating and AzA/B=2, ¢é )9 forBhestandalonerating.
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remains significant and positive. Moreover, the effect of the issuer rating subsumes the effect of
the stanealone rating. In sum, we find that issuer ratings (which incorparaéxpectation of
support) inpact spreads, but staiatbne ratings do not have a similar effect. Investors
significantly price implicit government support for the institution. This result is consistent with
the findings of Sironi (2003)who usesEuropean dataand supports our colusion that the
expectation of government support for large financial institutions impacts the credit spreads on
their bonds.

In Panel Bof Table 6 issuer and staralone ratings are regressed lagged TBTF
measuresand control variables. Both TBTF msares gize and size9() have a significant
negative effect on the issuer rating (better ratings are assigned lower numerical values). The
issuer rating incorporates expectations of government support, and we see that larger institutions
have significantlybetter issuer ratings. In contrast, the TBTF measures do not have a significant
effect on the standlone rating. The starmlone rating excludes potential government support,

and we find that large institutions do not have significantly better stime ratings.

3. Event Study

Next, we examine how credit spreads were impacted by events that might have changed
investor expectations of government support. The events and their corresponding dates are in
Table7. These events offer natural experingetd assess changes in TBTF expectations over
time. For instance,rr to therecentfinancial crisis, investors may haveen unsure about
whetherthe government would guarantee the obligations of léirgancial institutionsshould
they encounter finamal difficulty, sincethere was no explicit commitment to do so. When Bear
Stearns collapsed, its creditors were protected through a takeover arranged and subsidized by the
Federal Reserve, despite the fact that Bear Stearns was an investmemobadommercial
bank®® This intervention likely reinforced expectations that the government would guatetee

obligations of large financial institutionSimilarly, the later decision to allow LehmaBrothers

®'n connection with Bear Stearnsd rmkResgreerprovidedJR Mdgan Mor g a |
Chase with regulatory relief and nearly $30 billion in asset guarantees, and Bear Stearns with lending support under
section 13(3) of the Federal Reserve Act of 1913, the first time since the Great Depression that th&éstesl

directly supported a nebank with taxpayer funds. The Fed also announced the Primary Dealer Credit Facility,

which opened the discount window to primary dealers in government securities, some of which are investment
banks, bringing into the fimecial safety net investment banks like Lehman, Merrill Lynch, and Goldman Sachs.

23



to fail, in contrast, serekas a negative shkcto those expectationsAlthough the Federal
Reserve and the Treasury intervened the day after Lehman was allowed to collapse (including a
rescue of Al Gbés <creditors), the government
pol i ci es ar oollapsd, makmd fotaren idtesvention increasingly uncertain. Hence,
both the Bear Stearns event and the Lehman event praodé&astingshocls to investor
expectations of government supporWe also examine other events that may have affected
investorexpectations positively. In particulave examinghe events surrounding the passage of
the Troubled Asset Relief Program (TARRP3s well as otheannouncements diquidity and
financial support to the banking sectbr

We examinea window of ++ 5 tradng days around the everntVe run the following

regression:

VAT QREOQE T NET D YOYONRET D YQirTQnET d YO YO Y Qi C

RETDOGOBEE O £QIIIOM-fr

We usesize90as our mesure of systemic importancaVe use a dummy variablppst which
equalsone on the event date and the five subsequent trading days. We use issue fixed effects
(Issue FEB and the regression corresponds to a differémaifference estimation. We exame
the change inhe TBTF subsidy after the event, as well as the change in risk sensitivity. These
changes are captured by the coefficients orfYBe'¥'0 1) ¢ | and the'Ys "F¥O Y Qi Q¢ i o
variablesrespectively.

As before, weintroduce nonfinancial institutionsas controls and examine changes in
both the TBTF subsidy and risk sensitivity after the event witlspect tothose firms.
Specifically, we run the following regression for a sample of firms that inclodtsfinancial

institutions and noifinancial institutions
YR QeQ8 T néET D YO¥ONnNei b QdE (I)sﬁwcm €0 b YQiy TQr‘] €1
I Y8 "¥O'QQE GEOBRDE d YO "YO'YQirQn € o -
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% The event dates are obtained from the St. Louis fgos://www.stlouisfed.org/financiarisis/full-timeline
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The coefficient on the&yd "¥'0 "QQ¢ & &; 0 @ dvariable captures the impact of the event on
spreads foltarge financial institutionsompared to largaonfinanciak. Similarly,the”Yé "¢O
"V0E O ;D W@ QR £ { variable capturesthe effect of the event on the spraik
relationship folarge financials compared targenonfinancials.

Theresults are in Table. 7For brevity,we reportonly variables discussed above. We
find that announcements of government financial and liquidity support have been associated with
a decrease igredit spreads for larger finandianstitutions. In particular, the bailout of Bear
Stearns and the revised TARP bill passing the House of Representatives led to decreases in
spreads in excess of 100 Kpslumn 1) Large financial institutionglso sawa decrease in the
risk sensitiviy of their debt to changes in rigkolumn 2) We find similar results when we use
nonfinancial institutionsas controls. These triptifference results are provided @olumns3
and 4

Next, we examine a negative shock to investor expectations w&rrgoent support,
namely thebankruptcy filing byLehman Brothers on September 15, 2008. Again, our variable
of interest is the term interactin@st with size90 The coefficient on the interaction terms
significant and positivdéor the Léhmanevent(column 1in Table j. The resulindicaies that
larger institutions saw greater increases in thenedit spreadsafter the government allowed
Lehman to collaps& The increase is economically significant at over 100 bps. In response to
the Lehman collape, large institutionsalso saw theircredit spreads bemne significantly more
sensitive to risk. The coefficient on the triplenteractionterm is significant and negative
(column 2) indicating an increase in risk sensitivity for large institutionsofaihg that event.

The results are similar when we usmn-financialsas controlgcolumns 3 and 4)

These resultendicatethat market participants revised their expectations of government
intervention during these events. By analyzing recent shockavastor expectations of
government assistance, we find additional evidence consistent with our main fimatiogedit
markets priceexpectations of governmestipportfor largefinancial institutions

We also examine two regulatory reforms that hasenbproposed to address problems
associated withTBTF institutions. The first is the adoption of tigoddFrank Wall Street

#2\We recognize that, in addition to signaling a reducedilitelo od of bai |l out s, Lehmanés co
a more direct effect on financi al institutions. Hence
including an indicator variableexposurg that takes the value of one for an ingtbn that declared direct exposure

to Lehman in the weeks following its collapse, and zero otherwise (following Raddatz 2009). We obtained results
similar to the reported results.
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Reform and Consumer Protection ADlodd-Frank). One of the main purposes of the legislation
was to end i nv e $utue gosetnmenixbpileutst Bablasfows sesudisffor June
29, 2010, thedate the House and Senate conference committees issued a report reconciling the
bills of the twochambers, and July 21, 2010 wheresidenBarak Obama signed the bill into
law. The coefficient on the term interactisgze90and postfor the first evenis significant and
negative. This indicates that Doe@fldank actually loweredredit spreads for the very largest
financial institutions relative to the otheralthough the3 basispoint effect is economically
small). The coefficient onsize9& mertondckpostis significant andpositive indicating that
DoddFrank deaeased the risk sensitivity afedit spreads for large institutionslihough the
effect again iconomicallyvery small). We find a small positive increage spreadsising the
July 21, 2010 event date.

We also examintheF DI C6s recently proposed Single P
implement its Orderly Liquidation Authority (OLA) set out in Title Il of the Deeéichnk Act.
This auhority provides the FDIC with the ability to resolve large financial firms when
bankruptcy would have serious adverse effects on financial stability in.8ieWe use as the
event date December 10, 20xhe daythe FDIC released a white paper and a presease
describing the SPOE strategy. We find an increaseredit spreadsfor large financial
institutions in response to this event. The results continue to hold when wendifseancial

institutionsas controls. The reactiphoweverhas not bee economically significant.

V. Impact of Dodd Frank

The resultfrom the previous section suggest thae adoptionof DoddFrank has not
significantly altered investodgerceptions of implicit government support. In this section, we
examinethe impact ofDodd-Frank in more detail by conducting two additional analyBest,
as there has been uncertainty surrounding the information regarding-Fbankl and its
implementation, weemploy a longer event window of 132 trading days (6 nim)t Results
using this longer windovare shown in Table Bl of Appendix B. The relevant coefficients are
largely insignificant statistically and econmally. In all, these results indicatieat DoddFrank
has beennsignificanti n ¢ h a n g i nxpectations efsfutuce rsigp@ort ®r major financial

institutions.
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Secongwe repeat the event study analysesing bonds issued under the Federal Deposit
|l nsurance Corporationés (FDIC) Temporary Liqu
us examine withiffirm variation and comparemplicitly guaranteed bonds texpicitly
guaranteed bonds issued by the same fiiifa.help restore confidence in financial institutions,
the government issued a temporary explicit guarantee for certain new debt that financial
institutions issued wting the financial crisis. Th& D1 Cl@msporary Liquidity Guarantee
Program (TLG Program) provided a guarantee for senior unsecured debt issued after October 14,
2008 and before June 30, 2009 (later extended to October 31, 2009). The guenaaieedn
effect until June 30, 2012 (or the date the debt matured, if earlier). The TLG Program was
available to insured depository institutions and financial holding companies that opted to
participate in the prograff.

We examine the institutions in our dat s et t hat Il ssued bonds u
Program and that also had similar bonds outstanding outside the TLG PfdgFama given
firm, we look at the difference between spreads on bonds backed by the FIDC guarantee and
spreads on bonds without thBIE guarantee.This approach allows us #&xamine the effect of
an implicit guarantee after controlling for timerying firm effects. Figure 3 shows the
difference in spreads for each of the siapfinancial institutions.Control variables are not u$e
in Figure3.

We introduce controls by regressing spreads on a duvamgble uarante¢ that takes
a value of one if the bond is bazkby the FDIC guarantee:

YR QepQ° T O0€ ECE EOkE diTQO DI wg 0 QONI dYi ©Q@& WO ©
“hh

To maximize sample size, we include all bonslsued by the firms covered undée TLG

Progran. We control for theage of the bond since issuance in yeag(and thetime to

% Not all the debt of these institutions was eligible to be guaranteed under the TLG Prograne eligitile, the

debt had to be senior unsecured debtied from October 2008 to October 2009. In additorinstitution could

only issue new debt under thd.G Program in an amount up to 125% of its senior unsecured debt that was
outstanding on September 30, 2008 and scheduled to mature on or before the October 31, 2009. The FDIC charged
issuers a fee for the guarantee, and institutions could opt out abidyam.

% The following companies ithe TRACE/FISD databases issubdnds under the FDIC guarantes\@ell as non
guaranteed bond®8ank of America, Citigroup, Goldman Sachs, JP Morgan Chase, Morgan Stanley, Sovereign
Bancorp, State Street, Suntrust, UsnBorp, Wells Fargo, PNC Bank, HSBC USA, Keycorp, Metlife, John Deere
Capital, and GE Capital.
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maturity in years tfm), and includedummies set to ond the bond isputtable redeemablge
exchangeableor if the bond has fixed rate couporixiate). We alsoinclude firm-trading day
fixed effects (to examine withinompany variation on a given trading d&y).

Figure 4 displays thecoefficient on the guaranteevariable obtained byrunning the
regressiorspecified in(6) on a daily basisIn the middle of the time period (June 2010), Dodd
Frank was adopted. We do see a slight increase in the value of the FDIC guarantee in the months
preceding Dodd- r a n koptisn. Atdhat time, it was unclear what the final language of the
legislation would be. After Dod#rank was finalized, however, the value of the FDIC guarantee
resumed its downward trend. DeBdr a n k does not appear t o h a
expectabns ofgovernmensupport forthe nonguaranteed bonds of major financial institutions.

We confirm our finding by conducting an event study arothed adoption ofDodd
Frank. We run a regression simitar(6) above, butvith an addional variable post Postis a
dummy equal to one during the 5 trading days (or 132 trading days) following the adoption of
DoddFrank. postis interacted with an indicator variablgu@ranteg that equals one if a bond is
guaranteed under the FDOGZLG Program and zero if it ismot This interaction term captures
whether DodeFrank impacted investor expectations of support for-gueranteed bonds
relative to FDIC guaranteed bondslhe esults appear in Tabl® The coefficient on the
interactionterm is significant angbositive during the 10trading day window (column 1). The
result indicates that, after Dodftank, spreads on bonds that lacked the FDIC guarantee
decreased relative to spreads on bonds of the same firm that had the FDIC gudrantber
words, DoddFrank lowered the spread differential between FQil@ranteed bonds and non
FDIC guaranteed bonds of the same firm. As investors viewed it,-Badédan k made a f |
implicitly guaranteed debt more like #ggplicitly guaranteed deéb While this effect may not be
economically significant, and no statistically significant effect is detected using thea2igdg
day window (column 3), we should observsignificantnegativeeffectif Dodd-Frank had been
successful in eliminating TBTexpectations

In Table 8 wealso examine Dodér ank6s I mpact on the ri sk
and nonrguaranteed bongds which is captured by the tripleteraction term

% Our sample includes bonds of all institutions that have issued both types of bonds. We address bonds with
extreme yields by winsorizing at the"®percenile values for guaranteed and rguaranteed bonds. We eliminate
extreme onalay moves (>30%) that reverse the next day. We also eliminate bond with maturities less than 90 days
and greater than 30 years. If we do not observe both the guaranteed ancrsrieed bonds trading on a given

day for a given company, we delete all observations for that company on that day.
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(mertondck guarantee pos). For both thelO- and 264trading day window (colurms 2 and 4)
the coefficient is significant andegative which indicates thathe risk sensitivity of non
guaranteed debt declined following DeBtank.
Despite DodeF r a n k 0 s -baloptlpledge, the Attdeaves open many avenues for
future TBTF rescued-or instancethe Federal Reserve can offer a brbaded lending facility
to a group of financial institutions order to provide adisguised bailout to theadustry or a
singlefirm. In addition, Congressan sidestep @ddFrank by amending or repealiftgor by
allowing regulators to interpret their authority ways thatprotect creditors andupportlarge
financid institutions (see, e.g., Skeel Z1 Wi | mart h 2011; StAanddar d &
although Dodd-Frank grants new authority to resolve large institutiadhese decisions will

involve political considerations.
VI. Conclusion

We find that expectations @overnmentsupport & embedded ithe credit spreads of
bonds issued blarge U.S. financial institutions.Using bonds traded between 1990 and 2012,
we find thatcredit spreads are risk sengitifor most financial institutionsyhile credit spreads
lack risk sensitivity for the largest financial institutions. In other words, we find that
boncdholders of large financial institutions have an expectation that the government will shield
them from bssesn the event of failurend, as a result, they do not accurately price risk. This
expectation ofjovernmensupport constitutes an implicit subsidi/large financial institutions,
allowing them to borrow at subsidized rateghis relationship beteen firm size and risk
sensitivity of bond spreads is not seen in-financial sectors and is robust to Resk-related
reasons for bond spreads being lower for the largest financial instifwgimisas liquidity. We
confirm the robustness of our rétsuby conducting an event study examining shocks to investor
expectationsand using ratings of government supporiVe also show that recent financial
regulations that seek to addrées-big-to-fail have not had a significant impact in eliminating
expectations of government suppolr.the postcrisis period after 2009, the implicit subsillgs

% Former President of the Federal Reserve Bank of Kansas City, Thomesid{ noted: "The final decision on
solvency is not market driven but rests with different regulatory agencies and finally with the Secretary of the
Treasury, which will bring political considerations into what should be a financial determination."
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remaired at positive levels.We find that he passage @oddFrankin the summer of 2010id

not significantly alter investorsd expectatio
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Figure 1: Size, $readsand Risk

The figureonthe left shows the relationship between the size of a financial institution and the credit spread on its

bonds. Size (vaxis) is the elative size of dinancial institution computed as size (log of assets) givenyear

divided by the average size of ilancial institutionsn that year.Spread (yaxis) is the difference between the

yield on a finana | institutionds bond a matchechTaehsurp bondaThgureonr e spondi |
the rightshows the relationship between the size of a financial institution and its risk. Sizis)is the relative

size of a financial institution, comfad as its size (log of assets) in a year divided by the average size of all financial
institutions in that year. Risk{gxis) is the average distanttedefault of a financial institution in a given year,

computed as described in Appendix A.

Spread

0.25 10
. 9 ® . .o S
Woge® | € -
.: P o.‘ ¢ %, 00
& e
0.2 8 an “M. 2-. .‘:..".
° 7 *? & ..o o
o o = P .g .?y [}
0.15 ug 6 '.gao;" Py :
o 3 ) D. o, ? «o® L
i % 5 (J .. Y Py 5 ys
)
) L34 . . % A q‘.o & .: . o
0.1 7 4 . A A ST T
[a) . 2% & 7 s | o
oo® ' S el L
'! N *%e o
0.05 2 ® [
.o.. . o o, 0
5 1 2 ) L *®
® e o . - > o o«
o .
0 0 4
5 6 0 1 2 3 4 5 6
Size

35



Figure 2: Value of the Implicit Subsidy over Time
This figure showsthe annual subsidy to large financial institutions due to the impliciternment
guarantee. To compute the annual subsidy, we rue following regression each yedrn i QGg'®

I 1 'QE Q& QOO T G QU QA REWL T ad | aQi 4@ d
I AQi 06 QQQQ 0Qi1 af A Q0T i QA - i. All the variables arelefined in
Table 1 and Appendix A. The coefficient onsize90(z-axis) represents the subsidy accruing to large
financial institutions We also quantify the dollar value of the annual subsidy. We multiply the annual
reduction in funding costs by totahinsurediabilities (in US$ millions) to arrive at the yearly dollar value
of the subsidyy-axis). The dollar amounts are adjusted for inflation and are in constant 2010 dollars.

180,000 120
160,000
- 100
140,000 =
s Total Subsidy Value (Smn) \
120,000 — Total Subsity (bps) - 80
100,000
80,000
60,000
40,000
20,000
0 M T

(=] V o o < w0 O ~ 0 {2 [ P o o =g [Ya} (Yo} ~ o] D [} — o~

D (2] [} [ (2] D D [+2] [} (2] (= o (=] o o o (=] o [=] (=] =l P L=

[} (%3] [} (%3] (%3] [} [} [+)] [} (%3] (=] o (=] o (=] o o [} [ o [=] o o

— — — — — — — — — — o~ o~ o~ o~ o~ o~ o~ o~ o~ o~ o~ o~ o~
-20,000 -20

36



Figure 3: Explicit and Implicit Guarantee Spread Difference

This figure showsthe differencein spreadetween FDICguaranteed and neguaranteed bonder six financial
institutions. BACis Bank of AmericaC is Citibank,MSis Morgan StanleyWFCis Wells FargoGSis Goldman
SachsandJPMis JP Morgan ChasélNe plotaverages for each month for each company if there are more than 10
daily trading olservations
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Figure 4: Explicit Guarantee Premium
This figureshowsthe estimated FDIC guarantee premium. To compute the premium, we run the following
regressioreach day'Yn i QG@Q® 1 I Q& Q&k Qoaod g T "QUIQMG Q

I NOO0OEOAd MABDE QAP A QQQQ &0 VO MEOWEEY "OQI@0 - jr
The sample includes financial institutions that issiehds under theF D | Ci@&@mporary Liquidity
Guarantedrogram.guaranteeis a dummy variable set equal to 1 if the bond had a special FDIC guarantee
andwas issued as part of theemporary Liquidity Guarantee Programageis the age of the bond since
issuance in yearimis time to maturity of the bond in yearputtableis a dummy variable set equal to 1 if
the bond is puttable. redeemableis a dummy wariable set equal to 1 if the bond is redeemable.
exchangeablés a dummy variable set equal to 1 if the bond is exchangeéktate is a dummy variable
set equal to 1 if the bond has fixed rate coupons. Regression includes firm fixed effects (FikveR&n
the regression daily arttien average the coefficient on thearanteevariable each weekWhen plotting
we invert the guarantee variable so that reduction corresponds to a positive premium.
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Table 1: Summary Statistics

This table presents summary statistics for the variables; Panel A for financial firms and Panel B-fioamcial

firms. ttmis years to maturity for a bondseniorityis a dummy variable indicating whether the bond is senior.
spreadis the difference betveen t he yi el d on a given f i fmatéhed Theasuard and t
bond. spreadis in percentagessizeis the size of an institution defined as the log value of total asesdss the

return on assets, measured as net income dividedthly assets.mismatchmeasures maturity mismatch and is
computed as shoeterm debt minus cash divided by total liabilitidsverageis total liabilities divided by total
assets.mbis the marketo-book ratio computed as the value of total equitydidi by book value of total equity.
mertondd s Mer t on 0 s -tq-dkfault Measumd,icalculaad asing filewvel financial and stock return data,
described in Appendix Az-scoreis a financial distress measure calculated as the sum of roa ahdratjo (ratio

of book equity to total assets), averaged over four years, divided by the standard deviation of roa over four years.
volatility is stock return volatility computed using daily returns over the past 12 months. In calcutdditigy, we

require the company to have at least 90-p@ro and nofmissing returns over the previous 12 months. Variables

are defined in Appendix A.

Panel A: Financial Firms

Variables N Mean Std Dev P25 P50 P75

ttm 45616 6.960 5.876 3.056 5.375 8.747
senioity 45616 0.695 0.460 0.000 1.000 1.000
spread 45616 2.371 11.221 0.703 1.019 1.776
size 45616 11.459 1.693 10.405 11.430 12.636
roa 45616 0.012 0.025 0.005 0.010 0.014
mismatch 45207 0.068 0.182 -0.031 0.046 0.151
leverage 45616 0.896 0.092 0.895 0.919 0.943
mb 45542 1.632 0.892 1.093 1.450 1.969
mertondd 45616 5.278 1.999 3.976 5.601 6.839
zscore 43869 37.267 40.670 13.901 24.975 46.487
volatility 45616 0.365 0.248 0.211 0.280 0.397

Panel B: NorFinancial Firms

Variables N Mean Std Dev P25 P50 P75

ttm 78698 11.106 10.747 4,061 7.817 15.733
seniority 78698 0.975 0.155 1.000 1.000 1.000
spread 78698 2.072 4.441 0.674 0.998 1.760
size 78469 9.294 1.296 8.379 9.328 10.126
roa 78469 0.043 0.064 0.016 0.043 0.074
mismatch 78462 0.012 0.169 -0.0% 0.001 0.071
leverage 78465 0.660 0.137 0.568 0.652 0.744
mb 78084 3.005 12.310 1.290 1.987 3.243
mertondd 78698 5.929 2.204 4.405 5.835 7.366
zscore 77097 29.524 40.890 10.172 18.549 35.816
volatility 78698 0.321 0.143 0.226 0.279 0.359
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Table 2: TBTF-Spread Regressions

Regression

results for the model"Yr 1 Q¢ QP
"0QE DERMQEIM £ E6E &€ O ki §IOQIGGE E 0K Ealil DODBE & 61 &XII"O0 - are reported in this
table. We measure the systemic importadd®T@ of an institution using a number of different proxiesze s log value of
total assets of a financial institutionize90is a dummy variable equal to onef a

T Y6 %O

I "OQE & ERQ AOY Qir Q

gi ven

I

Y6 "¥'O

financi al

institu

90" percentile size_top_1Gs a dummy variable equal to one if a given financial institution is ranked in the top ten in terms of

size in a given year.covaris the Covar measure of Adrian and Brumeir (2011). srisk is the systemic risk measure of

Acharya et al. (2012) and Acharya et al. (20188nk, insurancandbrokerdummies are variables set to one if the firm belongs
to the corresponding industry based on its SIC cdishancial is a dunmy variable set to one if the firm is a financial firm (SIC

code starting with 6).mktis the market risk premium, computed as the valeghted stock market return minus the +iste
rate. termis the term structure premium, measured by the yielcadpbbetween longerm (1Gyear) Treasury bonds and short
term (threemonth) Treasurieglefis the default risk premium, measured by the yield spread betweerr&Aad and AAArated

corporate bonds. Other control variables are defined in Table 1 and Appendstandard errors are reported in parentheses
below their coefficient estimates and are adjusted for both heteroscedasticity and within correlation clustered atléwvelissuer

dhk ok

™, and’ indicate significance at the 1%, 5%, and 10%-taited kvels, respectively.

1) 2 3) (4) ) (6) (7)
VARIABLES spread spread spread spread spread spread spread
ttm 0.018 0.020" 0.020” 0.019* 0.103**  0.020" 0.014™
(0.007) (0.008) (0.008) (0.008) (0.046)  (0.008) (0.003)
seniority -0.128 -0.121 -0.123 -0.044 0.020***  -0.154 -0.034
(0.127) (0.132) (0.132) (0.133) (0.007)  (0.154) (0.105)
leverage, -0.230 -2.138" -2.137" -2.009*** -0.083 -2.114" 0.855
(0.870) (0.687) (0.686) (0.673) (0.127)  (0.667) (0.597)
roa.; -5.839 -6.350 -6.3@ -4.075 -2.596***  -6.370 -3.404™
(4.037) (4.256) (4.264) (3.006) (0.682)  (4.243) (0.811)
mby., -0.176" -0.140 -0.139 -0.226** -5.992 -0.148 0.000
(0.082) (0.083) (0.083) (0.095) (4.149)  (0.087) (0.001)
mismatch., 0.076 0.035 0.031 0.305 -0.150* -0.087 -0.723"
(0.319) (0.318) (0.319) (0.340) (0.087)  (0.313) (0.238)
def 1.560" 1.540™ 1.540" 1.622%+* 0.193 1.542™ 1.292™
(0.200) (0.197) (0.198) (0.186) (0.314)  (0.195) (0.116)
term 0.057 0.055 0.056 0.079 1.681**  0.054 0.012
(0.047) (0.046) (0.047) (0.050) (0.210)  (0.045) (0.023)
mkt -0.653 -0.639 -0.645 -0.581 0.058 -0.640 -0.440
(0.516) (0.513) (0.516) (0.519) (0.041) (0.513) (0.222)
mertondd.; -0.291" -0.310" -0.311" -0.263** -0.375 -0.308" -0.254"
(0.03) (0.054) (0.055) (0.059) (0.500)  (0.056) (0.030)
sizq4 -0.246"
(0.065)
size9Q, -0.320° 0.019
(0.148) (0.120)
size_top_10, -0.331"
(0.148)
srisk., -0.011"
(0.005)
covar, -9.316"
(3.625)
sizg., x bank dummy -0.387"
(0.183)
sizg; x insurance dummy -0.296
(0.334)
sizg; x broker dummy -0.196
(0.209)
financial., -0.284"
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(0.181)

size90Q., x financial., -0.241"
(0.128)
constant 4.827" 4.075" 4.121" 3.112%* 4.116" 0.192
(1.038) (1.032) (1.033) (0.854) (1.043) (0.619)
Year FE Y Y Y Y Y Y Y
Rating Dummies Y Y Y Y Y Y Y
Observations 39,164 39,164 39,164 36,219 36,504 39,164 104,127
R? 0.432 0.423 0.423 0.444 0.422 0.423 0.439
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Table 3: TBTF and Risk Interactions

Regression results for the model "YRi Q@Q® 1 "YE'¥O T YQirQ T Y6 ¥O YQiQ

T 6EEBEEORETIOQIOHE EO0REAT DOOIBE £ 01 £@RIGO OQGDO - are reprted in Panel

A. We measure the systemic importance (TBTF) of an institution usirgiz#@0dummy variable, set equal to one

if a given financi al i" pescentile. m tolumm70 we alsd inclede interactions for twe  t
othersize dummy variablesize60i s a dummy variable equal to one if a i
the 60" and 98" percentiles. size30i s a dummy variable equal to one if a
between the 30and 60 percentiles. Riskof a financial institution is measured by distateelefault (nertondd in

columns 1 and 7,-gcore gscorg in column 2, volatility yolatility) in column 3, the adjusted distaredefault

measure ddj-mertondd in column 4, the distaceto-default measure computed using exponentially weighted

moving average standard deviatiors/(namertondd in column 5, and credit risk betdd-betg in column 6. adj-

mertonddi s t he Me r-to-dafadltsmeakires takutated by removing tfiect of size on market leverage

and volatility as described in the tegtvmamertonddi s t he Me r-to-deafabltsmeabires tcalkubatea using

standard deviations computed using the exponentially weighted moving average method as describegt.in the te
ddbetai s t he Beta obtained from r egr e dgodefauly onahe monthindés mon
changes of valugveighted average distante-default of all other firms using 36 months of data. In compudithg

beta we require the companty have at least 24 neanissing monthly changes in distarwedefault over the

previous 36 monthsnertondd zscore, volatility and the other control variables are defined in Table 1. In column

8, we include interactions with the squared term of thle variable. For brevity, we do not report coefficients on

the control variables in Panel A. Panel B reports regression results for the'Ymodé&ke Qe 1 “YO "§O

I YQiRQ T Y6 YO YQirQ I "O0E HEMIQGINE O OWHAHO 1 "ONE O OWIBIRQ

[ "OQE & OWBRETQ Y6 YO | 6& 8% & OkFE diOQGE EOREAl DOOBGEE O £ ai

"OQI"@0 H'QWA0 - . Riskand TBTF variables are the same as in Panelfidancid is a dummy variable set

to one if the firm is a financial firm (SIC code starting with 6). For brevity, we do not report coefficients on the

control variables in Panel B. Standard errors are reported in parentheses below their coefficient estirmates and
adjusted for both heteroscedasticity and within correlation clustered at the issuer leyel, and” indicate

significance at the 1%, 5%, and 10% ttaded levels, respectively.

op
g

PANEL A
1) (2) 3) (4) (5) (6) ) (8)
adj ewma
VARIABLES mertondd zswre  volatility mertondd mertondd ddbeta mertondd mertondd
size9Q, -2.0227  -1.305° 0876  -1.819 -1.217°  -0.172 -2.846  -3.519**
(0.568) (0.401) (0.256) (0.896) (0.384) (0.091) (0.629) (0.959)
risk_measure, -0.446" -0.3%"  4.885" -0.467" -0.0977  0.142 0524 -1.521**

(0.082)  (0.082)  (1.106)  (0.112)  (0.021)  (0.076)  (0.092)  (0.376)
size9Q,x risk_measurg, 0.3327  0.266  -3.3427 0.399°  0.104"  -0.295 0.418 1.121 %%+
(0.091)  (0.115) (0.824) (0.187) (0.034) (0.131)  (0.096)  (0.348)

size6Q, -1.186
(0.926)
size6Q1x risk_measurg; 0.078
(0.109)
(risk_measure,)® 0.113**+
(0.032)
size9Q,x (risk_measurg,)? -0.087***
(0.03)
Year FE Y Y Y Y Y Y Y Y
Rating Dummies Y Y Y Y Y Y Y Y
Controls Y Y Y Y Y Y Y Y
Observations 39,125 37,856 39,125 39,125 39,125 38,344 39,125 39,125
R? 0.457 0.429 0.492 0.326 0.425 0.438 0.465 0.484
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PANEL B

(1) 2) €) (4) (5) (6)
ewma
VARIABLES mertondd zscore volatility  adjmertondd  mertondd dd-beta
size9Q, -0.435 0.226 0.055 -0.575 -0.390 -0.211
(0.442) (0.398) (0.301) (0.423) (0.280) (0.210)
financial ., 0.482 0.162 0.558 0.268 0.011 -0.540
(0.598) (0.407) (0.313) (0.586) (0.391) (0.228)
financial., x size90,, -1.554" -1.445 0.721 -1.225 -0.739 0.092
(0.746) (0.579) (0.377) (0.725) (0.476) (0.241)
risk_measurg; -0.241" -0.177 8.170" -0.224™ -0.065" -0.080
(0.046) (0.070) (0.824) (0.048) (0.016) (0.072)
Size9Qx risk_measurg, 0.071 -0.112 -0.175 0.092 0.038 0.141
(0.063) (0.125) (1.018) (0.062) (0.025) (0.162)
financial., x risk_measurg, -0.149 -0.134 -2.740" -0.130 -0.040 0.284"
(0.091) (0.101) (1.057) (0.091) (0.032) (0.114)
financial., x risk_measurg, x size90,, 0.259" 0.387" -3.106° 0.219 0.069 -0.428
(0.113) (0.171) (1.310) (0.114) (0.042) (0.225)
Year FE Y Y Y Y Y Y
Rating Dummies Y Y Y Y Y Y
Controls Y Y Y Y Y Y
Observations 104,127 101,944 104,127 104,127 104,127 103,796
R? 0.459 0.439 0.548 0.454 0.441 0.435

43



Table 4: TBTF and Risk-Shifting
Columns 14 report regressions results for the mo&’@TdJ.ﬁ o 1 PY

CES

1SY6 "0 T °Y6 "GO Yigg

®QAA0 -4. We measure the systemic importaniEBTF) of an institution using log value of total assetizd,

and thesize90d u mmy v ari abl e
D/ i the annual change in the book value of debt divided by the market value of assets computed from the

Merton model described in Appendix Ap a s sigthe amnaal change in the volatility of market value of assets
computed usingte Merton model described in Appendix financialis a dummy variable set to one if the firm is a

set

equal

t o

one i f

%4 pergeintitee n

financial firm (SIC code starting with 6). Columns85report regressions results for the mod#IQ0.¢) ©
TPYigg 19Y6® Y0 %O Vige OQAEDO -4 PP is the fair insurance premium per dollar of
The estimation is described in Appendix A. Standard errors are

liabilities computed following Merton (1977).

fina

reported in parentises below their coefficient estimates and are adjusted for both heteroscedasticity and within
correlation clustered at the issuer level, ”, and” indicate significance at the 1%, 5%, and 10%-taited levels,

respectively.

1) (2 Q) (4) ) (6) (7) ®)
VARIABLES o D/ o D/ o D/ o D/| @ IP o P o I P op | F
® asset vol -0.183" -1.075" -0.207° -0.445" | 0.191° -0.424" 0.155  0.098"
(0.070) (0.318) (0.074) (0.028) | (0.016) (0.072) (0.017) (0.009)
sizeur 0.000 -0.001
(0.001) (0.001)
@ asset gyvol T 0.096" 0.066"
(0.031) (0.007)
size90Q., -0.000  0.005 -0.003  -0.000
(0.003)  (0.003) (0.003)  (0.000)
@ asset vyiol 1T 0.308" 0.252" 0.458"  -0.006
(0.148)  (0.089) (0.060)  (0.040)
financial ., -0.003 0.003"
(0.002) (0.001)
financial,1 @ asse 0.237" 0.057
(0.079) (0.041)
financial., x size9Q., -0.005 -0.003
(0.004) (0.003)
financial.;xsize90,1 @ asset 0.057 0.464
(0.173) (0.275)
Constant 0.003 0.001 0.003 0.006" | 0.004" 0.010 0.004" 0.001"
(0.002) (0.011) (0.002) (0.001) | (0.001) (0.005) (0.001) (0.000)
Year FE Y Y Y Y Y Y Y Y
Observations 2,131 2,131 2,131 12,817 2,131 2,131 2,131 12,817
R? 0.018 0.041 0.022 0.083 0.060 0.095 0.086 0.078
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Table 6: Ratings as an Exogenous Measure
Panel A reports regression results for the moe] i Qg% 1 QI i b RAD ,gz% Q
T i 0OOMEEDM REQ O£ EE £ 0 RiE FI'OQIGKE £ 0 KEAT DODOOE E 01 & ai
"OQI"@0 ®QWIO - ji. PaneB reports regression results for the mod@l i B @iw® @E i O gg;% Q
B T YOO T "OQi6kE € 0§ € aTOQI"@O O'QADO - ;. issuer ratingis the Fitch longerm
issuer rating, which is a number betwdeand 9, with 1 indicating the highest issuer qualitgndalone ratingis
the Fitch individual company rating which excludes any potential government support. It takes on a number
between 1 and 9, with 1 indicating the highest issuer quality. Comriables are described in Tables 1 and 2, and
in Appendix A. Standard errors are reported in parentheses below their coefficient estimates and are adjusted for

both heteroscedasticity and within correlation clustered at the issuer levéel, and” indicate significance at the
1%, 5%, and 10% twariled levels, respectively.

Panel A
1) ) ©))
VARIABLES spread spread spread
ttm -0.021 -0.014 -0.011
(0.010) (0.021) (0.020)
seniority -0.271 -0.212 -0.208
(0.105) (0.216) (0.216)
levera@:., -14.418" -5.450 -4.093
(1.997) (3.829) (4.288)
roag.; -55.024" -42.518" -46.346"
(10.843) (11.292) (11.410)
mby.; 0.419" 0.526" 0.465"
(0.105) (0.161) (0.164)
mismatch.; 2.971" 2.497 2.385
(0.423) (1.110) (1.097)
def 1.344" 1.309” 1.298"
(0.106) (0.181) (0.178)
term 0.031 0.048 0.044
(0.038) (0.054) (0.055)
mkt -0.555 -0.572 -0.528
(0.369) (0.439) (0.427)
mertondd.; -0.171" -0.155" -0.178"
(0.040) (0.046) (0.059)
standalone rating, 0.107 -0.164
(0.055) (0.147)
issuer rating, 0.271" 0.340”
(0.071) (0.107)
Constant 14.591" 4.759 3.335
(2.012) (3.812) (4.143)
Year FE Y Y Y
Observations 16,127 16,120 16,107
R? 0.644 0.654 0.655
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Panel B

() (2 3 (4)

VARIABL ES issuer rating issuer rating standalone standalone
leveragg., -19.374 -25.011" -2.654 -3.474

(8.490) (6.312) (5.209) (4.786)
roa. -32.744 -35.547 -23.599 -23.952

(18.217) (21.865) (15.001) (15.519)
mby., -0.410 -0.137 -0.259 -0.214

(0.220) (0.246) (0.130) (0.134)
mismatch., 2.863 3.106 1.047 1.116

(1.337) (1.281) (0.676) (0.642)
size.; -0.753" -0.130

(0.151) (0.107)
size90., -1.897" -0.344

(0.439) (0.299)

constant 30.062" 28.649" 6.559 6.153

(7.237) (5.780) (4.558) (4.400)
Year FE Y Y Y Y
Observations 16,120 16,120 16,127 16,127
R? 0.622 0.492 0.527 0.518
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