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1. Introduction

The five year economic expansion leading up to the 2007-2008 financial crisis witnessed an unprecedented growth
of markets for securitized products. The ten-fold growth in the annual issue of loan-backed assets accounts for
roughly half of this expansion, and it will be the focus of this paper for concreteness [Bord and Santos (2015)].!
Several empirical papers, e.g. Purnanandam (2011), Keys, Mukherjee, Seru, and Vig (2010), Keys, Seru, and
Vig (2012), Bord and Santos (2015), Rajan, Seru, and Vig (2018), suggested that the rise of securitization
directly contributed to laxer screening standards observed prior to the crisis, lending support to economists’
public opinion regarding the adverse consequences of securitization on the originators’ incentives to screen their
borrowers [Stiglitz (2007), Blinder (2007)].2

Nonetheless, our theoretical understanding of real implications of markets for loan-backed assets remains
limited [Gorton and Metrick (2011)]. We defer to the large body of literature, exemplified by Gorton and
Pennacchi (1995) and Parlour and Plantin (2008), to explain the rise of these markets.> We simply assume
their existence and study macroeconomic implications of information asymmetry that plagues these market.*
Our main premise is that banks, whose screening choices determine resource allocation in the economy, possess
valuable information regarding their asset quality which is not available to investors, who provide the funds
and bear the risk. Our specific goal is to elucidate the interaction of strategic information production by way of
ratings and ratings’ disclosures on the part of banks and their screening effort at the time of loan origination.

To this end, we develop a general equilibrium rational expectations framework with heterogeneous borrow-
ers, heterogeneous banks, and representative investors. In order to raise funds, banks must sell their baskets of
loans to investors. Consistent with the classic role of intermediaries, banks are able to make sure, at a cost, that
they extend a high quality loan basket. The information available to banks about their asset is not observable
by investors, but an imperfect rating technology, which reveals the true asset type with a fixed probability,
is available to banks at a cost. Profit maximizing banks choose their screening effort, whether or not to rate
their asset and whether or not to disclose the ratings. Employing the rating technology should be interpreted
loosely as engaging in a costly process, which results, with some positive probability, in the enhancement of the
perceived value of the asset. Such process may involve hiring consultants to navigate the rating process and
shopping for a favorable rating. (We will loosely refer to the uptake of rating technology among originating
banks as the intensity of ratings shopping.”) Investors observe the disclosed ratings and pay competitive prices
in line with rational expectations regarding asset quality.

Our assumptions of information asymmetry and strategic use/disclosure of error-prone ratings are well
grounded in the data.® Indeed, Benmelech and Dlugosz (2009a) employ tranche-level CLO (Collateralized

1'While we focus on loan-backed assets for concreteness, the insights extend to markets for securities backed by corporate debt,
provided that banks involved in debt underwriting and issue of securities act as middlemen between private firms and investors
(pension funds, college endowment funds, etc), performing the important service of screening and obtaining ratings.

2Purnanandam (2011) uncovers that banks with greater involvement in secondary markets originated lower quality mortgages.
Keys, Mukherjee, Seru, and Vig (2010) and Keys, Seru, and Vig (2012) explore loan variation to borrowers with the credit score
around 620, i.e. threshold commonly used in securitization. They find that 620+ loans default at the rate 10-25% above that of the
620- loans. Mian and Sufi (2009) provide corroborating evidence from zip-code level data on subprime lending. Bord and Santos
(2015) find that loans sold to CLOs at the time of issue are more likely to default. The evidence provided in Rajan, Seru, and Vig
(2018) strongly suggests that standards were loosened along the soft information dimension.

3The challenge for this literature is to reconcile loan sales with the classic role of intermediaries discussed in Boyd and Prescott
(1986) and Holmstrom and Tirole (1997). This literature largely agrees on liquidity needs as underlying loan sales. Building on
these insights, we simply assume that none of the banks in the model have any funds and must raise them through loan sales.

4Gorton (2009) points out the severity of asymmetric information due to the loss of information about the quality of the
underlying loans during the securitization process. Beltran, Cordell, and Thomas (2017) argue this type of information asymmetry
was severe enough to cause the collapse of the ABS CDOs market.

5We have also worked out a model with multiple ratings draws as is typically done in credit ratings literature (e.g. Skreta and
Veldkamp (2009)) but did not find additional insight sufficient to justify the added complexity.

6In the case of absent liquidity needs, the problem of information asymmetry between banks and investors could theoretically



Loan Obligations) data to show that there is a significant mismatch between tranche ratings and the quality
of underlying collateral. They also document that 70% of the dollar value of CLO tranches received a triple-A
rating in 2000, while 23% did not have a published rating.

We employ our framework to describe the interaction of intermediaries’ strategic information production
in the face of uncertain ratings with asset prices and resource allocation. We intentionally abstract from
modeling rating agencies and their strategic behavior, instead assuming a simple unbiased but error-prone
rating technology. This modeling choice allows us to isolate a specific theoretical mechanism which has not
received sufficient attention in the literature. We show that this theoretical mechanism is consistent with several
puzzling pre-crisis observations and that, contrary to conventional wisdom, it deems mandatory ratings and
mandatory ratings disclosure policies counterproductive. The later result is due entirely to the endogeneity of

information production. We proceed to detail these claims.

The following important insight immediately emerges from our model: It is the premium paid on assets
with good ratings that disciplines the screening effort. Therefore, understanding what determines this premium
is crucial for understanding credit allocation in the economy. Our analysis reveals that the premium paid on
highly rated assets is directly proportional to an endogenous object we refer to as informativeness of a good
rating, Prgigr — Prgnr- This quantity describes the gain in investors’ rational belief that the asset is of high
quality, which results from observing a good rating. In the case of a perfectly accurate rating technology, rating
informativeness is maximal, and the constrained efficient screening effort and resource allocation are attained.
This result is due to the fact that asset issuers know the quality of their asset, and their rating behavior reflects
this information. However, an imperfect rating technology lowers the informational content of a good rating,
both directly, by providing a less accurate signal, and indirectly, by encouraging some sellers of poor quality
assets to try their luck at getting a good rating. As a result, the link between high ratings and asset quality
weakens (i.e. ratings inflation) and the premium paid on highly rated assets falls to a level insufficient to induce
the constrained efficient level of screening. In general, an intensified use of a rating technology among the sellers

of poor quality assets (i.e. intensified ratings shopping) weakens the screening activity in the economy.

The model mechanism is consistent with several puzzling observations of the expansionary period preceding
the 2008 crisis. Following Skreta and Veldkamp (2009), we associate this period with a decline in ratings’
accuracy, as it reflects a well-documented growing trend in asset complexity.” In the context of our model, a
decrease in rating technology precision unambiguously reduces the level of screening effort at the stage of loan
origination thereby exacerbating the degree of resource misallocation. Therefore, first and foremost, the model
helps us interpret the observations that laxer screening standards were applied in the expansionary period
leading up to the crisis and loan delinquency rates exploded beginning with 2007.% Although the practice of
applying looser screening standards in economic booms is widely documented [see Asea and Blomberg (1998),
Berger and Udell (2004), Lown and Morgan (2006), Rajan (1994)], it seems to have been exacerbated by the
rise of secondary markets [see Purnanandam (2011), Keys, Mukherjee, Seru, and Vig (2010), Keys, Seru, and

be resolved if originating banks retained the most risky (junior) tranche of their loan basket, thereby sending a credible signal
to asset buyers (e.g. DeMarzo (2005)). In practice, however, retention of a junior tranche is often combined with shorting of a
senior tranche which weakens the signal. In fact, Beltran, Cordell, and Thomas (2017) documents that it is more common for asset
issuers to retain senior tranches. Nonetheless, we have also worked out a version of our model in which banks are required to hold
a positive fraction of their assets. None of the results changed.

7 As explained above, we intentionally abstract from modeling rating agencies. However, any changes in rating agencies’ behavior
that effectively increase ratings uncertainty may be thought of as reinforcing the declining trend in ratings accuracy due to rising
asset complexity.

8The upsurge in loan delinquency rates can be seen in aggregate data compiled by the Federal Financial Institu-
tions Examination Council (Reports of Condition and Income for all Insured U.S. Commercial Banks) and retrieved from
https://fred.stlouisfed.org/series.



Vig (2012), Bord and Santos (2015), Rajan, Seru, and Vig (2018)].° Rising collateral (e.g. housing) values are
also characteristic of the expansion that preceded the recent crisis. In the context of our model, this would
mean rising loan payoffs and hence a further decline of screening effort.

Our focus is on the decline in ratings’ accuracy. The direct implication of a lower ratings’ accuracy is that
it reduces informativeness of a good rating. Because mistakes are more likely to happen, this effect is further
amplified via the intensified strategic ratings of poor quality assets. This amplification effect makes a qualitative
difference. It makes it possible for the prevalence of highly rated traded assets to rise despite the declining
quality of extended loans. The premium paid on loan baskets with good ratings falls (i.e. the spread between
high yield and low yield assets declines), thereby relaxing the incentives for loan screening at origination and
exacerbating the resource misallocation problem. Therefore, a drop in the accuracy of ratings, when viewed in
the context of our model, helps us interpret additional puzzling features of the pre-crisis period—an intensified
rating activity, ratings inflation, and a drop in the premium paid on highly rated assets, and increased prevalence
of triple-A rated assets despite the worsening pool of loans to back them.

Benmelech and Dlugosz (2009b) and Griffin and Tang (2011) provide empirical evidence for the intensified
rating activity and ratings inflation prior to the crisis. The historically low premium on highly rated assets is
simply an upshot of ratings inflation. Nonetheless, to provide further evidence of this fact, we compiled a panel,
tranche-level, dataset on securities backed by small business loans (Source: ABSnet).!? The time series of the
ratio of the yield on non-triple-A tranches and tranches with at least one triple-A rating is reported in Figure
1. Clearly, the yield differential falls dramatically throughout the expansion preceding the financial crisis of
August 2008, indicating a drop in the premium paid on highly rated assets. Our explanation for this trend
emphasizes the endogenous decline in the informativeness of good ratings reflected in market prices. Finally,
the rise in prevalence of triple-A ratings is driven by the upsurge in issue of securitized products, the majority
of which carried the best rating and later resulted in massive downgrades.!!

The same model mechanism also helps us interpret the variation in ratings inflation across asset classes,
documented in Cornaggia, Cornaggia, and Hund (2017), where it is found that, controlling for initial ratings,

12 As suggested in Cornaggia,

the more opaque asset classes (such as CDOs) exhibit greater default rates.
Cornaggia, and Hund (2017), the more opaque asset classes entail a lower rating precision thereby encouraging
rating activity and resulting in less meaningful ratings. This mechanism appears in Skreta and Veldkamp (2009)
and in our model. Our model helps drive this point further by emphasizing the incentive to apply looser lending
standards to loans used to create more complicated securities. This effect also contributes to raising default
probability (conditional on any given rating).

At the center of our analysis are two regulatory policies proposed by the U.S. Securities and Exchange
Commission, namely, mandatory rating and mandatory ratings disclosure. Contrary to conventional wisdom,
we find both policies to be counterproductive. Both policies worsen the degree of credit misallocation in the
economy. Importantly, this result stems from the presence of a feedback effect from financial markets on

aggregate activity, which has not been explored in related literature on information production in financial

9Rajan, Seru, and Vig (2018) show the ability of loan interest rates to explain the variation in default rates has declined, which
strongly suggests that lending standards were loosened along the soft information dimension.

10The borrowers’ soft information aquisition that motivates our setup seems to be most relevant in the case of small business
borrowers, which explains our choice of this type of asset backed securities. Small firms are usually informationally opaque, lacking
audited financial statements, thereby making the assessment of their ability to repay non-trivial.

1 Cornaggia, Cornaggia, and Hund (2017) and Benmelech and Dlugosz (2009b) describe ratings and evolution of securitized
products.

12Mathis, McAndrews, and Rochet (2009) explain this correlation by noting that rating agencies’ reputational costs depend on
opaqueness of rated assets. Opp, Opp, and Harris (2013) emphasize that regulatory costs associated with ratings also differ across
these asset classes.



markets as it typically assumes an exogenously given distribution of asset quality.'3

Under the policy of mandatory rating, rating activity on the part of sellers of low quality assets is in-
tensified, thereby reducing informativeness of a good rating. In turn, the premium paid on assets with good
ratings declines, discouraging screening effort at the stage of loan origination and further exacerbating resource
misallocation. Under the policy of mandatory ratings disclosure, but voluntary rating, sellers of low quality
assets are encouraged to rate their assets, as the lack of an observable rating can no longer be passed off as
an undisclosed false rating. Good and bad ratings both gain signaling value. Therefore, strategic rating in-
tensifies, thereby reducing informational value of a good rating, lowering the expected return to screening, and
compounding resource misallocation in the economy. Note the strategic rating decision is crucial for the effects
of policy evaluation.

Our analysis suggests that policy design aimed at raising rating accuracy (through regulation of asset
complexity or oversight of rating agencies) and increasing the effective cost of ratings can help induce the
efficient level of screening. Intuitively, such policy would discourage low quality asset issuers from ratings
shopping, thereby raising the signaling value of high ratings and premia paid on highly rated assets. In turn,
greater premia paid on highly rated assets encourage more screening at the time of loan origination. Our findings
warn us against the the commonly used practice where the issuer pays for published ratings only — such a system
does nothing to discourage frivolous ratings. More generally, our work emphasizes the importance of studying
the incentive problems of rating agencies and alternative ways of information production [e.g. Damiano, Li,
and Suen (2008), Bolton, Freixas, and Shapiro (2012), Kashyap and Kovrijnykh (2016), Goldstein and Huang
(2018), Cohn, Rajan, and Strobl (2018)].

Our policy results are broadly related to the large literature dating back to Hirshleifer (1971) that studies
unintended consequences of information disclosure policies in environments different from ours, where it is often
shown that more information reduces welfare. To give a few examples of financial market applications, in Kurlat
and Veldkamp (2015), information disclosure policy improves capital allocation but hurts investors. In Povel,
Singh, and Winton (2007), mandatory information disclosure from firms to investors generates more fraud. In
Andolfatto and Martin (2013) and Dang, Gorton, and Holmstrom (2015), news shocks may reduce the value of
collateral that backs tradable assets and hinder intertemporal trade.

A closely related study of the real implications of risk shifting is Allen and Gale (2000), in which banks
are endowed with funds but must lend to entrepreneurs to generate returns. While the entrepreneurs make
resource allocation choices, they are protected by limited liability, and thus banks are the ultimate risk bearers.
As a result, entrepreneurs engage in excessive risk taking. Our study is complementary to Allen and Gale
(2000), as we focus on a different margin. In our model, resource allocation is determined by banks, through
their screening activity. Because banks must sell off their loans to investors, i.e. the ultimate risk bearers, they
engage in suboptimal screening practices.

The rest of the paper is organized as follows. Section 1 describes the model. In Section 2, we analyze
the equilibrium, its existence and uniqueness. In Section 3, we employ the model to gain insight into pre-crisis
empirical trends. In Section 4, we study mandatory rating and mandatory ratings disclosure policies. We

conclude in Section 5. All proofs, unless otherwise stated, appear in the appendix.

13With respect to this literature, our paper is most closely related to Skreta and Veldkamp (2009), in the sense that ratings
informativeness is an endogenous object determined by the sellers’ rating and disclosure choices. Skreta and Veldkamp (2009) must
assume that investors are unaware of the possibility of hidden information in order to avoid unraveling of trade (see Shavell (1994)).
In our model, trade does not unravel because banks are in need of investors’ funds. This allows us to model rational expectations.
One paper that links rating activity to endogenous asset quality is Sangiorgi and Spatt (2017). However, their setting is critically
different from ours and therefore describes a different set of financial markets. Specifically, asset issuers in their model do not
possess an independent screening technology and therefore both parties learn about asset quality from ratings. This distinction is
critical for policy evaluation.



2. Model

We consider an economy with investors, heterogeneous borrowers, and heterogenous banks. We model borrowers
in a very general way so that our setup is applicable to any sector characterized by informationally opaque
borrowers relying on bank financing. Some examples would include small businesses, startups, and first time
home buyers.

Borrowers desire to borrow, investors desire to save, and banks alone have the technology to screen and

14 But investors do

identify repaying borrowers. Banks need to raise funds by selling loans to investors.
not possess the information about the underlying quality of traded assets. The importance of studying the
macroeconomic implications of this type of informational asymmetry is discussed in Gorton (2009). Our goal
is to examine its implications for the allocation of loanable funds, i.e. the composition of financed borrowers.

The model period can be subdivided into three stages occurring in the following order.

1. Screening of Borrowers. Taking asset prices as given, banks choose whether or not to engage in costly
screening of borrowers when originating loans or choose them at random. Upon origination, loan quality

is revealed to the banks. This stage determines the composition of borrowers.

2. Rating of Assets. Banks choose whether or not to engage in costly rating of their assets, taking asset
prices as given. This stage determines how much information is produced to mitigate the information

asymmetry friction in asset markets.

3. Asset Trade. Banks and investors trade in competitive loan markets, where asset prices are determined.

2.1. Borrowers

There is a continuum of measure 1 of potential borrowers of unobserved type, each of whom seeks financing
in the amount of 1 unit of funds. Potential borrowers are of unobservable type 8 € {G, B}, represented in

proportions p, and 1 — p, respectively. Type 6 repays Wy on the loan.

Assumption 1 We assume that Wg > Wpg.

2.2. Banks

There is a continuum of measure 1 of profit-maximizing banks, heterogeneous in their screening cost k& ~ F' [0, 1],
which is unobserved to investors. F'is continuous and represents the cumulative distribution function of banks’
screening costs. Each bank faces its own pool of potential borrowers of types 6 € {G, B}, in proportions p, and
1 — py. Banks have the option of using the screening technology at the cost k, which guarantees financing of a
good project (8 = G). Otherwise, the borrower is chosen at random. We interpret lending to a type 6 borrower
very generally as standing in for extending a large basket of loans that generates Wy in total proceeds.'?

Once the borrower is financed, the asset type 6 is revealed to the bank. This information regarding the
quality of underlying loans is not available to investors. At a cost ¢, banks can employ a rating technology that
reveals the true asset type with probability r € (0.5, 1]. Because banks holding type G assets are more likely to
obtain a good rating on their assets, good ratings will serve as positive signals in secondary loan markets, and

assets with good ratings will sell at a premium.

14This assumption guarantees the presence of secondary markets for loans.
15This would include interest and loan repayments, and collections in case of default.



Assumption 2 We assume that ¢ < Wg — Wpg.

As alluded to in the Introduction, rating an asset in our model should be interpreted as engaging in a
costly process that results, with some positive probability, in the enhancement of the perceived value of the
asset. Indeed, the process of obtaining a triple-A rating for a large share of one’s loan basket is a costly process
that involves hiring consultants to obtain better information regarding the rating process of each agency and to
learn how best to decompose the loan basket into tranches, as well as ratings shopping. The assumption that
r > 0.5 simply captures the idea that banks with better assets are more likely to succeed in this process.

We also assume that bad ratings are available for free to all banks, which rules out the signaling value
of poor ratings and ensures that only good ratings will be revealed. Note that when more assets get rated
in our model, for a fixed distribution of issued asset types, there are more undisclosed poor ratings. We will
therefore interchangeably refer to the uptake of rating technology among originating banks as “rating activity”
or “ratings shopping.”

Because the screening cost of originating banks is not observed by investors, it follows that asset prices
will be conditioned only on the presence of a good rating. We denote prices on assets with good ratings and
no ratings (or hidden poor ratings) by Pgr and Pyg, respectively. Taking these prices as given, banks choose
their screening and rating strategies to maximize their profits.

Rating Strategy

Because asset prices Por and Pypg are conditioned only on the rating signal, all banks holding an asset
of a given type 6 will make the same decision with respect to employing the rating technology. We allow for a
mixed strategy fy, which refers to the probability of employing the rating technology.

A bank that holds a type B asset chooses to rate it if the expected gain in the asset price strictly exceeds
the cost of using the technology. The gain is positive, Poqr — Pyg, only in the case of an inaccurate rating,
which happens with probability 1 — 7. The asset is not rated if the expected gain falls short of the cost, and the

mixed strategy is possible otherwise. Formally,

fB=1 (1-7r)(Per — Pnr) >c,
fB =0 if <ec, (1)
fB € [0, 1] =c.

We restrict attention to the range of parameter values, derived in Lemma 1, that ensure that it is optimal

to rate high quality assets (fg = 1), i.e. that
T(PGR—PNR) >c (2)

holds in equilibrium. From now on, we will assume fg = 1 always holds in equilibrium.
Screening Strategy
We now turn to the screening decision. Each bank, characterized by their screening cost &k, chooses whether
or not to screen, taking the asset prices Pgr and Pypr and the optimal rating strategies fp and fg as given.
Denote by Ry the expected return from having issued an asset of type 6. Because the rating technology is
always employed by banks with high quality assets, the expected return from the type G asset is given in (3).
With probability r, the bank obtains a high rating, reveals it, and sells the asset for Pgr. With probability
1 —r, this bank obtains a poor rating, hides it, and sells the asset for Pyr. The return is reduced by the rating
cost and the unit loan amount. Likewise, the expected return from having the type B asset is given in (4).
With probability (1 — ) fB, the bank obtains a high rating, reveals it, and sells the asset for Pgr. Otherwise,

the bank sells the asset for Pyg, which happens both, in the case of the accurate rating draw and the case of



not rating the asset. The return is reduced by the expected rating cost and the unit loan amount. Therefore,

Rg = rPer+(1—7)Pvr—c—1, (3)
RB (1 — r)fBPGR —|— [1 — (1 — ’I")fB] PNR — fBC— 1. (4)

Banks that choose to screen finance a high quality loan basket with certainty. The ex-ante expected return
for these banks is given by Rg — k. Banks that choose not to spend resources on screening draw loan baskets
at random and finance high quality assets with probability j,. The ex-ante expected return for these banks
is given by ugRa + (1 — pg)Rp. It follows that, in order to maximize the ex-ante expected return from their

investment, a bank of type k should screen whenever
Re — k> pgRg + (1 — po)Rp, (5)
i.e. when the screening cost is sufficiently small. The marginal screener is the bank of type
k= (1- ) (Re — Ra). (6)

The more productive banks (k < k) screen and hence introduce only high quality borrowers into the economy.
The less productive banks forgo the screening process and hence introduce high quality borrowers into the
economy with probability 1. Recall that the distribution of banks is described by F', which implies that the

marginal screener determines the measure of high quality borrowers in the economy:

p=F(k)+ (1 - F(k))uo. (7)

2.3. Investors

Investors save by purchasing loan-backed assets in competitive markets. Because we assumed that investors
have no information regarding the quality of the underlying loans or screening productivity of loan originators,
investors’ beliefs regarding asset quality are conditioned only on the observed ratings. We denote investors’
beliefs regarding asset quality by Prgigr and Prgnyg. Our assumption of competitive markets implies that
investors make zero profits, i.e. that equilibrium prices on assets with good ratings and no ratings reflect their

expected returns, as perceived by investors:

Por = WgPrgier + Wa[l — Prgiar] = PrgjacrAW + W, (8)
Pxp = WePrgnvr + Wg([1 = Prg\ngr] = PrgnrAW + W, 9)

where AW = Wg — Wp.

2.4. Model Equilibrium

We have thus far described the banks’ optimal screening and rating decisions for given asset prices. We have

also discussed how the asset prices are related to investors’ beliefs regarding asset quality. To complete our



definition of equilibrium, we also require that investors’ beliefs are consistent with the equilibrium outcomes:

ur
pr+ (1 —p) fp(l 1)’
p(1—r)
p(l =)+ 1= w1~ fB) + for]

Prgigr (10)

Prginr (11)
Prg|gr corresponds to the actual fraction of high quality assets among the highly rated assets, i.e., among the
high quality assets with accurate ratings and the poor quality assets with inaccurate ratings. Similarly, Prgnr
corresponds to the actual fraction of high quality assets among all unrated assets. We will refer to the belief
differential

APr := Prgigr — Proinr

as the (good) rating informativeness, precisely because it captures the increment in the equilibrium probability
that the asset is of high quality implied by an observation of a high rating. This endogenous quantity will play a
critical role in generating all of our results. We can immediately see that the rating informativeness determines

the premium paid on highly rated assets as well as the rating intensity.

DEFINITION. An equilibrium is given by the marginal screener k*, the rating strategies f& = 1 and f%, the
measure of good borrowers in the economy p*, investors’ beliefs regarding asset quality conditional on the
observed rating {PracR, Pr’(‘;lNR} and asset prices conditional on the observed rating {Pgp, PN} satisfying

the following conditions:

1. Given the asset prices {P&p, Pir}, banks of type k < k* find it optimal to screen their borrowers (i.e.
the screening condition (5) is satisfied for these banks), while banks of type k > k* find it optimal to select

their borrowers at random (i.e. the screening condition (5) does not hold for these banks).

2. Gliven the asset prices {Pgp, P r}, banks that issued type 0 assets find it optimal to rate according to fj
(i.e. the rating optimality conditions (1) and (2) are satisfied).

3. Given investors’ beliefs {PréIGR, PrglNR}, asset prices { P&, Py g} reflect expected returns: conditions
(8) and (9) hold.

4. Investors’ beliefs {Pr g, Priypt are consistent with the equilibrium outcomes: (10) and (11) hold.

5. The measure of resource allocation in the economy p* € (0,1) is determined by the optimal screening

strategies, summarized by k*:
i = F(R) + (1 = F())pg: (12)

To the extent that borrower repayment Wy is related to the borrower productivity in whatever entrepre-
neurial activity the borrower seeks to finance, the equilibrium object p* reflects the average productivity in
the sector that relies on bank financing. In section 3.4, we derive the efficient level of screening k°/. In the
spirit of Boyd and Prescott (1986) and Holmstrom and Tirole (1997), banks perform an important service of
screening of borrowers, thereby directly affecting aggregate productivity through the credit allocation margin
summarized by p. Our model allows us to analyze how the presence of information asymmetry in markets

where loan-backed assets are traded affects the intermediaries’ incentives to screen.

10



3. Equilibrium Characterization

We solve for the equilibrium quantities and prices as follows. We first characterize the optimal rating strategy
fB as a function of u, which ensures that Conditions 2-4 in the definition above hold. This is done in Lemma 1
and Corollary 1. Once the equilibrium relationship fp () is derived, it is straightforward to obtain beliefs and
prices as functions of ;1 as well. Given these prices, the marginal screener k is determined in accordance with
Condition 1 in the definition. Finally, the equilibrium resource allocation p* is found as a fixed point of (12)

provided in Condition 5. Existence and uniqueness of the equilibrium are proved in Proposition 1.

3.1. Rating Strategy

We now proceed to characterize the rating strategy fg, for a fixed . The optimal rating strategy fp, described in
(1), depends on asset prices. In turn, asset prices depend on investors’ beliefs through the zero profit conditions
(8) and (9), and beliefs depend on p and fp through the consistency conditions (8) and (9). Therefore, by
substituting consistent beliefs into prices and prices into the rating optimality condition, we can determine the
equilibrium dependence of the rating strategies fp on the fraction of good borrowers in the economy pu.

It is first helpful to describe how the rating accuracy, r, and the cost of screening relative to the repayment

differential,
c

AW’

affect the rating decision. The lemma below characterizes the optimal rating strategy in the parameter space

¢ =

(13)

of r and ¢ (for a fixed p).

Lemma 1 Rating strategies fp and fo in the space of ¢ and r (for a fized p).

For a given measure of resource allocation, i, the rating strateqy fp can be summarized as follows:

1 &< p(=p)(1—=r)(2r—1)
: (- (1-r)(2r—1) T 7 L
fB=19 fB"e(0,1) if [7-—u727'—lit)][M(Qr—l)-i-(l—r)} < ¢< Tuﬂ (14)
0 A=n0-p) =
1—rp — ’
where the mived strategy is given by fm'® = 6(172“0ﬂt(177‘)72}/((1(5_?;22;:5?(27&7(67“)5”‘.16
Moreover,
1—
fo=1 ife< L= (15)
1—rp

Proof. See the appendix. =

Figure 2 helps visualize this result. It illustrates the optimal rating choice for an arbitrarily chosen measure
of good projects = 0.5. Recall that the asset is rated, fp > 0, whenever (1 —r) APr> ¢. Higher levels of
¢ clearly weaken the incentive to rate poor quality assets. However, the effect of r depends on its level. On
one hand, raising r increases rating accuracy, making it less likely that a poor quality asset obtains a lucky
high rating and collects the premium. This effect discourages rating of poor quality assets. On the other
hand, raising r increases the rating informativeness APr and the premium paid on highly rated assets. This
effect tends to encourage rating activity. The latter effect dominates for low ». When r is at its lowest, near
0.5, high ratings are largely uninformative, which implies a low premium. As a result, poor quality assets are

seldom rated, despite the high likelihood of obtaining a high rating by mistake. As r increases, so does the

161t is found by solving (1 —r) (Pgr — PnRr) = c after substituting for prices and beliefs.
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premium paid on high ratings, which encourages rating activity. Conversely, the former effect dominates for
large values of r. When r is near 1, the poor quality asset has no chance of obtaining a high rating and its
issuer is discouraged from rating it regardless of the premium paid on high ratings. This intuition applies to

the entire range of the parameter space.

Our focus on the parameter space that ensures that fg = 1 in equilibrium implies that the range of
admissible p is between 0 and
___r—c
b=ra—-2a

found from (15). Corollary 1 formalizes the general characterization of the equilibrium relationship f5 (u) :
[0, z] — [0,1]. We show that fp is 0 when p = 0. It is increasing for low levels of ;1 and may or may not reach
the level of 1 before it becomes a decreasing function of p. For sufficiently high levels of i, the rating strategy
fB reaches the level of 0 and stays at that level as p increases further. To understand this shape, recall the
rating optimality condition (1) which reveals that the return to rating the issued asset is disciplined by the
premium paid on good ratings (Pgr — Pnvg), which, in turn, depends on the rating informativeness APr. It is
easy to see that APr is a single-peaked function of pu, increasing for small values of u and decreasing for high
values of u. The reason for this is as follows. When p is small, there are very few good assets in the economy,
so a good rating does little to change investors’ beliefs regarding the asset quality. The same is true for high
levels of 1 when all traded assets are predominantly of high quality. For intermediate values of p though, a
good rating carries a lot of informational content. Therefore, it is for intermediate values of p that investors
are willing to pay the highest premium on good ratings and banks are most likely to try their luck at obtaining
a high rating.

Corollary 1 Rating strategy fp (1) : [0,] — [0,1] as a function of resource allocation, .

Ife> (1 —r)(2r—1), then

0 p=0,
fe(p) =9 f5™ (we(0,1) if pe 0 pus),
0 1€ [ps, i),

with fp increasing for p € (0, k) and decreasing for p € (fax, t3), Wwhere the constants p,,. and ps are
defined as

1 (1—1) =2 l—r—¢
ax = = , = " 16
oo = 90— —e@r (1) T 1o re (16)
If instead ¢ < (1 —7r) (2r — 1), then
0 w=0,
fg”l"”(p)e(o,l) :u‘e(oa/u’l)a
fB=41 if € [ps pol,
B (1) €(0,1) 1€ (po, p13) 5
0 K2 s,

with fp increasing for u € (0, py) and decreasing for p € (pq, pi3) , where the constants py and py are defined as

u111\/ 1-r)(@2r—1)—¢ u21+1\/ 1-r)(@2r—1)—¢ a7

2 2\ @r—-1(+1-2er—r) 2 2\ (@2r—-1)(c+1—-2er—r)
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Proof. Notice that 11 < pi. < o < pt3 < fi. The proof follows from Lemma 1 after recognizing that ;; and

mix

ps denote the lower and higher solutions of f'® = 1, that ug solves f7® = 0, and that f2'® is an inverted
U-shaped function maximized at fi,,,,. If ¢ > (1 —7) (2r — 1), the rating strategy f5'* never reaches the level
of 1. If instead ¢ < (1 —7)(2r — 1), then f2® will exceed 1 on the interval (uq,u,), implying rating with

certainty in that range. m

3.2. Screening Strategies and Resource Allocation

Now that the equilibrium relationship fg (1) is characterized in Corollary 1, it is straightforward to obtain the
equilibrium dependence of investors’ beliefs and prices on u. Given these prices, the marginal screener k (p) is

determined according to (6):

k(p) = (1= po)AR(p), (18)
where the return differential is given by
AR(u) : =Rg(p)—Rp(p)
= (Per(p) = Pyr(p)[r— (1 —=r)fp (1)) — (1= fB(1)c
= AWAPr(u)[r— (1 —=7)fs ()] = (1= fz(n)ec (19)

An important insight emerges. It is the price differential on assets with good ratings and assets with no ratings
that disciplines the banks’ screening effort at the stage of loan origination. In turn, as seen from the above, this

premium is proportional to the rating informativeness APr(pu) :

pr p(l—r)

AP = Tl A1) W=+ = w0~ o () + F5 (07" 20
obtained by substituting for the beliefs from (10) and (11). Rating informativeness is high when the rating
technology is accurate and poor quality assets are not rated. In that case, a good rating implies a large gain in
the perceived quality of the asset, investors pay a large premium on assets with high ratings, and more banks
screen their borrowers. In the next subsection, we will show that as long as the rating technology is prone to
error (r < 1), rating intensity confuses the market and rating informativeness is insufficient to imply the first
best allocation. However, as long as the rating technology is prone to error, good ratings will not be sufficiently

informative to induce the optimal level of screening effort.

Nonetheless, it is important to emphasize that the fact that fp (1) < 1 for a large range of admissible u
is important in generating an additional wedge between Prg|gr and Prg ygr. The wedge already exists even in
the case of fp (1) = 1 because r > 0.5, but it is larger when fp (1) < 1. In other words, asset issuers know
the quality of their asset and this information is reflected in their rating behavior. Less frequent rating of poor
quality assets strengthens informativeness of good ratings and raises the premium paid on highly rated assets.
This, in turn, encourages the screening effort. We discuss in Section 4 that policies that have been officially
proposed to combat the informational asymmetry friction in asset markets are likely to be counterproductive

exactly because they eliminate this endogenous wedge, thereby weakening informativeness of good ratings.

Substituting the marginal screener expression (18) into the final equilibrium condition (12), it becomes

clear that the resource allocation in the economy p* can be obtained as a fixed point of
= F(k () + [1 = F(k ()] po. (21)
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To prove existence and uniqueness of equilibrium, it suffices to show that there is a unique solution p* to the
above equation. The proof is formalized in Proposition 1.

The remaining equilibrium quantities and prices have already been characterized as functions of p. The
equilibrium rating strategy fj; can be determined from (14). Using this information, investors’ beliefs {Pr*G‘ CR’
Pr*Gl ~g) are computed from consistency conditions (10) and (11) . Given those, asset prices are computed from
the zero profit conditions (8) and (9).

Proposition 1 Existence and uniqueness of equilibrium

Denote the right hand side of the equilibrium condition (12) by H : [0, 7“1(1_7;‘;)} — (1o, 1],

H(p) = F(k(n)) + [1 = F(k (1)] po- (22)

Assume pg < fi. If parameter values satisfy ¢ < (1 —r) (2r — 1), then also assume

e e ! @

where f := sup F'(k).
ke[0,1]
Then H'(1n) <1 and there exists a unique equilibrium.

Proof. See the appendix. =
Note that the condition (23) imposed to ensure uniqueness is quite weak. In fact, this condition is not

needed for parameterizations that imply that the equilibrium measure of high quality assets is over a half.!”

3.3. Inefficiency of the Decentralized Equilibrium Outcomes

It is instructive to compare outcomes in the decentralized economy to the constrained efficient outcomes. In
order to define the constrained efficient allocation, however, we need to specify a few more details about the
production structure of the economy. For simplicity, we assume that the rating cost c is simply a transfer from
banks to rating agencies. We also assume that there are no additional costs associated with production of
projects underlying the loan baskets, apart from the unit of funds extended. Suppose further that extending a
loan basket of type G results in output production in the amount of Y, whereas extending a loan basket of type
B results in output production in the amount of Yz, where Yo > Yp. Finally, we note that the relationship
between the repayment amounts and the actual output levels will satisfy Wg — Wy < Yg — Yp.!8

It follows that the total output of the economy is a function of the level of screening activity k:

Y = F(R)Ye + (1 - F(R)(uoYe + (1 - 1)) - / R () 1 (24)

The first two terms give the output of the final good produced by projects underlying the loan baskets; the last
two terms represent inputs involved in screening and production of projects. With a greater k, more resources

are used up in screening, but the unit of funds employed in production yields more output.

1"We show that H (u) is weakly decreasing for u € (0.5, 2) without any restriction on parameter values.
18 This relationship is consistent with either debt or equity financing contracts. Modeling the bank contracts in more detail is
outside the scope of this paper and irrelevant for our analysis.
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The constrained efficient allocation is given by the screening activity k that maximizes Y. The social
marginal gain of screening by any bank is (1 — 1)(Ye — Yp), because the good borrowers are financed with
probability p, even if the bank chooses not to incur the screening cost. The marginal cost for a given bank is k.
Therefore, it is socially optimal for a bank with the screening cost k to screen whenever (1 — u) (Yo —Yg) > k.
The most productive bank faces the screening cost k = 0; therefore, it is always efficient for this bank to screen.
The least productive bank faces the screening cost of 1. If (1 —p)(Ye —Yg) > 1, then even the least productive
bank should screen, and so should the rest of the banks. Otherwise, there exists a cutoff marginal screener

kel € (0,1) satisfying k®f = (1 — o) (Yo — Y5). Formally, the socially efficient marginal screener is given by
kS = min{(1 - po) (Yo — YB), 1}, (25)
and the implied socially efficient measure of resource allocation is given by
pt = F(E) + [1 = F(k)] o (26)

In the decentralized economy, k < 1, i.e. it is never the case that all banks screen. If this were the case,
consistent beliefs would imply that all assets are of high quality and all assets would trade for Wg. This, in
turn, would imply that no individual bank would have an incentive to engage in screening, which leads to a
contradiction.

Even if k¢/ < 1, the level of screening in the decentralized economy falls short of the socially efficient level,
as long as r < 1. The inutition is as follows. As long as there is room for mistakes, some issuers of low quality
assets will try their luck at getting a high rating along with issuers of high quality assets. This reduces the
signaling value of a high rating and hence the premium paid on highly rated assets. This low premium coupled
with the reduced certainty of getting a high rating on a high quality asset discourages screening effort at the

stage of loan origination. The following proposition formalizes this result.

Proposition 2 Decentralized Outcomes vs. Constrained Efficient Outcomes

Whenever r < 1, the equilibrium level of screening activity is less than efficient and resources are misallocated:
B < k¢ and p* < pet.

Proof. First consider the case where (1—10)(Yo—Yp) > 1 and so k¢/ = 1. We want to show that k* < k¢/ = 1.
Suppose not. If k* = 1 then y* = 1, and it follows that Por(u*) = Pxr(p*) = Wg. This, in turn, implies that
no bank will choose to engage in costly screening, i.e. k* = 0. We arrive at a contradiction.

Now consider the case where (1—p,)(Yo—Y5) < 1 and so k¢f = (1—p,)(Ye —Y3g). Drawing on equilibrium
conditions (18) and (19), we have

k= (11— po)AR (k)
= (L= po) (AWAPY[r — (1 =7)fp] = (1 = fp)c)
< (1= p) AWTAPT* < (1 — o) AW < (1 — o) (Yo — YB) = k%,

where the inequalities are due to r < 1 and APr* < 1 (which follows from (21) after substituting for r < 1).
Recognizing that H (i) increases in k, the result that u* < u®/ follows immediately from (21) and (26). =
The equilibrium level of screening effort is maximized at » = 1. This is implied by Lemma 2 presented

below, which shows that both screening effort and the average quality of projects introduced to the economy

increase in r. In the case of r = 1, equilibrium outcomes are efficient if loan contracts are consistent with
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AW =Yqs — Yp and c is treated as a resource cost.

3.4. Macroeconomic Effects of Increasing Asset Complexity and Collateral Values

The declining accuracy of ratings (r |) is highly characteristic of the expansionary period that preceded the 2008
crisis as it reflects a well-documented trend in growing asset complexity; it will be the focus of our discussion.
However, rising collateral values associated with the housing boom also characterized this period. We interpret
the rise in collateral values as a decline in AW, because more value is recovered from defaulting borrowers
in the case of higher collateral prices. In this section, we show that both of these changes exacerbate the
resource misallocation in the economy and explore their additional implications for pre-crisis observations. We
also investigate the effects of an improvement in the pool of projects/borrowers (i T), which may reflect the
expansionary rise in the average productivity of borrowers.

Recall our measure of rating informativeness given in (20) . It decreases in rating intensity, i.e. aaAfir < 0.

Intuitively, as more poor quality assets are rated, the probability that a good rating indicates a good asset

declines. It is also easy to see that rating informativeness increases in r, i.e. %

> 0. Intuitively, a more
precise rating technology increases the gain in the perceived quality of highly rated assets.

The level of rating informativeness is critical for the screening decision of individual banks, and therefore
for the measure of resource allocation in the economy. Ceteris paribus, an increase in rating informativeness
leads to an increase in the screening activity of banks.

We proceed to derive the partial effects of various parameters on the equilibrium level of resource allocation
w*. It is helpful to first recall that, in any equilibrium with fg(u*) € (0,1), the issuers of poor quality assets

are indifferent between rating and not rating their asset:

c

APr = m (27)
It follows immediately from the above equality that (i) rating informativeness decreases in AW and (ii) rating
informativeness increases in the cost of screening ¢ and rating accuracy r. The intuition for these results invokes
the strategic rating behavior on the part of banks that financed poor quality loan baskets. If, for example,
AW increases, the mixed strategy will remain viable only if fp also increases, which would work to reduce
the rating informativeness (APr). Therefore, in any equilibrium where banks with low quality assets play a
mixed strategy, a change in the model parameter values, whether it is ¢, AW or r, has an important indirect
effect on the rating intensity fp and, therefore, on rating informativeness through condition (27). This indirect
effect, then, has important consequences for screening activity at the stage of loan origination. We proceed to
illustrate that this strategic rating component plays a critical role in the comparative statics analysis and policy
evaluation.

We begin with rising asset complexity, which was one of the main features associated with the rise in
markets for securitized products. In the context of our model, rising asset complexity is reflected in the decline
of a rating precision (r |). New important insight emerges with respect to the effect of rising asset complexity
on screening, credit allocation, ratings inflation and prevalence of high ratings.

Lemma 2 formalizes the effect of rating accuracy on screening effort and the measure of resource allocation.
An increase in the rating precision directly raises AR (given in (19)) by increasing the probability that high
quality assets will receive a good rating and sell at a premium, and by decreasing the probability that poor
quality assets will receive a good rating in error and sell at a premium. This clearly encourages banks to expend
resources on screening. Moreover, the premium itself also rises, further reinforcing the incentive to screen. The

reason for this is that the rating informativeness increases with r. When r is near 0.5, good ratings are largely
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uninformative because the poor quality assets can obtain them just as well as the high quality ones. The

opposite is true when 7 is near 1.

Lemma 2 Macroeconomic effects of the change in rating accuracy r

In equilibrium, screening effort k* and measure of resource allocation p* are strictly increasing in r.

Proof. See the appendix. =

Figure 3 illustrates the numerical experiment of lowering the rating precision. As we move along the X-axis,
r falls to represent the increase in asset complexity. We observe that the strategic rating on the part of lemon
holders intensifies (panel b). For a sufficiently high rating accuracy, poor quality assets are never rated, and for
a low enough level of rating precision, everyone engages in rating.'® Rating informativeness, depicted in panel
f, decreases through the direct effect of ratings becoming more prone to error, which reduces the signaling value
of a good rating. But in the region where a mixed strategy is played, rating informativeness, and therefore the
premium paid on highly rated assets, decline faster (panel f). In this region, investors’ beliefs regarding the
relative quality of highly rated assets deteriorate due to both—the direct effect of less accurate ratings and the
indirect effect of the intensified rating of poor quality assets. In the same region, the fraction of banks screening
and the measure of high quality projects/assets in the economy decline most rapidly (panels a and ¢). This is
not surprising, because the screening decision depends on the premium paid on highly rated assets and on the
probability of obtaining a good rating, both of which decline.

Perhaps most interestingly, we observe the possibility that the measure of highly rated assets actually
increases concurrently with the declining actual measure of high quality assets in the economy (panels a and e).
This happens in the region of the mixed strategy. The reason for this regularity is the intensified rating behavior
on the part of banks holding poor quality assets. As the rating accuracy drops and more of the asset issuers
try out their luck at getting a good rating in order to sell at a premium, the measure of highly rated assets
rises. Note the endogeneity of ratings is criticial for generating this result. In a model without the endogenous
ratings response, the fraction of good projects and the fraction of highly rated assets both increase with r.

Therefore, the decline in ratings accuracy (falling 7) helps rationalize several puzzling phenomena observed
prior to the financial crisis:

(1) Laxer screening standards and rising default probability, as identified by the empirical papers and data
discussed in the Introduction. This is reflected in our model as less screening and a greater degree of resource
misallocation resulting from a decline in r (panels a and ¢ of Figure 3).

(2) An intensified use of ratings, or shopping for high ratings. The model produces this feature as a result of
a declining r which encourages more banks to try their luck at getting a high rating, which we loosely interpret
as intensified ratings shopping (panel b or Figure 3).

(3) Rising default probability conditional on a high rating. This is seen in panel d of Figure 3.

(4) A decline in spreads between high yield (low rated) and investment grade (highly rated) securities, or
equivalently, a drop in the premium paid for highly rated assets. This is seen in panel f of Figure 3.

(5) An increased prevalence of highly rated assets (panel e of Figure 3) and despite the worsening pool of
loans to back them (panel a of Figure 3).

(6) The empirical regularity documented in Cornaggia, Cornaggia, and Hund (2017): After conditioning
on ratings, the more opaque asset classes exhibit greater default rates. If we suppose that the more opaque

asset classes entail a lower rating precision, our model would imply these assets would be rated more intensively,

19This effect is not unambiguous. In fact, for a low enough rating precision, r near 0.5, a good rating would be largely
uninformative and would induce a low premium, which would reduce the incentive to rate.
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resulting in lower premia on high ratings and therefore a weaker screening effort. Lower screening effort, in
turn, would further increase the default probability, conditional on a high rating.

We wish to emphasize that neither of the above facts can be studied in a model of asset markets that
treats the asset quality distribution as fixed. The endogeneity of the rating margin is also important for signing
some of the comparative statics effects and it will be critical for policy evaluation.

The rise in collateral values associated with the housing boom also characterized the economic expansion
leading up to the financial crisis. The rise in physical collateral would imply greater collections in case of
borrower default, which would map into our model as an increase in Wpg, or a decline in AW. Likewise,
strengthening of the relationship between the performance of the projects underlying the disbursement of funds
and performance of the financial assets would also mean lower frequency of default, or higher collections in case
of default, which would be reflected in our model as a decline in AW. To understand this interpretation, note
that in many environments, a switch from debt financing towards equity financing increases productivity of
the underlying projects. Our model abstracts from the details of financial contracts at the stage of asset issue,
therefore any development in these markets would simply be reflected in the repayment levels W and W.

Intuitively, an increase in the repayment differential AW should increase the measure of banks that screen
as it directly increases the premium paid on highly rated assets, which raises the return differential AR. This
is indeed true if banks with low quality assets choose a pure rating strategy. In other words, for small changes
in AW, the rating behavior remains unaffected, so there are no additional effects operating. In the case of a
mixed rating strategy though, fg will intensify and rating informativeness will decline, in line of our discussion
of equation (27). We find that the positive direct effect of AW on screening is exactly offset by an increase in

the intensity of rating poor quality assets. Lemma 3 formalizes these results.

Lemma 3 Macroeconomic effects of the change in AW

In equilibrium, screening effort k* and measure of resource allocation p* are weakly increasing in AW.

Proof. See the appendix. =

Thus, our model is consistent with the view that the rise in collateral values in mortgage or business loan
markets (AW |) may have also worked to weaken the screening incentives of the loan originators, thereby aiding
rising asset complexity (studied above) in worsening the average quality of loans.

To complete our comparative analysis, it remains to consider the quality of the pool of borrowers (u,) and
the cost of rating c. Perhaps the most surprising result in this section is that an improvement in the pool of
potential borrowers, (,, may actually worsen the degree of resource misallocation in the economy, i.e. it may
imply a lower p*. This is formalized in Lemma 4. An increase in p, clearly has a direct positive effect on p*.
Ceteris paribus, it can only increase the proportion of good borrowers in the economy. However, an increase
in 11 also unambiguously weakens the incentive to screen (lowers k*) as it implies a better ex-ante distribution
of borrowers and makes the option of choosing the loan basket at random more attractive. Condition (28)
compares the size of these two effects. The positive effect amounts to 1 — F(k), as it operates only through
measure 1 — F (k) of banks that select their borrowers at random. The negative effect equals (1 — pg) F (k) AR.
It is given by the measure of banks that stop screening (Fk(l;:)AR) multiplied by the loss in the probability of

issuing a high quality asset associated with the decision to pick at random (1 — ).

Lemma 4 Macroeconomic effects of the change in the pool of borrowers (pg)

The following effects on screening effort k* and measure of resource allocation p* hold in equilibrium:
a) k* is strictly decreasing in ju.
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b) p* is weakly increasing in p, if and only if

L= F(k (1) > (1 — o) Fu(k(1")) AR, (28)

Proof. See the appendix. =

Lemma 5 formalizes the effects of the rating cost. Because high quality assets are rated with certainty, an
increase in the rating cost ¢ will raise the expected rating cost of a high quality loan basket compared to that
of a poor quality loan basket as long as fg < 1. This direct effect discourages screening, and this is the only
effect operating if fg = 0. Of course, the incentives to screen are unaffected if fg = 1, because the rating costs
increase proportionately for both asset types. If fg(u*) € (0,1), which is the empirically relevant case, then
there is an additional effect of an increase in ¢ that dominates. A greater ¢ reduces the incentive to rate poor
quality assets, thereby raising the signaling value of high ratings. This raises the premium paid on highly rated

assets, thereby strengthening the incentive to screen.

Lemma 5 Macroeconomic effects of the change in the rating cost (c)

The following effects on screening effort k* and measure of resource allocation p* hold in equilibrium:
a) If fp(u*) =0, then k* and p* are strictly decreasing in c.
b) If fe(u*) € (0,1) (the empirically relevant case), then k* and u* are strictly increasing with c.
¢) If f(u*) =1, then k* and p* are independent of c.

Proof. See the appendix. =

This analysis shows that, just like an increase in r, an increase in ¢ can help get the screening effort closer
to the efficient level. The intuition is similar. An increase in the rating cost discourages rating activity on the
part of poor quality asset issuers. High ratings become more meaningful, and investors are willing to pay more
for them. In turn, the high premium paid on highly rated assets incentivizes more banks to engage in screening.
The general message here is that there is a benefit to discouraging frivolous rating activity. In contrast, the
issuer-pay model applied in practice typically requires pay for published ratings only. Our findings warn against

this feature.

4. Policy Experiments

Our comparative statics analysis of the previous section showed that the model mechanism is consistent with
lots of empirical facts. We have also seen that the strategic rating component and its interaction with the
endogenous screening choice play a critical role in generating the model results. In this section, we will show
that it is also critical for policy evaluation. We analyze mandatory rating and mandatory ratings disclosure
(but voluntary rating) as two policies that may potentially align the decentralized equilibrium allocation with
the efficient one. We find that, contrary to conventional wisdom, both policies worsen the degree of resource

misallocation.

4.1. Mandatory Rating

Consider a policy that dictates that all assets must be rated. At first glance, this policy may appear appealing
because the rating technology is indeed informative (r > 0.5) and its employment will produce more information

in the asset market. We show that this policy is at best ineffective. It makes no difference in the case where all
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assets are already rated in the equilibrium. In all other cases, the policy unambiguously worsens the degree of
resource misallocation.

Under mandatory rating, the possibility of hiding the obtained ratings is irrelevant. Because it is perfectly
known that everyone is required to obtain a rating, a lack of a rating will signal a hidden poor rating. Therefore,
an introduction of the mandatory rating policy into our model is equivalent to setting fp = fo = 1.

We show that by intensifying the rating activity on the part of sellers of low quality assets, this policy
introduces more confusion in the asset market, reducing informativeness of a good rating and therefore damp-
ening the premium paid on highly rated assets. We emphasize that the key intuition is in the fact that the
premium paid on highly rated assets (Pqr — Pgr) declines in fp. In turn, the premium paid on assets with
good ratings is what disciplines screening effort at the stage of loan origination. As this premium declines —
a result of policy intervention — banks are discouraged from expending their resources on screening, and the
degree of resource misallocation worsens.

Denoting the measure of good assets in the economy under mandatory rating by p™", we formalize our

main findings in the proposition below.

Proposition 3 Macroeconomic Implications of Mandatory Rating Policy

Under the mandatory rating policy, the resource misallocation worsens:

Fomr <
The following comparative statics results hold:
o} o} ou}
mnr O mnr — O mnr 0'
ar ~ 0 Tae O 9AW

Finally, agj'sr > 0 if and only if inequality (28) holds.

Proof. To show the first result, it suffices to show that H (1), defined in (22), is lower under the mandatory

rating policy. This would imply that the fixed point of p = F(k(u))+ (1 —F(k(1))) o is lower under this policy.
Recognizing that H () increases in k (1) and therefore in AR, it suffices to show that

ARy (1) < AR (p) (29)

for admissible y. This result follows immediately from the definition of

AR (r—{—=7)fB)(Par —Ppr) —c(1—fB)
p(l—r)

ur
(r=(=r)z) <W+(1—u)f3(1—r) BT E R s <1—r>>> —ell=fs)

after employing the expression of fp (1) given in Corollary 1. Condition (29) is satisfied with strict inequality
in the range of p where fp () < 1 in the benchmark model. The desired results follow from Lemmas 3-5 after
substituting for fp =1. =

This policy experiment highlights the importance of distinct rating activity of high quality and low quality
assets. The fact that poor quality asset issuers know they have a lemon and are allowed to freely act on that
knowledge translates into less frequent ratings use on their part. This is important because it helps raise ratings
informativeness, and therefore, discipline the screening activity. Our results suggest that effective policy design
should take this important channel into account. In light of our analysis, policy design aimed at raising r (i.e.

reducing asset complexity or disciplining the behavior of rating agencies) or raising ¢ would be much more
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effective at aligning the equilibrium outcome with the efficient one. It is not surprising that, with mandatory
ratings, raising ¢ no longer helps increase screening activity. This is because it can work only by discouraging

ratings of low quality assets.

4.2. Mandatory Ratings Disclosure

We now consider a policy that dictates that all ratings must be disclosed, although leaves the banks free to
make their rating choices. This policy also appears potentially useful as it simply suggests to disclose the
information that has already been obtained. However, we find that, for a broad range of parameter values, this
policy intensifies the rating activity of bad assets, weakens the incentive to screen and exacerbates the resource
misallocation problem in the economy.

With the introduction of mandatory ratings disclosure, investors can differentiate between assets with good
ratings, assets with bad ratings, and unrated assets, all of which will trade at potentially distinct prices that
we denote by Pggr, Pgr, and Pyg, respectively. Therefore, we must adjust several definitions in the model
economy and review the rating strategies.

A bank with a high quality asset chooses to employ the rating technology (fg = 1) if and only if
rPgr+ (1 —r)Pgr — ¢ > Png. (30)

As in the benchmark model, we consider only the range of parameter values implying that fg = 1.

Similarly, a bank with a poor quality asset employs the rating technology (fp = 1) if and only if
(1—-7r)Pggr +7rPgr —c> Png, (31)

it is indifferent towards rating if the above expression holds with equality and prefers to opt out of rating
otherwise.

The expected returns from having issued assets of type 6 € {B, G} are then given by

Rg = rPgr+(1—r)Ppr—c—1, (32)
Rp fB [(1—7’)PGR+7‘PBR—C]+(1—fB)PNR—1. (33)

Our assumption of competitive markets implies that investors make zero profits, i.e. that equilibrium
prices on assets with good ratings, bad ratings and no ratings reflect their expected returns, as perceived by

investors:

Por = ngrGK;R + WB[l — PrG’\GR} = AWPI‘G‘GR + Wg, (34)
Ppr = WgPrgpr + Wg[l — Prgpr] = AWPrgsr + W, (35)
Pyr = WePrgnr + Wg([l — Prginr] = AWPrgng + Wh. (36)

Finally, we require that investors’ beliefs are consistent with the equilibrium outcomes:

ur

Praicn = T e =) 37
p(l—r)

Presr = T+ @ wfer )

PrG\NR = 0. (39)
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The last belief is zero because high quality assets are always rated (fg = 1) and disclosed.

Other than the fact that three types of assets are now traded in asset markets, the equilibrium in the
economy under the mandatory ratings disclosure policy is defined as in the benchmark model. It is given by
the marginal screener k*, the rating strategies f& =1 and f5, the measure of good borrowers in the economy
w*, investors’ beliefs regarding asset quality conditional on the observed rating {Pra GR Prg| BR Prgl ~Ngs and

asset prices { P&y, Pigr, Phr} such that:

1. Given the asset prices, banks of type k < k* find it optimal to screen their borrowers, i.e. the screening
condition (5) is satisfied when we substitute for Rg and Rp defined in (33) and (32), while the opposite
is true for banks of type k > k*.

2. Given the asset prices, banks that issued type 6 assets find it optimal to rate according to f; (i.e. the
rating optimality conditions (30) and (31) are satisfied).

3. Given investors’ beliefs, asset prices reflect expected returns: conditions (34) - (36) hold.
4. Investors’ beliefs {Pr; 55, Pr yg} are consistent with the equilibrium outcomes: (37) - (39) hold.

5. The measure of resource allocation in the economy p* € (0,1) is determined by the optimal screening
strategies, summarized by k*:
pt = FE) + (1= F(k))po-

First of all, we find that under mandatory disclosure, it is never the case that fg = 0. The intuition is
as follows. If fg = 0 and fg > 0, then the disclosure of any rating, whether it is good or bad, would signal
with certainty that the asset is of high quality. The equilibrium asset prices generated by such beliefs would
incentivize poor asset issuers to rate their assets, which contradicts the assumption of fg = 0. Lemma ?7?

characterizes the rating strategy fp for a given measure of resource allocation pu.

Lemma 6 Mandatory Ratings Disclosure: Rating Strategy fp (for a fived p).
For a given measure of resource allocation p € (0,1], we have fo =1 and fp is summarized as
pr(l—r)

[ur+QQ—p) (=) [p(1—7)+(1—p)r]
1

o

<
<

o\

1
fB - { miz ; pr(l—r)
B €0 G- <

)

(1+28) (r—r?) —+1/108r2 — (166+2)r3+(85+1)r4+432 (r2 —r)+(G—1)2 o
2¢r(1—p)(1—r) :

where the mived strategy is given by fH® = p

Proof. See the appendix.

The main result is formalized in the proposition below. We show that the mandatory ratings disclosure
policy tends to weaken the incentive to screen. The intuition for this result is as follows. The introduction of
this policy no longer allows to pass off missing ratings as undisclosed false ratings. Even poor ratings now serve
as a positive signal. This encourages the rating behavior on the part of poor asset issuers. In fact, it is seen
immediately that f2® (u) is strictly greater than its counterpart in the benchmark model (defined in Corollary
1) for all u. As a result, markets are confused and rating informativeness is reduced, just like in the case of the
mandatory rating policy. As the informational value of good ratings declines, so does the expected return to

screening, which compounds the resource misallocation in the economy.

20This expression is a solution to (1 —r) Pgr +7Pgr —c = PyR.
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Proposition 4 Macroeconomic Implications of Mandatory Ratings Disclosure

If u* € (O, 11—_:—_5&)’21 the resource misallocation worsens under the mandatory ratings disclosure policy:

Fima < 1

Proof. See the appendix. =
Recall from Corollary 1 that fp (1) > 0 in the range of p € (0 i_a.) . Therefore the result applies

’1—r—rc

in the empirically relevant cases. Figure 4 illustrates the comparison between the benchmark economy and
the mandatory ratings disclosure economy for the following parameterization: r = 0.8, ¢ = 0.1, Wg = 1.1,
Wp = 0.3. Panel b shows the rating intensity. Because this is the case where ¢ > (1 —r) (2r — 1) AW, the

l1—r—c

. . Consistent with our
—r—rc

benchmark rating function fp (1) is below 1 on the entire range of p € (0
discussion, f7?(u) > fg (u) for all y. This results in the lower premium paid on high quality assets under
mandatory ratings disclosure (panel d) and lower returns to screening AR (1) (panel c). Note that to show
that p* , < p*, it suffices to show that AR (u) > AR™?(u) in the range of admissible y. This is because
k() = (1 —pg) AR (1) and H (p) increases in k (1) . Panel a illustrates the actual equilibrium level of good
projects in both economies as the intersection of the 45 degree line with the benchmark H (u) and Hyuq (1),

derived under the assumption that p, = 0.6 and a linear cumulative distribution function of banks, F' (k) = k.

5. Conclusion

We developed a general equilibrium model that allowed us to study the interaction of information production
in secondary markets for loans, via ratings and their disclosure, and screening intensity at the stage of loan
origination. The model is consistent with several puzzling features appearing in pre-crisis data, such as the
decline in screening effort, intensified rating activity, ratings inflation, the decline in the premium paid on
highly rated assets, and rising prevalence of triple-A ratings. The model provides insight into what determines
screening effort at the stage of loan origination and explains why it is less than optimal. The premium paid
on highly rated assets emerges as the main determinant of screening effort. Because the rating technology
is imperfect, this premium is insufficient to induce the efficient level of screening. However, the fact that
banks know their asset quality and produce ratings according to their information helps keep the premium
high. Mandatory rating and mandatory ratings disclosure policies interfere with this decision margin, thereby
reducing informativeness of high ratings, lowering the premium paid on them, and exacerbating the credit
misallocation problem. Our findings caution against these regulatory policies and suggest that policy design
aimed at raising rating accuracy (e.g. policies that regulate asset complexity) and/or raising the cost of ratings

would be more effective at aligning equilibrium outcomes with the efficient one.

21 This condition is more stringent than needed.
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Figure 1. Difference in Yields of AAA-rated and Other Tranches

Notes. Source: ABSnet (restricted) deal data. The following restrictions were applied to the dataset.
Region: United States; Deal Type: Asset Backed Security; Asset Class: Small Business Loans. Yield AAA is
computed as the average yield on tranches with at least one triple-A rating. Yield Other is computed as the

average yield on all other tranches.
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Figure 2. Equilibrium Rating Strategy

Notes: This figure helps visualize Lemma 1. For a given resource allocation p*, this figure reports the
optimal rating strategy by holders of type B assets in the space of two exogenous quantities: the rating accuracy

r and the rating cost ¢ normalized by the repayment differential Wg — Wp.
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Figure 4. Benchmark Economy vs. Economy under Mandatory Ratings

Disclosure Policy

Notes: This figure visualizes Proposition 4. For each of the economies, this figure reports the rating inten-
sity function, premium paid on high quality assets and returns to screening. Panel a shows the determination

of the equilibrium level of good projects in the economy as an intersection of the 45 degree line and function
H(p).
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A. Proof of Lemma 1

Rating strategy f5.

Case 1. fp = 1. From (1), this strategy is optimal whenever (1 —r) (Pgr — Pyg) > ¢. Substituting for prices
from the zero profit conditions (8) and (9), we have

(1 -r)AWAPr > ¢,

where A Pr =Prg|gr—Prg ng. Substituting for beliefs from the consistency conditions (8) and (9) and
from fgp = 1 gives the necessary and sufficient condition for the above inequality:

pr p(l—r)

1—r)AW — > ¢, or
( P S| (e R g Eare ey
p(l—p)(2r —1) ¢
1-— > . 40
=) @ - D) =D+ 1 =1) AW (40)
Case 2. fp = 0. Following the same steps as in Case 1, we find this strategy is optimal whenever
(1-r)AWAPr <ec.
Substituting for beliefs from the consistency conditions and for fg = 0, we obtain
1—
(1—-r)AW [1 = pl =) } < ¢, or
p(l=r)+(1—p)
1—p c
1-— . 41
( T)|:1—’I"[J,:| < AW (41)
Case 3. fp € (0,1). The mixed strategy is optimal whenever
(1-r) AWAPr=c.
Substituting into the above equality for beliefs from (8) and (9) gives
(1—r) ur 3 w(l —r) ¢
pr+ A —=pfe(l=r) pl=r)+ Q=L fe)+fer]] AW
It is straightforward to show that the positive solution to this equation is given by
e S =2+ (1= 1) = @4 )’ = p2r 2= 1) = (6= 4r)érp
" = : (42)

2e(L—1) (1—p)

The optimal strategy fp is given by f%® derived above, but bounded by 0 from below and 1 from above.
Thus we have fp € (0,1) whenever

. p(l—p)(2r—1) c L=k
N e Ay < < 0 [T

The first inequality appearing in the expression above is derived by setting f7‘® < 1, and the second
inequality is derived by setting fz"** > 0.

Rating strategy fq.
To ensure that fg = 1, we must impose that

rAWAPr > c.

This inequality holds whenever fg > 0, because in that case rAWAPr > (1 —r) AWAPr > c.
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However, on the space of parameters that implies fg = 0, we need an additional restriction. Substituting
for A Pr in the case of fg = 0 and simplifying, we obtain

1 —
rAWAPr:rAW[ H] >c
1—ru

The result follows.[d

B. Proof of Proposition 1

Because H(+) is continuous, there exists at least one fixed point of H(-) whenever H(0) > 0 and H (i) < fi.
The fixed point is unique if H' (1) < 1 on the entire range of p € (0, ). The constants iy, fio, 15 and & used in
the proof are defined in the statement of Corollary 1.

Existence
Recall the definition of H : [0, i] — [pg, 1] given in (22) :

Hp) = F(k () + [1 = F(k ()] po.
We substitute for the marginal screener
k() = (1= po) [AWAPr () [r — (1= 1) f5 ()] = (1 = f5 (1)) c] (43)
using (?7?) and for rating informativeness

APr (1) pr p(l—r)

W v =i (-7 pl—r)+ -l - f5®w)+ /5@

using (8) and (9).
We use the resulting expression to find H (0). We know from Lemma 1 that fp (0) = 0 and fg (0) = 1.
Hence, APr(0) =1 and &k (0) = (1 — p) [AWr — ¢] > 0. It follows that

H(0) = F((1 = po) [AWr = ¢]) + [1 = F((1 = o) [AWr — c])] g > F(0) + [1 = F(0)] prg > 0.

Our next objective is to find H () . By Lemma 1, f5 (i) = 0 and fg (&) = 1. Hence, APr(g) = 11__751 and
B() = (1= po) [AWAPr () [r = (1=r) fz (1)) = (1= fz(n) d =
= (1—py) AW’I‘I—M—C]

1—ru
[ L- r(rliéé)
- - r——m———2¢C
(1 No) AW 1_ r=¢
1—¢

= (1—pyp) -AWTi—C:| =(1—pg)lc—c=0.

Hence,
H () = F(0) + [L = F(0)] o = po-
The assumption p, < [ then implies that H (i) < . We showed that H (0) > 0 and H (&) < [, which
implies that equation p = H (u) has at least one solution.

Uniqueness
Now we move on to discuss uniqueness. Differentiating H (i), we obtain

, ok
H' () = (1 - “O)FE@'
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Range 1. First, consider the highest admissible range of u € (ug, i) , where fp = 0 by Lemma 1. Substituting
Ak _ —(1—po)r(1—r)AW
o

= Ay and therefore

for fp into (18) and differentiating, we obtain

1) = ~Fit - (B05 ) <o

Range 2. If parameters satisfy ¢ < (1 — ) (2r — 1), consider p € (0, ) and p € (pg, pi3) - If instead parame-
ters satisfy ¢ > (1 —r) (2r — 1), consider the entire range of p € (0, p15) . By Lemma 1, we have fp € (0,1)
for these values of p, and therefore A Pr = m. Substituting this into (18) and differentiating gives

ok

us 5° = 0 and therefore
n

H' (p) = 0.

Range 3. It remains to consider the range p € (111, i15) , relevant only if parameters satisfy ¢ < (1 —r) (2r — 1).
By Lemma 1, fp = 1. Substituting that into (18) and differentiating, we obtain

ok . r2r -1 2u—1)(r—1)
IR e e R ()

O
which then implies

2 (2r —1)2(1 — 2u)r(1 —7) B
T G e DR — )+ (L=

(2r — 1)2(1 - 2p)

i (ot ()

H' (1)

= Fr(1—po)*AW

(44)

The resulting derivative is a decreasing function of u, with a zero at u = 0.5.
If u > 0.5, then H' (1) < 0. If u < 0.5, then H' (u) > 0, and it is maximized out at u,. Therefore, we can
bound H' (1) on the range of p € (py,0.5) by setting H' (p;) < 1.

Substituting the expression for u; given in (17) into the expression for H' (1) given in (44) and noting that
ér(l—r)
2r—1)(1—r—¢é(2r—1))

tq (1 — pq) simplifies to ( , we obtain

(27~1—1)2 \/ 2(117-)521—12)~—a
H (5) < H () = F(1 = i) 2AW e v
(1+ cr(l—r) (7‘2+(17r)2 _2>)
(2r—1)(1—r—c(2r—1)) r(1—r)

— 2 (2r — 1) (1—r)(2r—1)-¢ 1—r 2
= T =) AW \/(2r—1)(1—r—5(2r—1))/((1—r—5(2r—1))>

_ 7 sa@r =17 [ -r)—¢/(2r—1) 1—r 2
= J =) AWT(I—T)\/(1—T—E(2r—1))/<(1—7‘—6(2r—1))) <1

where f = SUPge[0,1] F’ (k), and the last inequality is satisfied by the premise.

To summarize, we found that H (u) is weakly decreasing in the entire range of p € (0, z)ifé > (1 —r) (2r — 1).
It is also weakly decreasing in the range of u € (0.5,) if ¢ < (1 —7r)(2r —1). In all cases, H' (1) < 1, which
ensures that equation p = H (u) has exactly one solution.

It follows that the equilibrium exists, and it is unique.[d
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C. Proof of Lemma 2
From the equilibrium condition p*(r) = H(u*(r),r), we obtain

op*  H,
or  1-H,

By Proposition 1, we know that 1 — H,, > 0. Therefore, the sign of a,d—‘f is determined by the sign of H,.
Recalling the definition of H,

H(p,r) = F(k(p, 7)) + (1 = F(k(p,7))) o0,

we see that H(u,-) is increasing in 7 if and only if k(u,-) is increasing in r. Recalling the expression for the
marginal screener,

k(pw,r) = (1= po)(Ra(p,r) — Rp(p, 7)) (45)
= A =p{(r =@ =r)fp(p,7))AWAPr(p,7) = (1 = fB)c},

we see that r enters through two channels. An increase in the rating precision directly increases the payoff to
screening by increasing the probability that holders of high quality assets will receive a good rating and sell
their assets at a premium and by decreasing the probability that holders of poor quality assets will receive a
good rating in error and sell at a premium. There is also an indirect effect working through fp which influences
the actual premium paid on a highly rated asset. There are two cases to consider.

Case 1. Suppose that fp € (0,1). Then AWAPr = (175) This means that rating informativeness and
hence the premium paid on high quality assets also increase in r. Both effects work in the same direction.
Formally, we substitute for APr into (45) to obtain k= 21’:} clyy, which is clearly increasing in r. Hence,
%’f > 0 and 88—”: > 0.

Case 2. Suppose that fg € {0,1}. Then fp is constant in the neighborhood of p*, and therefore

5 B OAPr
w = (1+ f5)AWAPr+(r — (1 — 1) f5) AW 3:3

>0,

which implies that aa—lf > 0 and % > 0. O

D. Proof of Lemma 3

From the equilibrium condition p*(AW) = H(p*(AW), AW), we obtain

op* _ Haw
oAW T 1-H,

By Proposition 1, we know that 1 — H,, > 0. Therefore, the sign of % is determined by the sign of Haw .
Recalling the definition of H from (22),

H(p, AW) = F(k(11, AW)) + (1 = F(k(u, AW)))pag

we see that H(j,) is increasing in AW if and only if k(u, ) is increasing in AW,
Recalling the expression for the marginal screener from (18),
];?(,LL, AW) = (1 - MO)(RG(/“’L’ AW) - RB(;“’? AW))
= (I=po{lr — (A =7)f(u, AW)|AWAPr (u, AW) = (1 = f5(n, AW)e)},
note that AW enters it through two channels.

First, a higher AW implies that the good project repays relatively more, thereby directly raising Rg — Rp
and increasing the incentive to screen. Second, AW affects k indirectly by inducing changes in the rating
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intensity fp. There are two cases to consider.
Case 1. Suppose that fp(u*) € (0,1). Then AWAPr = (l%r), and therefore

2r—1
1—r’

R, AW)) = (1 - pg)e

which is independent of AW. It follows that Haw = 0, and therefore 8%;‘, =0.

Case 2. Suppose that fp(u*) € {0,1}. Then fp is constant in the neighborhood of x*, and only the

positive direct effect of AW remains. It follows that 8%;‘, > 0 and ;A“;V >0.0

E. Proof of Lemma 4

From the equilibrium condition p*(py) = H(p* (), to), We obtain

alu“* — HH()
opg  1—H,

By Proposition 1, we know that 1 — H,, > 0. Therefore, the sign of g/—‘jz is determined by the sign of H, .
Recalling the definition of H,

H (p, o) = F(k(p, o)) + (1 = F(k(, 10))) 1o,

we obtain
0H __ Ok _
— = 1+ —py)Fxk)=— — F(k
aﬂ/() ( O) a‘uo ( )
- _ Ok
= (I_F(k))+(1_U0)Fk(k)7~ (46)
0
Employing the expression for the marginal screener, k(u, 1g) = (1 — p19) AR and noting that AR is inde-
pendent of p,%? we obtain 88—;0 = —AR.

Using it in the derivative in (46), we obtain

OH _ (1~ F(R) - (1 — o) Fx (F)AR.

g
As a consequence, the following holds.
We have p* is weakly increasing in p if

1 —F(k)] 1

Ho 2 1= { Fy(k)

AR’

and p* is weakly decreasing in p otherwise. [

22To see this, consider the following cases. Suppose fg € (0,1), then (27) holds. Using it in the expression for AR reveals that
the effect of fp cancels out, and hence AR is independent of p:
AR = [r— (1 —-r)fB]AWAPr—(1- fB)c
(2r —1)e
1—7r

Alternatively, fp is either 0 or 1. In this case, the effect of py through fp is not present because fp is constant. Noting that
APr is independent of g, we see that AR is independent of f.
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F. Proof of Lemma 5

From the equilibrium condition p*(c) = H(u*(c), ¢), we obtain

opr __ He
dc  1—-H,

By Proposition 1, we know that 1 — H,, > 0. Therefore, the sign of 86—“; is determined by the sign of H..
Recalling the definition of H,

H(p,c) = F(k(p,¢)) + (1 = F(k(u,c))) o,

we see that H(p,-) is increasing in c if and only if k(yu, -) is increasing in c.

Recalling the expression for the marginal screener,

k(p,c) = (1= p)(Re(p,c) — Rp(p,c))
= (@ =p{(r— @ =r)fp(k ) AWAPr (u,c) — (1= fp)c},

we see that c enters through several channels, directly by raising the cost of high quality baskets and indirectly
through fg(u,c) and APr (u,c). There are three cases to consider.

Case 1. Suppose that fg = 0. Then fp remains constant at 0 in the neighborhood of y*, and we have
k= (1—po)[(2r — 1)AWAPr—,

which is strictly decreasing in ¢, so the result follows.
Case 2. Suppose fp € (0,1). Then AWAPr = (1%” Substituting into the above expression, we obtain

k= 2{_7} cltg, which is increasing in c¢. The result follows.

Case 3. Suppose that fg = 1. Then fp remains constant at 1 in the neighborhood of p*, and we have
k= (1—-p)(2r —1)AWAPr.

Because A Pr depends on ¢ only through fg, which is fixed at 1, we have that k is independent of ¢. O

G. Proof of Lemma 6

In light of » > 0.5, the rating decisions (30) and (31) imply that fo > fp, and we consider the space of
parameters that imply fo = 1. We first rule out the case of fg = 0. Suppose that fg = 0. The beliefs
expressions (37) - (39) then imply that Prgigr =Prgpr = 1 and Prg|yg = 0. It follows from the asset price
expressions (34)-(36) that Por = Pgr = Wg and Pyr = Wpg. Substituting for these prices into (31), we see
that it is optimal to rate poor quality assets as long as AW > ¢, which holds by Assumption 2. This implies a
contradiction.

The remaining cases are: (a) f¢ = fp =1 and (b) fg =1 and fp € (0,1). Both cases imply Prgng =0
and therefore Pyg = Wp.

Consider case (a). For both types of assets to be rated, it must be the case that Per+(1—7)Pgr > Wp+c
and (1 —r) Per +7Ppr > Wp + c. The latter condition is sufficient to ensure that both hold. Substituting for
prices and beliefs in that condition and using fp = 1 in the resulting expression, we obtain

i< pr(l—r)
[r + (1 — ) (1= 7)) [p(L = 7) + (1 — p)r]

Consider case (b). In this case, banks with poor quality assets are indifferent between rating and not
rating, i.e.
(1—7)Pgr+rPpr—c=Wp.
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Substituting for prices and beliefs into the above expression, we obtain

(L—r)pr (L—r)pr
pr+ @ —p)fp(l—r)  pl—r)+ 1 —p)fpr

specified in the statement of this lemma is the positive root of the above expression.

—c. (47)

mix

The mixed strategy f5

Setting f#* > ( simplifies to ¢ < 1, while setting f2*® < 1 simplifies to & > [,ur—&-(1—;L)(lﬁ:g]l[;(rl)—r)+(l—p)r]'
Noting that [ur+(17#)(1ﬁ:‘§jl[;€1)fr)+(1f,u)r} equals 0 at = 0 and increases in p in the interval p € (0,1),

this lemma allows us to characterize the shape of fp (1) under mandatory ratings disclosure. For low p,
fB () € (0,1). As p increases, fp switches to 1 and stays there. For all u € (0,1], we have fp > 0, which we
know implies fg = 1, and therefore no additional restriction is needed to guarantee that fg = 1. [

H. Proof of Proposition 4

To show that pf,, < p*, it suffices to show that H™?(u) < H (u). Because H (u) increases in k(u) =
(1 — po) AR (p), it suffices to show that

AR(p) > AR™ ().

We will drop the dependence of quantities and prices on p for notational clarity.
Recall that in the benchmark economy,

AR = (r—Q-7)f)(Per—Psr)—c(l- fB),
_ K
Fer = urJr(l*M)fB(l*T)AW—'—WB’
_ pw(l—r)
Pvr = u(l—r)—i—(l—u)[(l—fB)+fB7’}AW+WB'

In the mandatory disclosure economy,

AR™ = (r—(1—=r) f5?) PEE+ (L —r— %) PR — (1 — ) PRR —c (1 - f57),
pmd ik AW + W,
R (- fe(—1) N
1-7)
Ppd = il AW + Wi,
b pl—7r)+(1—p)fpr o
Py = Ws.

Case 1. fp(n), fomd(u) are both mixed.
In the benchmark economy,
2r —1
1—r’

into AR.

AR=c

obtained by substituting for (Pgr — PNr) = 75
In the mandatory disclosure economy,

r

AR™ = rPmd (1 —r)PRd —c— fid [(1-7) Pod Pt o —(1- gbd) Py

= (2r—1)(Pgk - PgR)

Cre VAT Ty a )

where we used (1 —r) P2d + rPod — c = Pd in AR™4,

. md 14
It follows that AR™* < AR because AT > 0.

Case 2. fp (1) = f3 (n) = L.
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In the benchmark economy,

e (1_r pr B p(l =) Ce(l—
AR = (-0 )fB)(W+(1u)fB(1T) u<1r>+<1u><1f3(1r>>>w (1=J»)

— (o pr _ pl—r7)

= @ 1)<w“+(1—u)(1—7“) u(l—r)+(1—u)7‘>AW’

obtained by substituting for prices into AR and using fp = 1 in the resulting expression.
In the mandatory disclosure economy,

AR™ = (r—(=7)f8)Per+(L—7r— f5r) Per — (1~ f5) Pyr — (1~ f5)
= (2r—1)(Pgr — Psr)
= @1 al pl =1

pr+(1—p)(1—r)  pl—r)+(1—pr

obtained by substituting for the relevant prices into AR™" and using fp = 1 in the resulting expression.
We obtain that
AR = AR™.,

Case 3. fp(p) is mixed and f@d (u) = 1.

We already showed that AR = ¢2=1 in the benchmark economy (case 1).
In the mandatory disclosure economy,

md (g pr 3 p(l—r)
ART = Cr=DAW | = " W= n + (= pr

AW (2r = 1)* (1 — p)
(r+p—2rp) (1= (r+p—2rp))’

which is a symmetric inverted parabola centered at 0.5.
If ¢ > (1 —r) (2r — 1) AW then the relevant range is p € (0, p15) defined in Corollary 1. In this range of u,
AR™ is maximized at 0.5 where it is valued at (2r — 1) AW. It follows that

2r—1
AR = M > (2r — 1)2 AW = max AR™? > AR™,

(1-7) #€(0,p3)
If instead ¢ < (1 — r) (2r — 1) AW, then this case is in the range of € (0, p11)U(pto, f15) defined in Corollary

1. In this range, AR™? is maximized at yi, and pg where it is valued at ¢2*=1. It follows that

o —1
AR™ < max  AR™M =2 "2 _ AR O
BE(0,u)U(pa,pt3) 1—r
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