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Abstract

This paper examines the relative importance ofoglsko expected cash flows (i.e., cash-flow
news) and a shock to expected discount ratesdiseount-rate news) in credit rating changes.
Specifically, | use a Vector Autoregressive (VARJael to implement the return decomposition
of Campbell and Shiller (1988) and Vuolteenaho Q6 extract cash-flow news and discount-
rate news from stock returns at the firm leveindfthat credit rating changes are, on average,
more strongly associated with cash-flow news thah discount-rate news, consistent with
cash-flow news being more permanent than discatetsrews. | further find that both cash-flow
news and discount-rate news are more stronglyectkat credit rating changes when they convey
negative information about firm value. This asymmgedssociation is consistent with the non-
linear nature of default risk and with the factttreting agencies incorporate bad news sooner
than good news into their rating revisions.
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I. Introduction

Since the price of an asset is equal to the suexpécted cash flows discounted by
appropriate discount rates, there are, by defmitomly two sources that can change asset prices:
a shock to expected cash flows (i.e., cash-flows)emd a shock to expected discount rates (i.e.,
discount-rate news). In terms of asset returnsytiexpected return can be decomposed into
cash-flow news and discount-rate news (CampbellSimiier 1988). Using this return
decomposition framework, a substantial body ofaedehas examined the relative importance
of cash-flow and discount-rate news in stock redwainthe aggregate level (Campbell 1991;
Campbell and Ammer 1993; Sadka 2007) and at thelével. (Vuolteenaho 2002; Callen and
Segal 2004; Callen et al. 2005). An equally impairtaut largely unexplored issue is the effect of
cash-flow news and discount-rate news on the @visf default risk. Because default risk is
based on the distribution of the expected cashdlm@lative to its outstanding debt (Merton
1974; Cheng and Subramanyam 2008), the probabiflitgfault should increase with a negative
shock to the expected cash flows and a positivekstwothe expected discount rate (i.e., an
increase in the riskiness of expected cash flolivsh, to what extent does the probability of
default move in response to cash-flow news andémodnt-rate news? What is the relative
importance of these two components? Under whatitistances does the relative importance of
these two types of news vary? To date, no empiresdarch has addressed these questions. |
seek to answer these questions by examining tagaelbetween the two components of news
and credit rating changes.

An issuer-level corporate credit rating offersexigellent research opportunity to address

the question of the relative importance of caskflews and discount-rate news in the



probability of default: A corporate rating, also called “default risk nafi or “natural rating,” is
a current opinion by rating agencies about an r$soeerall capacity to pay its financial
obligation based on the assessment of the liketittdalefault of the corporation (Standard &
Poor’s (S&P) 2006). This issuer-level rating ideliént from an issue-specific credit rating
assigned to an individual debt issue because theefodoes not reflect any priority among
obligations or issue-specific characteristics saglgollateral and debt covenants. Additionally,
the issuer-level rating evaluates the firm’s fundatal creditworthiness with respect to a very
long time horizon, instead of fixed debt maturit{€&P 2006). Using this issuer-level credit
rating changes as a proxy for the revision to tlodability of default, | examine the relative
importance of cash-flow news and discount-rate news

A better understanding of the rating process ig mgortant in itself. Despite the
prominent role of credit ratings in the capital k&ty the rating process has been viewed more as
a “black box” (Cifuentes 2008).For example, we do not know much about what tygies
information are used and how different types obinfation are weighted in the rating process.

By investigating the relative weight given to tletfundamental components of new

1 At first glance, it seems natural to study corpetzond returns to examine the effect of cash-fiews and
discount-rate news on the probability of defaulbwéver, this issue cannot bddressed using the bond market,
because the bond return, by definition, has a mahoash-flow-news component due to its fixed cougod
principal payments. As the growth rate of cash #daoupons) is zero when the present value modebafpbell
and Shiller (1988) is applied to bonds, studieshendecomposition of bond returns decompose bdndnieinto a
shock to future inflation, future real interestesaind future excess bond return (Shiller and 8iiltt992; Campbell
and Ammer 1993; Abhyankar and Gonzalez 2009). Ma@e@ bond has its own fixed maturity and issuecHiT
characteristics such as covenants, collateralgpgadty to other securities, making it difficuld draw inferences
with respect to firm-level cash-flow news and disabrate news.

2 Credit ratings are extensively used in loan agezes) debt covenants, investment rules of instinati investors,
and other financial agreements. Ratings are alseasingly used in governmental regulation suamesting rating
requirements for money market funds and internatibanking supervision (see Frost (2007) for aaeyi

% For example, at the hearings by the SecuritiesEaetiange Commission (SEC), users of credit ratitigssed
the importance of transparency in the rating precearticularly, they argue that the market needstierstand the
reasoning behind a rating decision and the typeésfofmation relied upon by the rating agencies@003, p. 33).
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information in the rating process, this study emesnour understanding of how rating agencies
use various types of information.

To implement the return decomposition, | adopt\tbetor Autoregressive (VAR) model
of Vuolteenaho (2002), which uses return on eqiRQE) as the basic cash-flow fundamentals.
| extract cash-flow news and discount-rate nevikafirm level from stock returns and then
examine whether credit rating changes are moregly@ssociated with cash-flow news or with
discount-rate news. | further examine whether dsh-news and discount-rate news become
more relevant in updating the probability of defaushen the news conveys negative information
about the firm, consistent with an option-like rratof default risk.

This return decomposition approach offers greatathges in addressing my research
guestions for the following reasons. First, the elpderived from a dynamic accounting identity,
provides a convenient and theoretically solid freumrx to disentangle cash-flow-news and
discount-rate-news components. Second, the appeyaifies me to capture long-term and
forward-looking information about the firm, as thews variables are measured by the stock
market, which reflects the most comprehensive infiiion sef. Furthermore, a shock to firm
value is conceptually correctly measured as a sugnofahe information in all of the VAR state
variables, which include stock return, profitalyiliand book-to-market ratio. Specifically, cash-
flow news is defined as the shock to the discousted of expected current and future earnings
over the lifetime of the firm. Such extension of tiorizon to the future periods is particularly
relevant in rating decisions, because credit radigegncies emphasize their long-term

perspectives in rating decisions. For example, B&lRates that “S&P’s credit ratings are meant

* However, the stock returns includes informatioat ik soft and unverifiable (i.e., non-contractjblEhus, it is an
empirical question whether the information contdiirethe stock return is more strongly associatél eredit
ratings compared with traditional accounting perfance measures.
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to be forward-looking, and their time horizon exteras far as is analytically foreseeable” (S&P
2006, p. 33F. Finally, cash-flow news and discount-rate newstmameasured in an internally
consistent way (i.e., the sum of cash-flow newsdirdount-rate news equals the unexpected
stock return), and thus a researcher can direottypare the effects of cash-flow news and
discount-rate news on the variable of intefest.

The empirical findings are summarized as followfgst establish that cash-flow news
derived from the VAR model (Ngfcan better explain the credit rating change thadtitional
measures of cash-flow news can (e.g., changesumseon assets (ROA) or ROE). The
superiority of Ncfseems to arise from the fact that Naofcompasses the shock to the future cash
flows as well as the shock to the current cashdgldvalso find that credit rating changes are, on
average, more strongly associated with cash-flomsrtean with discount-rate news, as
evidenced by the higher’Bf cash-flow news model and greater coefficiencash-flow news.

In addition, the economic impact of cash-flow nesvgreater than discount-rate news. For
example, the interquartile change in cash-flow nfrarm the lower quartile (Q1) to the upper
guartile (Q3) increases the likelihood of being igagd by 1.39%, whereas the effect of
discount-rate news is only 0.48%. The findingsa@mesistent with the notion that cash-flow
news is more permanent than discount-rate news g8alirand Vuolteenaho 2004; Campbell et
al. 2010). This greater role of cash-flow news cared with discount-rate news is also

consistent with the standard credit rating agehoieshodology in which fundamental analysis

® Similarly, Moody’s corporate ratings are intendede determined by each issuer’s relative fundaahen
creditworthiness without reference to explicit tilmrizons (Cantor and Mann 2003).

® This approach is different from alternative methatdwhich cash-flow news is measured in one wal an
discount-rate news is measured the other way. ¥anple, Botosan et al. (2009) measure cash-flowsrfeam the
analysts’ revisions of earnings and target pricesraeasure discount-rate news from two other ssufie-year
Treasury bonds and changes in estimated marketlbk¢éavise, Chandra and Nayar (1998) use the atglys
forecast revisions to measure cash-flow news andgds in market beta to measure discount-rate fogwise
sample of commercial paper downgrades.



and cash flow adequacy are emphasized(S&P 2006gXample, S&P (2006) indicates that
“cash-flow analysis is the single most critical @sipof all credit rating decisions”.

Further analyses that partition the sample by #tare of the news (i.e., good versus bad
news) show that the relation between credit ratimgnges and news variables becomes much
stronger when the news conveys negative informatimut the firm. This asymmetric
association is consistent with the non-linear refrdefault risk in which downside risk is more
relevant than the upside potential. This findinglso consistent with the fact that rating agencies
incorporate bad news sooner than good news intortdteng revisions (Beaver et al. 2006).

The main findings are robust to several additidests, including alternative VAR
estimations, a direct estimation of cash-flow newd discount-rate news using analysts’
earnings forecasts from IBES, controlling for agmtial shareholder-bondholder conflict, and
controlling for rating agencies’ inefficient infoation process and their conflicts of interest.

This study contributes to the literature in severays. First, it makes an important
distinction between cash-flow news and discourg-retws and provides compelling evidence
that cash-flow news is more relevant than discoatg-news in rating decisions. Thus, the paper
extends a vast literature on the return decompuwsit credit rating decisions. To my knowledge,
this is the first study to formally examine theatele importance of cash-flow news and
discount-rate news in credit ratings. Additionallgxamine the non-linear relation between
credit rating changes and news variables, wheress$ studies in this literature do not
distinguish between good and bad news.

Second, my paper is closely related to severahtestadies on the role of earnings in
the debt market (Callen et al. 2009; Easton é1G)9; DeFond and Zhang 2010). For example,

Easton et al. (2009) examine the relation betwaenirgs and bond returns and document that
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the relation is stronger when earnings convey leaasn| complement this line of research by
using both cash-flow news and discount-rate newlsdanectly comparing the effects of these
two components. Furthermore, cash-flow news is@prately measured in my study as the
revision in the discounted sum of cash flows onerftrm’s lifetime. Hence, the way | define
cash-flow news differs in an important respect friiwse in the previous studies on traditional
proxies for cash-flow news, such as changes iofigstt earnings or cash flows.

Lastly, my study also contributes to the literativat investigates the determinants of
credit ratings (Horrigan 1966; Kaplan and UrwitZZ29Blume et al. 1998; Sengupta 1998;
Ahmed et al. 2002; Ashbaugh-Skaife et al. 20061g)J2008; Jorion et al. 2009; Lee 2008; Ayers
et al. 2010). My paper complements this literatwydocusing the relative importance of various
types of information used in the credit rating @es

This study, however, is subject to several cavéatst, the news variables measured
from stock returns may contain measurement errotisa context of credit ratings due to a
potential shareholder-bondholder conflict. Secaadent papers are raising concerns about the
implementation of VAR model (Chen and Zhao 200%e Third caveat is related to growing
concerns that credit ratings may not reflect thabpbility of default in an unbiased and timely
manner due to rating agencies’ own incentives efficient information process. | try to address
all of these issues in Section 6.

The rest of the paper is organized as follows.datiSn 2, | review the literature and
develop hypotheses. | provide the research desi§ection 3 and describe the sample and
descriptive statistics in Section 4. Then | reploet results of empirical tests and additional tests

in Sections 5 and 6. Section 7 concludes the study.



Il. Literature Reviews and Hypothesis Development
21. Literaturereviews

A credit rating provides the assessment of an obgverall capacity and willingness
to meet its financial obligations (S&P 2006). Tharary role of the credit rating in the capital
market is to reduce information asymmetry by prongdnformation on rated firms or securities
based on their credit risk assessment (Boot 208I6). Consistent with this role, there is a large
body of literature on the information content ofdit rating changes. One stream examines the
stock or bond market reactions to the announcepfemtating change (Holthausen and
Leftwich 1986; Hand et al. 1992; Goh and Ederindgt6@3; Kliger and Sarig 2000; Dichev and
Piotroski 2001; Jorion et al. 2005; Beaver et @0&). They find that both bond and stock prices
respond to credit rating changes, particularly wtaimgs are downgraded. Another stream
examines the revisions in analysts’ earnings fascapon rating changes (Chandra and Nayar
1998; Ederington and Goh 1998). Their results ssigipat analysts tend to revise their earnings
forecasts downward (upward) following rating dowadgs (upgrades).

There is also empirical evidence that rating chang#lect public information that is
already available in the market. For example, Halden and Leftwich (1986) report that rating
downgrades (upgrades) are followed by several nsasithegative (positive) stock returns. Most
rating downgrades (upgrades) are also precedeédmstine (positive) forecast revisions made
by analysts (Ederington and Goh 1998).

While these studies provide valuable insight itk information content of rating
changes, the types of information used by ratirenages and the relative importance of
information are still largely unknown. A return deaposition approach of distinguishing

between cash-flow news and discount-rate news InypBell and Shiller (1988) provides a
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novel framework for investigating the types of neformation used in rating decisions.
Campbell and Shiller (1988) developed a dividerttbnamodel that relates the dividend-price
ratio to the expected discount rates and growtsrat dividends. Since then, the return
decomposition method has led to a voluminous liteeaacross many disciplines, including
finance, macroeconomics, and accounting. Whileapoach has been used largely in the
stock market, the framework can also be appligtiéageneral settings because the key concept
is based on the fundamental notion of asset valuakior example, because default risk is based
on the distribution of the firm’s expected caswi#o(Merton 1974; Cheng and Subramanyam
2008), the probability of default increases withegative shock to the expected cash flows and
an increase in the riskiness of expected cash flAa/gorporate credit ratings assess the
probability of default, the rating downgrades (wgmtgs) should occur when rating agencies
revise downward (upward) their expectations of feitcash flows (e.g., deterioration in the

firm’s future performance) and/or when they rewipsvard (downward) their evaluation of the
riskiness of that cash flow stream (e.g., an irsedavolatility).

Only a few papers on credit ratings adopt this #ark of distinguishing between
cash-flow news and discount-rate news. For exangdleng and Subramanyam (2008) suggest
that analyst following can affect credit ratingsibffuencing both the mean and conditional
variance of expected cash flows due to analystsitoong and informational roles. Their
argument is conceptually consistent with the redegcomposition framework that credit rating
changes are affected by both cash-flow news amduaing-rate news. Goh and Ederington (1993)
examine short explanations of the reasons fordtieg changes provided by Moody’s. They find
that downgrades due to expected deterioratiomamtial prospects, which are presumably

related to cash-flow news, are most common andsseciated with significant stock market
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reactions. Likewise, Chandra and Nayar (1998) examnalysts’ earnings forecast revisions
to determine whether commercial paper rating doaags convey information about changes in
expected cash flows. They also examine the changgstematic risk following downgrades to
see whether rating downgrades affect the perceigkihess of the firm. They find that
commercial paper downgrades are associated witlwawlard revision in analysts’ earnings
forecasts and are also followed by an increaskeamtarket beta. Their findings suggest that
credit rating changes have implications for botm® expected cash flows and expected returns.
However, they do not provide evidence on the netaitinportance of these two components in
rating decisions.

There is a substantial body of literature on thatree importance of cash-flow news and
discount-rate news in the stock market. Campb8®1) and Campbell and Ammer (1993) use a
VAR model based on the dividend-ratio model of Chelpand Shiller (1988) to decompose the
aggregate stock returns into cash-flow news antbdist-rate news. They find that the variance
of discount-rate news dominates the variance di-lasv news, suggesting that the aggregate
stock returns are mainly driven by news about #peeted discount rate. Vuolteenaho (2002)
extends this variance decomposition framework édfitim level using ROE instead of dividend
growth as the basic cash-flow fundamentals. He sitbat the firm-level stock returns are
mainly driven by cash-flow (earnings) news. He regiles his results with those at the aggregate
level by showing that cash-flow information is lalgfirm-specific, while discount-rate
information is driven by systematic and macroecoicaramponents. Hence, firm-level cash-
flow-news component can be largely diversified awagggregate portfolios. Decomposing
total earnings news into accrual earnings newscast flow earnings news, Callen and Segal

(2004) find that both accrual and cash componengsimings are equally significant in driving
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stock returns.

One novel feature of the VAR model is that it carectly decompose the realized stock
return into three components: expected returng-ltae news, and discount-rate news (Cohen
et al. 2002; Hecht and Vuolteenaho 2006; Callead.e2010). For example, Hecht and
Vuolteenaho (2006) decompose the realized stodkiré@tto these three components and then
reexamine the contemporaneous relation betweeimgarand each component of stock returns.
Callen et al. (2010) measure cash-flow news andtoact a measure for firm-level conservatism
as the ratio of the current earnings shock to eaahings news. Similar to these studies, | extract
cash-flow news and discount-rate news using the ¥apoach of Vuolteenaho (2002).

2.2. Hypotheses devel opment

It is not clearex ante whether cash-flow news or discount-rate news drilie credit
rating change. Campbell and Vuolteenaho (2004)Gardpbell et al. (2010) suggest that cash-
flow news has a permanent impact on stock pricedewliscount-rate news has only a
temporary impact. This is because poor returnsedrby increases in discount rates are partially
offset by improved prospects for future investmauportunities. In other words, wealth
decreases, but future investment opportunitiesorgrOn the other hand, changes in firm value
due to the revision in expected cash flows are mewiesequently reversed. Based on this
argument, Campbell and Vuolteenaho (2004) breakndow betas into cash-flow betas and
discount-rate betas and find that value stockssamall stocks have higher cash-flow betas than
do growth stocks and large stocksaddition, cash-flow news and discount-rate nbage

different implications for credit ratings becausstit-flow news is primarily firm-specific, while

’ Callen et al. (2005) examine the importance afifgm earnings versus domestic earnings for U.Stimatibnals
and find that domestic earnings are more impoitagkplaining the variance of unexpected returas thre foreign
earnings.
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discount-rate news is mainly related to systenai macroeconomic components (Vuolteenaho
2002). Due to this difference, discount-rate nevay ive less relevant in the revisions in the
credit rating becauserdative (i.e., ordinal) ranking of credit risk may not aiected by
macroeconomic factors. From this line of reasontiagh-flow news is expected to have a
greater impact on credit rating changes than isodist-rate news.

However, cash-flow news may have limited implicatidor rating changes because
credit ratings represent the perspectives of boldén® whose cash flows (i.e., interest and
principal payments) are fixed. In summary, it issampirical question whether rating changes are
more strongly associated with cash-flow news ohwliscount-rate news.

| further examine whether the association betweeditcrating changes and news
variables becomes stronger when the news convepine information about firm value. For
example, improved expected cash flows may havaigelil impact on the revision of default risk,
whereas news indicating deteriorating cash flovssahdirect impact on the revision in default
risk. Hence, | expect that both cash-flow news disdount-rate news are more strongly related
to credit rating changes when the new informatiomveys bad news than when it contains good

news (Beaver et al. 2006; Callen et al. 2009; Fast@l. 2009).

[11. Research Design
3.1. Thereturn decomposition®

Unexpected stock return & E.1(r;)) can be expressed by the sum of cash-flow news
(Ncf) and (the negative of) discount-rate news @ follows:

re— BEa(r)) = Ncf — Nr 1)

8 Callen and Segal (2010) provide an excellent summigthe variance decomposition method.

12



where rdenotes the log cum dividend stock return at timed E1(r;) denotes the
market’s expectation at time t-1 of the stock netair time t. Ngfis cash-flow news at time t
defined as the market’s revision from period t-1 &b expected earnings over the lifetime of the
firm. Intuitively, cash-flow news is the stock retuthat would have been realized if expected
returns had not changed (Cohen et al. 2002)isMiiscount-rate news at time t defined as the
market’s revision from period t-1 to t of expectiidcount rates. A positive shock to expected
cash flows (expected discount rate) results insatipe (negative) stock return.

Formally, cash-flow news and discount-rate newgualteenaho (2002) are defined as
follows:

Ncf, = AE; 2]9;0 o FO€¢4j (2)

Nry = AE; 2121 p Fi4 )
where AE;= E — E.; denotes the change in expectation from periodd-fieriod t,p is a
constant discount coefficient, and fisethe log return on book value equity at tinfe t.
I implement the return decomposition using a VARdelowith three state variables:
stock return, earnings deflated by beginning baake of equity, and book-to-market ratio

(Vuolteenaho 2002 Al variables are cross-sectionally demeaned.

k= ol + 0orog.q + ogbm.g +1yy (4a)
rog = Pafe1 + Porog.s + Psbm.q +ny (4b)
bm = yireq + y2ro6.1 + yabm.q +nz (4c)

where (Compustat XPF names are presented in pasaghThe firm subscripti is

omitted.)

° | follow the convention of denoting variables kypercase letters and their logs by lowercase etter
10 state variables include book-to-market ratio, beeavuolteenaho (2002) derived the decompositiodeibased
on the definition of the market-to-book ratio.
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rr = The log of one plus the annual cum dividend retainus the log
of one plus the annualized three-month Treasutydi#. The 12-
month return cumulation period starts three mordfier the
beginning of the current fiscal yedr.

ro@a = The log of one plus ROE minus the log of one phesannualized
three-month Treasury bill rate. ROE is computethesme before
extraordinary items (IB), divided by beginning oérjpd book
value of equity (CEQ).

bm = The log of the book-to-market ratio at year-eBdok-to-market

ratio is book value of equity (CEQ) divided by tiarket value of
equity (CSHO*PRCC_F).

The above equations (4a) — (4c) can be expressedtiix notation as follows:

z=1 za+ ()

It 01 Oz O3 N1t
Zy = (roet> ,F = (Bl Bz Bg), Nt = (nZt)
bmt Yi Y2 Y3 N3t

As shown by Campbell and Shiller (1988), cash-flews (Ncf) and discount-rate

where

news (Nf) can be conveniently computed as folloWs:
Ncfi = (er+A1) (6)
Nre =% ne (7)
where * denotes the transpose operator, @, ...,1, ..., 0) is a row vector with one as
thekth element, and zero elsewhere, agd= & p I'(I —p ) with (I —p I)* being the matrix
equivalent of the present value of the sum.

The VAR coefficient matrixI() is assumed to be constant over time and acnoesf |

1 When the firm is delisted, | follow Beaver et @007).

12 As in Vuolteenaho (2002), discount-rate news impoted directly, and cash-flow news is computeditesly
by subtracting discount-rate news from unexpeatirns. In Section 6, | explore the other optiohsamputing
cash-flow news directly (Chen and Zhao 2009).

13 1n Section 6, | relax this restriction by estimatl™ for each industry or for each subperiod sample.
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use the ordinary least squares (OLS) to estimat®AR coefficientsp is assumed to take on a
value of 0.967 as in Vuolteenaho (2062).

As cash-flow news (Ngfis the sum of the shock to the current earnimgkthe shock to
the future earnings, cash-flow news can be furtleeomposed into current-period cash-flow
news (CNcf) and future-period cash-flow news (FNcThe current-period cash-flow news can
be measured as the residual from the Equation«{4band the future-period cash flow news is
defined as the difference between total cash-flewsiand current-period cash-flow news as
follow (Callen et al. 2010):

Ncf;= CNcfi+ FNcf (8)
3.2. Therating change mode

To examine the relative importance of cash-flow si@wd discount-rate news in rating
decisions, | use three approaches. First, | evalinat goodness of fit @Rof the model, which
includes either cash-flow news or discount-rate 1é\g the second and third approach, |

compare the magnitude of the coefficients and matgiffects of the variables in the following

model:
ARATING; = B, + BiNcf; + B,Nry + B3ASIZE, + B4AINTCOV,+ BsAROA, +
B6ALEVt+B7ACAP_INTENt+  BS8AAGRWt+  BIASTDRETt+industry—and
year — fixed effects + &, 9)
where (Compustat XPF names are presented in pasaghThe firm subscript i is
omitted.)
ARATING; = RATING;- RATING,,,

RATING; is S&P’s long-term issuer-level credit ratings (SFZRM) as
of three months after the fiscal year end, conderdenumerical values
between 1 (CCC+ or below) and 17 (AAA) accordingPanel B of
Table 1.

4 The results are not affected by the value wiithin the range between 0.95 and 1.
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Ncf, = Casl-flow news as computed in Equation
Nr, = Discoun-rate news as computed in Equatior
ASIZE, = SIZE - SIZE.;, where SIZL is the log of market value of equi
(CSHO*PRCC_F)

AINTCOV; = INTCOV,; - INTCOV,; where INTCO\ is the log of one plus intere
coverage ratio. Interest coverage ratio is defiaedoperating income
before depreciation (OIBDP) divided by interestenge (XINT).

AROA; = ROA; - ROA.;, where RO/ is income before extraordinary items (I
divided by average total assets (AT).
ALEV; = LEV;- LEV.,, where LE\ is the ratio of total debt (DLTT+DLC) 1
total assets (AT).
ACAP_INTEN, = CAP_INTEN- CAP_INTEN,; where CAP_INTEI is gross propert
plant and equipment (PPEGT) divided by total assets
AAGRW; = AGRW,- AGRW,.;, where AGRV.is the total asset grow defined as
(Total assets- Total assetg)/Total assets.
ASTDRET, = STDRET - STDRET.;, where STDRE; is the standard deviation

daily stock returns during the fiscal year.

The dependent variablARATING,) is the change in firm’s credit ratings betweeante
and t-1* Credit ratings measured as of three months afeefiscal year-end (RATINGare
converted to numerical values between 1 (CCC+ lmwjeand 17 (AAA) according to Panel B
of Table 1. TheARATING; is defined as the first difference of RATIN® positive value of
ARATING; indicates a rating upgrade, a negative value atdgca rating downgrade, and a zero
value indicates no rating change. Because a aiadig is an ordered categorical variable and
thus a rating change does not represent an eggalged discrete interval, | use the ordered logit
specification rather than the standard OLS.

A set of control variables that have been docuntettdoe associated with credit rating

changes are also included in the model (Jiang 20082008; Ayers et al. 2010). | include the

5 The model on the determinants of the level ofitmetings may suffer from potential correlated tigd variable
problems. In addition, credit ratings are “stickyhich implies that any correlated omitted variabde the error
terms from a ratings-level regression are likelgrelated over timel. use the “change specification” in which both
dependent and independent variables are all mehaarthe change to mitigate the effects of comdlamitted
variables and autocorrelation in the error terrien@ 2008; Ayers et al. 2010). Furthermore, theafsghanges in
ratings is consistent with my research questiohgkamines how new information captured in cash+h@ws and
discount-rate news affects the rating changes.
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change in firm sizeASIZE)), interest coverage ratioAINTCOV,), return on assetaROA),
financial leverageALEV/), capital intensity ACAP_INTEN), asset growthAAGRW,), and the
standard deviation of stock returhRTDRET,). Lastly, | include industry and year indicataos t
control for any effect by industry membership anatroeconomic events. Furthermore, for
easier economic interpretation, | standardizenalépendent variables by subtracting the sample
mean from them and then dividing the differenceh®ystandard deviation. With this, | can
directly compare the coefficients on cash-flow néWsf) and discount-rate (Nr), because they
both represent one standard deviation change mea@ble. (Ashbaugh-Skaife et al. 2006;
Hirshleifer et al. 2009; Chava and Purnanandam R018port p-values based on robust
standard errors clustered by firm (Peterson 2009).

Significant coefficients of; andp,in Equation (9)ndicate that rating agencies respond
to cash-flow news and discount-rate news. The miefit on cash-flow new$() is expected to

be positive, while the negative sign is expectedifscount-rate new$4).

V. Sample and Descriptive Statistics

Panel A of Table 1 summarizes the sample seleptiocedure. The initial sample is
from firm-year observations with available variabte estimate the VAR model on Compustat
XPF during the period of 1986-2008. | exclude finmshe utilities (SIC 4900-4999) and
financial services (SIC 6000-6999) industri®d.require firms to have a December fiscal year-
end to align accounting variables across firmeguire non-missing values for current and

lagged stock return, book-to-market ratios, andrredbn equity. | eliminate observations with

6 The sample period starts in 1986, because cratifigrdata on Compustat are available from 1985taad
observations in 1985 are dropped to obtain thedifference in variables.

17



lagged market value less than $10 million. The \&i&e variables are winsorized at a 1% and
99% level each year to mitigate outliers. The samgked to estimate the VAR model is 45,486
firm-year observations. Then, | require S&P’s isdegel credit ratings to calculate the rating
changes. After excluding missing data to obtaireotontrol variables, the final sample is
11,354 firm-year observations representing 1,54firdit firms.

Panel B of Table 1 shows the distribution of credlings (RATING). RATING; takes
the value between 1 and 17, with a higher valugaithg better credit quality. | combine all
ratings below CCC+ with CCC+ into one category lseaof the limited number of
observations under CCC+ (Jiang 2008). Firms witlestment-grade ratings (BBB- or above)
are 60.2 percent of the sample, and firms with imeestment-grade ratings (BB+ or below)
make up the remaining 39.8 percent. Panel C preseatdistribution of credit rating changes,
which are the dependent variable for all analy5€eBhe distribution shows that the majority of
firm-years do not experience rating changes (76)5%%ile downgrades (13.34%) are more
common than upgrades (10.11%). This distributioaredit rating changes is similar to that
found in prior studies (Jiang 2008; Ayers et all@0

Table 2 provides the descriptive statistics folatales in the regressions. | report the
descriptive statistics for the raw numbers befbeedtandardization. The median firm-year has a
RATING; of 9, corresponding to the S&P letter grade of BRRATINGhas a mean value of -
0.07 with a standard deviation of 0.75. The averadees of cash-flow news (Ncand
discount-rate news (Nrare 6.0 percent and 0.4 percent, respectivelfy.hés a larger standard

deviation (0.35) than N(0.11).

| exclude firm-year observations withRATING|[>4. This dramatic change in ratings in adjaceatyenay be
due to coding errors or significant events suchaggers or acquisitions (Jiang 2008).
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Table 3 reports the Pearson correlation coeffisiamiong variableARATING; is
positively associated with NGfCNcf, FNcf, ASIZE, AINTCOV;, AROA; andAAGRW,, while
Nr;, ALEV, ACAP_INTEN, andASTDRET; are negatively associated WKRATING;in the
univariate analysifARATING; is more strongly associated with Ngf = 0.23) than with N p

= -0.04).There is a negative correlatign£ -0.18) between Ncand N¢(Callen et al. 2010).

V. Empirical Results
5.1. The VAR estimation

Table 4 reports the estimated VAR coefficient mxafi)) and variance-covariance matrix
(2) from the pooled OLS. Note that the sample useth® VAR estimation is 45,486
observations, before requiring the S&P credit gdior other control variables (See Panel Ain
Table 1). | report the OLS estimate of the paramaith robust standard errors obtained using
the Rogers’ (1993) method in parentheses and th&np#e method outlined by Shao and Rao
(1993) in bracket&® The current returnsirare high when past returns, return on equity, and
book-to-market ratio are high. Current profitalilftoe) is positively related to past returns,
profitability, and book-to-market ratio. Finallylcent book-to-market ratio (kjris negatively
related to past stock returns, but is positivelgtesl to past profitability and book-to-market
ratio. Table 4 also presents the coefficients eflitear functiork; “and(e;+1,)” that map the
VAR innovations 1) to discount-rate news and cash-flow news, respgti;”, defined as £p
I'(I- p )™, captures the significance of each individual VARahto discount-rate expectations.

M shows that stock return, profitability, and bookrtarket ratio are all positively related to

8 The Shao-Rao’s (1993) jackknife method estimatesparameter after dropping one cross-sectiortiateaand
results in a time series of estimates. This jadkkmiethod yields consistent standard errors evéineipresence of
cross-sectional correlation (See Appendix B in Yeshaho (2002)).
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discount-rate news, consistent with the findingampbell et al. (2010).
5.2. The relative importance of cash-flow news aidcount-rate news
5.2.1. Comparing the R

As the first approach to evaluate the relative irtgooce of cash-flow news and
discount-rate news in the rating process, | compa@seudo Fof the ordered logit modefs.
Since several approaches to compute pseddmiR been developed for a logit regression, | use
two widely used pseudo’RMcFadden’s (1973) pseudd BR%yr) and McKelvey and Zavoina’s
(1975) pseudo R(R%vz).2° Table 5 reports the ordered logit results alontfy wivo measures of
pseudo R | first compare the pseudd &ross models which include several proxies foh-cas
flow news. In Column (1), when changes in creditgs ARATING;) are regressed on cash-
flow news (Ncf), the coefficient is significantly positive, inditng that rating agencies tend to
upgrade ratings upon good news about expectedfioash Ryr and Ry, are 2.6 percent and
7.4 percent, respectively. In Columns (2) though I(#fhclude the change in return on assets
(AROA), return on equityAROE), or operating cash flowaACFQ), which are widely used as
measures for shocks to firms’ cash flows. The psdfdre all lower than that of the model of
Ncf;, indicating that cash-flow news derived from thRVapproach (Ngf better explains the
change in credit ratings than do the traditionabaating measures for cash-flow news. To
provide some evidence on the source of superiofitycf; over these simple accounting

variables, | decompose Nufto current-period (CNg¢j and future-period (FNgfcash-flow

19 While it is common to comparéRcross the models in the OLS (e.g., Dechow 199¥¢gaivalent statistic to

the OLS Bdoes not exist for a logistic regression, becausertaximum likelihood estimation is not to minimize
the variance. Instead, several approaches to cenpsetudo Rfor the logit model have been developed. It isino
that pseudo Rcannot be interpreted independently or comparessadatasets. However, they are valid and useful
in evaluating multiple models predicting the saratcome from the same datasets. In this case, ¢ieehpseudo
R?indicates which model better predicts the outcoRtedse and Long 2006).

2 McKelvey and Zavoina’s pseudd & found to be the most closely approximate ofRhebtained from
regressions on the underlying latent variable (Hagd Mitchell 1992).
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news. Column (5) shows that the pseud@RCNcf model is similar to that afROE model.
However, the pseudo’Ricreases substantially when future-period casi-fiews (FNgJ is

added to the model as shown in Column (6). For @k@n®yvr (R%z) increases from 1.5 (4.1)
percent to 2.8 (7.6) percent. This finding supptréd the superiority of Npbver other

accounting variables arises from the fact that &wfompasses the shock to the future cash flows
as well as the shock to the current cash flows.

Turning to the comparison between cash-flow newgsdiscount-rate news, Column (7)
shows that the coefficient on Ng significantly negative, suggesting that rat&ggncies tend to
downgrade when there is news indicating an incraagsk. However, discount-rate news {Nr
does not explain the change in credit ratings ashnais cash-flow news (Nrtloes. The pseudo
R? of discount-rate news model is very low at 0.Zpat for Ry and 0.5 percent forigz. %

In summary, the results in Table 5 suggest thdt-as news derived from the VAR
model outperforms traditional accounting measuoesdsh-flow shocks, because it also reflects
the shock to the future cash flows. The results edgeal that cash-flow news better explains the
credit rating changes than does discount-rate news.

5.2.2. Comparing the magnitude of the coefficients

Column (1) of Table 6 reports the ordered logittesswhen both Nefand Ny are
included along with several control variables. (Ne&ignificantly positive, and Ns
significantly negative, consistent with the prediot More importantly, the coefficient on Ncf
(0.244) is about two times greater in absolutee#han the coefficient on Nr0.123). Note that

| can directly compare these two coefficients offiy Aled N because all independent variables

2L |n the untabulated analysis, | estimate the OL&fam that the results are similar. For exampie, ®LS Rfor
the model with Ngfss 5.35 percent, while the OLS fr the model witlAROA, (AROE) is 3.78 (3.33) percent. The
OLS R for the model with Niis 0.13 percent.
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are standardized and thus the coefficients reptesenstandard deviation change. The statistical
test confirms that these two coefficients are stiatilly different (p-value=0.01). This finding
supports that cash-flow news is more importantriviinly credit rating changes than is discount-
rate news.

The coefficients on the other control variablesgaperally consistent with prior
research (Jiang 2008; Ayers et al. 2010). The asae in firm sizeASIZE), interest coverage
(AINTCOV,y), return on assetaROA;), and capital intensityNACAP_INTEN) are positively
associated with the likelihood of rating upgrad@s.the other hand, the increases in financial
leverage ALEV,), asset growthAAGRW,), and stock return volatilityA\STDRET,) are
associated with the higher likelihood of rating agrades. Note thatROA;is only marginally
significant with Ncfin the modef?

In Column (2), | decompose Nafito CNctand FNcf The two components of total
cash-flow news are both significantly positive, @nd magnitudes of the two coefficients are not
statistically different (p-value=0.24}. This suggests that shocks to current and futwsk ftaws
are equally important in rating revisions. | alstiraate the ordered logit after excluding firm-
year observations with zero rating changes, bedéwese may be concerns about many
observations with zero values in the dependenalbai The sample size is reduced to 2,662.
The result with the reduced sample presented inr@ol(3) is generally similar to those reported

in Column (1)** | also estimate the OLS instead of the ordereit ol report the result in

%2 The multicollinearity is unlikely here, because torrelation between NendAROA,is 0.33, as reported in
Table 3.

2 1n Column (3) of Table &ROAis not significant. This may be due to multicolémity, because the Pearson
correlation coefficient betweexROA;and CNcfis high =0.59). | re-estimate the model after dropphiROA:.
The results do not change at all.

24 To empirically examine the effect of many zerdmatchanges, | use this method of simply excludirgzero
rating changes from the sample and report thetsesdibwever, the value of zero is clearly an imgottcategory in
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Column (4). The result is similar, which confirnimat the findings are not sensitive to the
specific estimation method.
5.2.3. Comparing the economic impacts

Although the findings in Table 6 clearly suppor tiotion that rating agencies revise
their assessment of the credit quality of the fiqpon cash-flow news to a greater extent than
upon discount-rate news, it is not straightforwarduantify the economic impacts of changes of
explanatory variables on rating changes due tad¢iméinear nature of the estimation method of
the logit regression with multiple categories. Torereadily assess the economic significance of
the results, | use an alternative classificatidresee in which the dependent variable is either a
rating upgrade or downgrade. | estimate the bi(iastead of ordered) logit and present the
marginal effects and the changes in the probalmfityeing upgraded or downgraded in Table 7
(Ashbaugh-Skaife et al. 2006). Specifically, | deflUPGRADE(DOWNGRADE) as one if
credit ratings are upgraded (downgraded), and atrerwise. To assess the economic
significance, | present the marginal effect of eeatable in Columns (2) and (5), which is
evaluated at the mean value of each variable, hgldil other variables at their means. The
marginal effect represents the change in the pibtyad¥t being upgraded (or downgraded) upon
infinitesimal change of the independent variable.aXernative and easy-to-interpret way to
evaluate the economic impact is to calculate tlangh in the probability of being upgraded (or
downgraded) as the value of the explanatory vagiabinoved from its lower quartile (1Q) to its
upper quartile (3Q), while holding other variabtesistant at their means. | report these results
in Columns (3) and (6).

The binary logit results presented in Columns (I @) of Table 7 are similar to those

the ordered logit, and thus one should be cautidwen interpreting this result.
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reported in Table 6. A shock to future cash flos/pasitively (negatively) associated with the
likelihood of being upgraded (downgraded), whikehack to expected return is positively
associated with the likelihood of being downgraddte notable difference between the ordered
and binary logit results is that N not significant in Column (1) of Table 7 in whithe
probability of being upgraded is estimated. Witbpect to the economic impact, the marginal
effect of Ncfis greater in absolute value than that offirboth upgrades (0.013 versus -0.005)
and downgrades (-0.024 versus 0.014). Furtherntogeshange in the probability of rating
changes as a result of moving the variable fromdQ3 is also greater for N¢han for Ny. For
example, an interquartile change of Nsfassociated with a 1.39 percent increasg (INthe
probability of being upgraded while the effect af I8 only 0.48 percent. Similarly, an
interquartile change of NofiNr;) is associated with a 2.51 percent decrease fledfent
increase) in the probability of being downgradetle@ that the probability of being upgraded
(downgraded) evaluated at the means of all vargakl&.96 percent (10.23 percent), this change
in the likelihood of rating changes appears todmemically significant.
5.3. Asymmetric response of rating changes withpest to bad news

To test whether the association between creditgathanges and news variables
becomes stronger when the news conveys negatimenafion about firm value, | divide the
sample into two groups by the sign of the newsaldeis. As a starting point, the entire sample is
partitioned by the sign of unexpected return-Ez(ry)), and the ordered logit is estimated
separately for each group. The coefficients on-fstnews (Ncf) and discount-rate news
(Nr) are significant for both groups of positive aredjative unexpected returns. The magnitude
of the coefficient on Ng¢fis not statistically different from the coefficteon Nt for good news

(p-value=0.27), while the coefficient on Ncf greater than that on Nor bad news (p-
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value=0.00). A caveat for this approach is tha theasure of unexpected stock returns as a
proxy for good or bad news cannot distinguish wiethe news is about expected cash flows or
about future discount rates, making the interpi@tatf this division unclear. Hence, | use the
sign of either cash-flow news or discount-rate néwdgurther partitioning.

In Columns (3) and (4) of Table 8, the sample ®ifi@ned by the sign of cash-flow
news. The results show that Nisf significant only for the subsample with negatinformation
about cash-flow news (Column 4). However; idmegative and significant for both subsamples.
Regarding relative importance, cash-flow news seterbg less relevant in updating ratings
when it carries positive information, whereas cigiv news dominates discount-rate news
when there is bad news about expected cash flows.

In Columns (5) and (6), when the sample is dividgdhe sign of discount-rate news, an
asymmetric pattern emerges for discount-rate nefvgh mirrors the previous finding for cash-
flow news. Nris not significant for the subsample that has erpeed a decrease in risk
(Column 5), whereas it is significantly negative floee subsample that has experienced an
increase in risk (Column 6). However, the coeffitgeon Ncfare significant for both groups
regardless of the sign of discount-rate news. thtexh, the coefficient on Ne¢is greater in
absolute value than that on;for both groups.

Overall, the relation between rating changes angsnariables becomes much stronger
for bad news, and the relative importance of thegecomponents depends on the nature of the

news it conveys.

V1. Additional analyses

6.1. The alternative estimations of cash-flow nearsd discount-rate news
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Although the VAR approach is currently the statabef-art practice in implementing the
return decomposition and is widely used in mangigimes (see Chen and Zhao 2009), it is not
free from controversy. For example, the conclusinasvn from the VAR approach may be
sensitive to the sample period (Chen 2009), tahuéce of state variables, and to the way in
which cash-flow news is measured (i.e., whetheh-¢lasv news is directly modeled or backed
out as the residual) (Chen and Zhao 2009). To addnech concerns, | perform a comprehensive
set of additional tests.

First, | use the weighted least squares (WLS) awstd the OLS to check the robustness
to the estimation method. | deflate the data fehdam-year by the number of firms in the
corresponding cross-section to weigh each crogsmaesqually (Vuolteenaho 2002).

Second, to address the concern whether the VARmedeas are constant across firms, |
estimate the VAR system separately for each Faraaekr(1997) industry as suggested by
Callen and Segal (2010). This approach yields the Warameters at the industry level, but the
news variables can be computed at the firm-yeaal lev

Third, to address the concern that cash-flow neviaen measured as the residual,
inherits the large misspecification error, | use @pproaches: (1) | estimate cash-flow news
directly (Ncf = & (I- p )™ o) and discount-rate news residually as the diffeedretween the
unexpected return and cash-flow news, and (2)rest both cash-flow news and discount rate
news directly and define the residual news (N_residas the third component of unexpected
returns, because the equality of Equation (1) tggnaranteed when both components are
directly modeled.

Fourth, | partition the full sample period into tweriods (1986-1998 and 1999-2008)

and estimate the VAR system separately for theahézk whether the results are sensitive to the
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estimation period. The untabulated results arelairto those reported previously.

As a last check, | employ an alternative methogpsed by Chen and Zhao (2010) that
does not rely on the predictive regression of tA& Vhodel. Following Chen and Zhao (2010), |
estimate the implied cost of equity capital (ICG)ng earnings forecasts from IBES as a
measure of cash-flow expectation for each firm atnelach point in time (Pastor et al. 2008). A
price change between year t and year t+j can thatebomposed into two parts: cash-flow news
defined as the price change holding ICC constantt,discount-rate news defined as the price
change holding cash flows constant (see Chen aad Z010) for a detaiff, The use of this
alternative method, which does not rely on the fABdel, enhances confidence in my results,
although this alternative method is silent abowt lam expected-return component can be
extracted from the price change between the twinge?®

| report the results for these tests described @boWable 9. In Columns (1) through (5),
the coefficients on Ngand Ny are all significant, and the coefficient on Nefgreater in
absolute value than that on{Nn sum, | conclude that the results are not $eegio the specific
method to measure cash-flow news and discountreate?’

6.2. Shareholder-bondholder conflicts
As cash-flow news and discount-rate news are medsiging stock returns and credit

ratings assess the probability of default, whicly fo@a better represented by the bondholders’

% | follow Chen and Zhao (2010) in estimating IC@sh-flow news, and discount-rate news, exceptier t
assumption about the long-term growth rate (g).l[@/@hen and Zhao (2010) set g as the consensuddomg
earnings growth rates (LTG) from IBES, | find tltlais LTG seems to be too high as a proxy for stesidie growth
rates. For example, in many cases, the LTG is higitaa the estimated ICC. Thus, | follow Gebhatdile(2001)
and use 10-year Treasury bond rate minus 3% gwttxg for g. In addition, note that discount-ragaus is defined
in Chen and Zhao (2010) to have a positive (instéadnegative) sign in Table 9.

% That is, Chen and Zhao (2010) decompose the eshlizturn (excluding dividends) into cash-flow newsl
discount-rate news. However, conceptually, theizedlreturn should also include the expected retomponent.

" The tests that compare the pseud@f not tabulated. However, the tenor of the tessilsimilar. The pseudd’R
is higher for Ncfthan for Nyin every case.
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perspective, the results can be subject to measmteznrors or biases arising from potential
shareholder-bondholder conflicts. However, | badi¢hvat this is not a serious concern for several
reasons® First, many papers argue that stockholder-bonahadnflicts are typically small
(Fama and Miller 1972; Andrade and Kaplan 1998riRaand Weisbach 1999). Second, there is
abundant empirical evidence that rating changeasseciated with changes in stock prices
(Holthausen and Leftwich 1986; Hand et al. 1992Z;hev and Piotroski 2001; Beaver et al.
2006). Finally, several studies find that stockines can predict firm bankruptcy, which credit
ratings aim to assess (Watts and Zimmerman 19866pShumway 2001).

Nevertheless, to check the robustness, | examimthehthe results are conditional on
the magnitude of shareholder-bondholder conflictise three proxies for shareholder-
bondholder conflicts: leverage, stock return vtitggiand whether the credit rating is investment
grade or not (Ahmed et al. 2002). | expect thamgiwith high leverage, high return volatility,
and non-investment-grade ratings likely experiegreater shareholder-bondholder conflicts. If
my finding of a greater role of cash-flow news Iserved only for the subsample with a high
level of shareholder-bondholder conflicts, it lely that my results may be driven by
measurement errors or biases. Panel A of Tableddrts the results for partitioned samples by
these three proxies. The results, however, showthbkalifference between the two coefficients
(Ncf; and Ny) is more pronounced for the subsample with a vel of shareholder-bondholder
conflicts (low leverage and low stock return vdigf), or the difference is statistically
insignificant (investment-grade and non-investmgnaide ratings). Therefore, the measurement
errors due to potential conflicts between sharedrsldnd bondholders, if any, seem to create a

bias against the findings.

% See Beaver et al. (2006) for a similar argument.
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6.3. Rating agencies’ inefficient information prosses and conflicts of interest

There are growing concerns that credit rating aigsriack independence due to the
issuers-pay-fees structure. Recently, some havid@wdly questioned credit rating agencies’
competence in assessing credit risk, particulaitl vespect to rating mortgage-backed and
structured finance deals (Beales and Davies 2aWis, credit ratings may not reflect the
probability of default in an unbiased and timelymmer due to rating agencies’ own incentives or
inefficient information processes. To check whethese concerns affect the main conclusion, |
partition the sample by the proxies for informatiorcertainty (firm age, analyst coverage, and
firm size) and rating agencies’ conflicts of int'@ré&he amount of debt issuance) and then
examine whether the results hold for partitionealigs®® The results presented in Panels B and
C of Table 10 show that cash-flow news is morengfipassociated with credit rating changes
than discount-rate news for all subsamples.
6.4. The upgrades versus downgrades

The effect of cash-flow news and discount-rate newght be different for rating
upgrades and for downgrades. To examine this pbgsibdivide the sample into subsamples of
rating upgradesA(RATING>0) and rating downgrade& RATING;<0), and estimate the
ordered logit for each group. A caveat with thialgisis is that the partitioning of the sample
based on the dependent variald® ATING;) would reduce the power of the test and bias the
coefficient toward zero. That is, this subsamplalysis would be limited to the effect within

upgrade groups or within downgrade groups (i.egtiver cash-flow news affects the number of

29 The underlying reasoning behind the use of theuminof debt issuance for a proxy for conflicts mtrest is
conceptually similar to the argument that auditdependence impairs auditor independence (Craswall 2003).
| follow Bradshaw et al. (2006) in defining the aimt of debt issuance as the net cash receivedtfrerissuance
(and/or reduction) of debt. The use of cash reckfk@n the issuance (not the reduction) of debsdu# change
the results.
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notches for rating upgrades). Untabulated reshttsvdhat neither Nehor Nr is significant for
the subsample with rating upgrades. This lossgrficance seems to be due to the reduced
power as discussed previously. However, both &ladl Ny are significant for the subsample with
rating downgrades even in the presence of reducegip For this subsample, the magnitude of
the coefficient on N¢fis greater than that on {Nconsistent with the main findings.
6.5. Other additional analyses

| perform several untabulated sensitivity testssti-l use standard errors clustered by
both firm and year (Gow et al. 2010). Second, Idifferent horizons to measure credit rating
changes or stock returns. | define the credit gatimange using credit ratings as of four or six
months after the fiscal year-end and repeat alattayses. | also use different stock return
cumulation periods, such as starting four or sixiths after the beginning of the current fiscal
year. Third, | conduct a sub-period analysis bydiling the sample period into two or three

periods. Results from all of these untabulatedstdstnot change the tenor of the reported results.

VIl. Conclusions

Despite the prominent role of credit ratings in tgital market, relatively little is
known about the rating decision process. This papglies the relative importance of cash-flow
news and discount-rate news in credit rating dewislhe findings suggest that rating changes
are, on average, more strongly associated with-tastnews than with discount-rate news.
When the news contains negative information abdweifitm, the relation becomes much stronger.
Therefore, the relative importance of the two congrds of news should be evaluated in relation
to the nature of the news.

Notwithstanding these important findings, this stiglsubject to several caveats. There
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is no consensus about which is the best methothptement the return decomposition. Cash-
flow news and discount-rate news are extracted fstmek returns; therefore, these variables
may contain measurement errors. My study focuseh@mrontemporaneous association, rather
than the causal relation. In addition, this papsesdnot examine whether rating agendigky

reflect the information into their ratings (Sloa®@9®6). Future research can explore whether rating

agencies misprice (i.e., underestimate or overeséipspecific components of new information.
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Table1
Sample Selection and the Distribution of Credit Ratings
Panel A. Sample selection

All firm-year observations with December fiscal yeads on COMPUSTAT XPF for 1986-2008

89,772
(excluding financial and utilities sector)
Less observations with missing market value oftgdar year t and t-1 (22,549)
Less observations with missing or negative bookealf equity for year t and t-1 (8,135)
Less observations with missing stock return anarnedn equity for year t and t-1 (9,753)
Less observations with lagged market value less $18 million (3,849)
Firm-year observations to estimate the VAR model 45,486
Less observations without S&P long-term issuerdlevedit ratings (current and lagged) (33,648)
11,838
Less observations with missing data for other cdmariables (484)
Final sample (1,541 distinct firms) 11,354
Panel B. The distribution of credit ratings
S&P ratings RATING Frequency Percentage (%) Cumulative Inv_estment/
percentage (%) Non-investment
AAA 17 203 1.79 1.79
AA+ 16 75 0.66 2.45
AA 15 364 3.21 5.66
AA- 14 330 291 8.57 Investment
A+ 13 559 4.92 13.49 rade
A 12 1060 9.34 22.83 (go 2%)
A- 11 890 7.84 30.67 '
BBB+ 10 1047 9.22 39.89
BBB 9 1305 11.49 51.38
BBB- 8 1001 8.82 60.20
BB+ 7 709 6.24 66.44
BB 6 925 8.15 74.59
BB- 5 1116 9.83 84.42 Non-investment
B+ 4 1005 8.85 93.27 grade
B 3 419 3.69 96.96 (39.8%)
B- 2 211 1.86 98.82
CCC+ or below 1 135 1.18 100
Total 11,354 100
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Panel C. Thedistribution of credit rating changes

Credit Rating o Cumulative
Changes ARATING; Frequency Percentage (%) Percentage (%)
4 12 0.11 0.11
Upgrade g 132 cl)ii 10.11% gg;
1 912 8.03 10.11
No change 0 8692 76.55 76.55% 86.66
-1 978 8.61 95.27
-2 369 3.25 0 98.52
Downgrade 3 128 113 13.34% 99.65
-4 39 0.35 100
Total 11,354 100

Panel A shows the sample selection procedure aildit Panel B, RATINGis S&P’s long-term issuer-level credit
ratings (SPLTICRM) as of three months after thedig/ear ends, converted to numerical values betig€CC+
or below) and 17 (AAA). A higher value of RATIN@dicates better credit quality. In PanelARATING; =
RATING; —RATING.;. The sample is the 11,354 firm-year observationsHe period 1986—-2008.
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Table 2
Descriptive Satistics

Mean Std Q1 Median Q3
RATING, 8.513 3.606 5 9 11
ARATING; -0.072 0.746 0 0 0
Ncf; 0.060 0.354 -0.108 0.082 0.270
Nr¢ -0.004 0.112 -0.060 0.000 0.060
CNcf, 0.077 0.192 0.023 0.089 0.160
FNcf, -0.015 0.309 -0.180 -0.005 0.161
ASIZE 0.088 0.197 -0.012 0.057 0.147
AINTCOV, 0.007 0.416 -0.165 0.030 0.203
AROA -0.003 0.054 -0.021 0.000 0.018
ALEV, 0.000 0.069 -0.035 -0.005 0.030
ACAP_INT, 0.003 0.087 -0.026 0.008 0.039
AAGRW,; -0.052 0.423 -0.128 -0.008 0.092
ASTDRET 0.001 0.009 -0.004 0.000 0.004

This table reports descriptive statistics for tample of 11,354 firm-year observations for the @a1986—2008.
RATING; is S&P’s long-term issuer-level credit ratings (FRCRM) as of three months after the fiscal yeadgn
converted to numerical values between 1 (CCC+ tmwjeand 17 (AAA) according to Panel B of Table 1.
ARATING; = RATING; -RATING;. Ncf, and Nris cash-flow news and discount-rate news computed Equation
(6) and (7), respectively. CNa$ current-period cash-flow news estimated asé¢bi&lual of Equation (4byt.
FNcf, is future-period cash-flow news, defined as{NGENCc{. SIZE is the log of market value of equity
(CSHO*PRCC_F). INTCOVis the log of one plus interest coverage ratiterest coverage ratio is defined as
operating income before depreciation (OIBDP) dididby interest expense (XINT). R return on assets,
defined as income before extraordinary items (liBided by average total assets (AT). LE¥the ratio of total
debt (DLTT+DLC) to total assets (AT). CAP_INTEN gross property, plant and equipment (PPEGTifldtvby
total assets. AGRVi5 the total asset growth defined as (Total ass@téal assets)/Total assets. STDRET is the
standard deviation of daily stock returns during fiscal year. Change variables) @re defined as the first
difference of the above variables, sucA&$ZE, = SIZE — SIZE.;.
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Table3

Correlation

Ncf, Nr, CNcf, FNcf, ASIZE, AINTCOV, AROA ALEV, ACAP INT, AAGRW, ASTDRET,
ARATING, 0.23 -0.04 0.18 0.15 0.13 0.22 0.19 -0.20 -0.05 0.05 -0.17
(<.0001) (0.00) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001)
Ncf, 1.00 -0.18 0.49 0.82 0.15 0.22 0.33 -0.26 -0.15 0.14 -0.16
(<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001)
NI, 1.00 0.21 -0.35 0.14 -0.03 0.10 -0.13 -0.05 0.01 0.02
(<.0001) (<.0001) (<.0001) (0.00) (<.0001) (<.0001) (<.0001) (0.12) (0.04)
CNcf, 1.00 -0.08 0.13 0.24 0.59 -0.24 -0.15 0.13 -0.11
(<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001)
FNcf, 1.00 0.10 0.09 0.01 -0.13 -0.07 0.07 -0.11
(<.0001) (<.0001) (0.50)  (<.0001) (<.0001) (<.0001) (<.0001)
ASIZE, 1.00 -0.06 0.05 0.20 -0.45 0.46 -0.06
(<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001)
AINTCOV, 1.00 0.48 -0.39 -0.02 0.08 -0.11
(<.0001) (<.0001) (0.04) (<.0001) (<.0001)
AROA, 1.00 -0.33 -0.13 0.12 -0.17
(<.0001) (<.0001) (<.0001) (<.0001)
ALEV, 1.00 -0.05 0.14 0.14
(<.0001) (<.0001) (<.0001)
ACAP_INT; 1.00 -0.32 0.08
(<.0001) (<.0001)
AAGRW, 1.00 -0.10
(<.0001)

This table presents the Pearson correlation cosffis. The sample is the 11,354 firm-year obsewnatifor the period 1982008. P-values are reported in parentheses.
See Table 2 for the variable definitions.
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Table4
Estimated parameters of the VAR model

r )
M1 rog. bm., Mo (eth) I rog bm

I 0.044 0.045 0.074 0.025 1.025 0.262 0.060 -0.150
(0.040) (0.033) (0.026) (0.035) (0.011) (0.024)
[0.044] [0.034] [0.028] [0.035] [0.011] [0.024]

rog 0.179 0.331 0.003 0.119 0.119 0.060 0.113 0.009
(0.023) (0.035) (0.010) (0.011) (0.010) (0.007)
[0.025] [0.036] [0.011] [0.011] [0.010] [0.007]

bm -0.137 0.127 0.777 0.295 0.295 -0.150 0.009 0.244
(0.026) (0.028) (0.019) (0.024) (0.007) (0.028)
[0.028] [0.028] [0.020] [0.024] [0.007] [0.028]

This table reports the parameter estimates fovtie model in Equation (4). The parameters in thada
correspond to the following system:
=T za+n,Z=EMm,ne).

The state variables in include the mean-adjusted cum dividend annualsxoeturn ¢, the mean-adjusted
return on equity (rqg and the mean-adjusted book-to-market ratio s thelog of one plus the annual cum
dividend return minus the log of one plus the atined three-month Treasury bill rate. The 12-maonetturn
cumulation period starts three months after thenmgg of the current fiscal year. rde the log of one plus
ROE minus the log of one plus the annualized timeath Treasury bill rate. ROE is computed as income
before extraordinary items (IB), divided by begimpiof period book value of equity (CEQ). phmthe log of
the book-to-market ratio at year end. Book-to-mar&#o is book value of equity (CEQ) divided bytinarket
value of equity (CSHO*PRCC_F). All variables in t##&R system are cross-sectionally demeaned. Fdr eac
parameter, | report three numbers. The first nuridtite OLS estimate of the parameter. The secantber

(in parentheses) is a robust standard error cordpugieg the Rogers’ (1993) method. The third nungiver
brackets) is a robust jackknife standard error asegbusing a jackknife method outlined by ShaoRad
(1993). The top and bottom 1% of each of the stat@bles in the VAR model is winsorized every year
mitigate outliers. The sample for the VAR estimati 45,486 firm-year observations for the peri@8@-2008.
See Panel A of Table 1 for the sample selection.
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Table5

Regression of the Changein Credit Ratings on Various Proxiesfor Cash-flow News
and Discount-rate news

Dependent variable ARATING;

Ordered logit

1) (2)

3) (4)

©) (6) (7)

Ncf, 0.512%*
(0.00)
AROA, 0.428%*
(0.00)
AROE
ACFQ
CNcf;
FNcf;
Nr;
McFadden's R 2.65% 1.89%
McKelvey & 7.40% 5.30%
Zavoina's R
N 11,354 11,354

0.378%*
(0.00)
0.181%**
(0.00)
1.49% 0.33%
4.20% 1.00%
11,354 11,354

0.373***  0.408***

(0.00) (0.00)
0.384%+
(0.00)
-0.074%+
(0.01)
1.49% 2.79% 0.20%
4.10% 7.60% 0.50%

11,354 11,354 11,354

This table reports the ordered logit results ofesging changes in credit ratingdRATING,) on the various
proxies for cash-flow news and discount-rate nég. dependent variableARATING,, which is the change
in S&P’s long-term issuer-level credit ratings &shwee months after the fiscal year ends. Thel leferedit
rating is converted to numerical values betwee@QQq+ or below) and 17 (AAA) according to Panel B of
Table 1. A positive (negative) value ®RATING; indicates upgrades (downgradesROE is the change in
return on equity, which is defined as income betoteaordinary items divided by average total asa€lFQ
is the change in operating cash flows, which isngef as cash flows from operation divided by averagal
assets. See Table 2 for the definitions of otheiabes. All independent variables are standardindthve a
zero mean and unit variance. | reports p-valuesdas standard errors clustered by firm in paresgbeThe
sample is the 11,354 firm-year observations forpéeod 1986-2008. The symbols *, **, and *** deeot
significance at the 10%, 5%, and 1% levels, respalgt in two-tailed tests.
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Table 6
Regression of the Changein Credit Ratings on Cash-flow and Discount-rate News

Dependent variable ARATING,

Ordered logit OoLS
Q) (2) (3) After excluding (4)
zero rating changes
Ncf 0.244%** 0.313*** 0.085***
(0.00) (0.00) (0.00)
CNCft 0.217***
(0.00)
FNcf; 0.171 %
(0.00)
Nr; -0.123*** -0.151%** -0.163*** -0.034***
(0.00) (0.00) (0.00) (0.00)
ASIZE, 0.442%+* 0.443** 0.603*** 0.129***
(0.00) (0.00) (0.00) (0.00)
AINTCOV, 0.348*** 0.355*** 0.523*** 0.097**+*
(0.00) (0.00) (0.00) (0.00)
AROA 0.055* 0.003 0.078 0.026**
(0.07) (0.94) (0.16) (0.01)
ALEV, -0.362*** -0.367*** -0.490%** -0.101***
(0.00) (0.00) (0.00) (0.00)
ACAP_INTEN 0.100*** 0.101 %+ 0.151 %+ 0.030***
(0.00) (0.00) (0.00) (0.00)
AAGRW, -0.104*** -0.106*** -0.147*** -0.027***
(0.00) (0.00) (0.00) (0.00)
ASTDRET -0.337*** -0.331*** -0.411 %+ -0.122%**
(0.00) (0.00) (0.00) (0.00)
Industry- and year-fixed Included Included Included Included
effects
Test (p-value)
Ncf, =—Nr (0.01)*** (0.05)** (0.01)***
CNcf= FNcf (0.24)
CNcf=—Nr, (0.11)
FNcf=—Nr, (0.67)
McFadden’s R 8.11% 8.14% 14.92%
McKelvey & Zavoina's R 20.50% 20.50% 37.70%
OLS adj R 14.54%
N 11,354 11,354 2,662 11,354

This table reports the ordered logit results ofeeging changes in credit ratingdRATING,) on cash-flow
(Ncfy) and discount-rate news (NrColumn (3) reports ordered logit results afterleding observations with
zero credit rating changes. Column (4) reportsQh8& results. The dependent variablARATING;,, which is
the change in S&P’s long-term issuer-level creafiings as of three months after the fiscal yeasehbe level
of credit rating is converted to numerical valuesaeen 1 (CCC+ or below) and 17 (AAA) accordindgPtmel
B of Table 1. A positive (negative) valueARATING; indicates upgrades (downgrades). See Table héor t
definitions of other variables. All independentialies are standardized to have a zero mean ahdarid@nce.
| reports p-values based on standard errors chatay firm in parentheses. The sample is the 11fjg%dyear
observations for the period 1986-2008. The symhat§ and *** denote significance at the 10%, 5%nd 1%
levels, respectively, in two-tailed tests.
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Table7
Binary L ogit Regression and Marginal Effects

Dependent variable = UPGRADE

Dependent variable = DOWNGRADRE

1) 2 3) (4) ®) (6)
Logit Marginal Change in Logit Marginal Change in
Pr(Upgrade=1 effect probability Pr(Downgrad effect probability
) (Q1lvs.Q3) e=1) (Q1lvs.Q3)
Ncf; 0.176*** 0.013 1.39% -0.258*** -0.024 -2.51%
(0.00) (0.00)
Nr -0.062 -0.005 -0.48% 0.148*** 0.014 1.46%
(0.12) (0.00)
ASIZE, 0.398*** 0.029 2.27% -0.452%** -0.042 -3.47%
(0.00) (0.00)
AINTCOV, 0.335*** 0.025 2.19% -0.343*** -0.032 -2.77%
(0.00) (0.00)
AROA -0.009 -0.001 -0.04% -0.112%** -0.010 -0.74%
(0.83) (0.00)
ALEV, -0.382*** -0.028 -2.70% 0.308*** 0.028 2.67%
(0.00) (0.00)
ACAP_INTEN 0.061 0.005 0.34% -0.108*** -0.010 -0.74%
(0.15) (0.00)
AAGRW, 0.012 0.001 0.05% 0.278*** 0.026 1.35%
(0.74) (0.00)
ASTDRET -0.176%** -0.013 -1.17% 0.401*** 0.037 3.23%
(0.00) (0.00)
Industry-and year-fixed included Included
effects
The probability of
Upgrade=1 (or
Dg\?vngradeil) at the 7.96% 10.23%
means of all variables
Test (p-value) . -
NCf:= —Nr (0.08) (0.05)
McFadden’s R 8.78% 13.09%
II\?/Icherey & Zavoina's 18.20% 22 00%
N 11,354 11,354

This table reports the binary logit results andgiral effects of independent variables. In Colurti)shrough
(3), the dependent variable is UPGRADEhich is one if ratings are upgraded, and zehemtise. In Columns
(4) through (6), the dependent variable is DOWNGHavhich is one if ratings are downgraded, and zero
otherwise. See Table 2 for the definitions of otvemiables. The marginal effects in Columns (2) éjdshow
the effects of small change in independent vargablethe probability of being upgraded or downgdadde

marginal effects are computedé's"/(l + eﬁlx) whereB X is evaluated at the mean values of X. Columps (3
and (6) show changes in the probability of beingraged or downgraded as a result of moving theakbgiof
interest from the first to the third quartile, hiolg all other variables at their mean values. Atlépendent
variables are standardized to have a zero meanrdndariance. | reports p-values based on staneiaoas
clustered by firm in parentheses. The sample i41h@54 firm-year observations for the period 12868. The
symbols *, **, and *** denote significance at th@%, 5%, and 1% levels, respectively, in two-tailests.
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Table 8

Regression of the Changein Credit Ratings on Cash-flow and Discount-rate News:
Good news versus Bad news

Dependent variable ARATING;

Ordered logit

(reEea(r))>0  (r-Era(r))<0 Ncf>0 Ncf<0 Nr<0 Nr>0
(1) (2) 3) (4) (5) (6)
Good total Bad total Good CF Bad CFnews Good DR Bad DR
news news news news news
Ncf, 0.090** 0.358%** 0.028 0.331%* 0.236%* 0.237%
(0.01) (0.00) (0.44) (0.00) (0.00) (0.00)
NI, -0.148%*  -0.154**  -0.169%** -0.120%** -0.032 -0092%+
(0.00) (0.00) (0.00) (0.00) (0.40) (0.02)
ASIZE, 0.403** 0.493* 0.451%+ 0.426*+ 0.396%** 0.460%*
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
AINTCOV, 0.309*** 0.389% 0.331%* 0.353* 0.299*+ 0.388***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
AROA, 0.016 0.099** -0.011 0.141%* 0.102** 0.016
(0.68) (0.04) (0.77) (0.00) (0.02) (0.70)
ALEV, 0.450%  -0.247%*  -0.491%* -0.186%** -0.385%* - 0.330%**
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
ACAP_INTEN 0.067* 0.156%** 0.069* 0.156*+ 0.139% 0.067*
(0.10) (0.00) (0.08) (0.00) (0.00) (0.10)
AAGRW, -0.077* -0.127%* -0.080** -0.135%+* -0.154%*  -0.067*
(0.02) (0.00) (0.02) (0.00) (0.00) (0.05)
ASTDRET, 0.295%*  -0.348%*  -0.269%** -0.358%** -0.289%* - 0.389%*
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Industry-and Included Included Included Included Included In&idd
year- fixed effects
Li?fz(m’:"“e) (0.27) (0.00)*  (0.01)*  (0.00)**  (0.00*  (0.09*
McFadden’s R 6.14% 9.40% 6.45% 8.90% 8.09% 8.61%
g"CK?'V‘?y g‘ 15.90% 23.40% 16.60% 22.00% 20.10% 21.80%
avolnas
N 6,924 4,430 7,093 4,261 5,664 5,690

This table reports the ordered logit results fer plartitioned samples. The sample is partitionegraing to the
sign of the news (i.e., good versus bad) of toays(= f-E..4(r;)), cash-flow news (Ngf, and discount-rate
news (Nyf). The dependent variableARATING;, which is the change in S&P’s long-term issueeleredit
ratings as of three months after the fiscal yedsefihe level of credit rating is converted to nuoa values
between 1 (CCC+ or below) and 17 (AAA) accordingPmel B of Table 1. A positive (negative) value of
ARATING,; indicates upgrades (downgrades). All independaritibles are standardized to have a zero mean
and unit variance for the sample analyzed. SeesTalibr the definitions of other variables. | repgr-values
based on standard errors clustered by firm in pheses. The full sample is the 11,354 firm-yeaeokestions
for the period 1986-2008. The symbols *, **, and tfenote significance at the 10%, 5%, and 1% levels
respectively, in two-tailed tests.
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Table9
Alter native Estimations of Cash-flow News and Discount-rate News

Dependent variable ARATING;

Ordered logit

(1) (2) 3) (4) (5)
Weighted Industry-level Directly Directly Ncf, and N¢
least squares VAR estimate Ngf  estimate both  estimated from the
estimation Ncf; and Ny implied cost of
capital
Ncf; 0.244%** 0.290%** 0.297** 0.289*** 0.295%**
(0.00) (0.00) (0.00) (0.00) (0.00)
Nr; -0.118*** -0.122%** -0.232%** -0.150%*** 0.148**
(0.00) (0.00) (0.00) (0.00) (0.01)
N_residual 0.136***
(0.00)
ASIZE 0.442%* 0.431** 0.424%* 0.443** 0.490***
(0.00) (0.00) (0.00) (0.00) (0.00)
AINTCOV, 0.348*** 0.349** 0.359*** 0.354*** 0.388***
(0.00) (0.00) (0.00) (0.00) (0.00)
AROA, 0.055* 0.047 0.009 0.003 0.095**
(0.07) (0.12) (0.79) (0.93) (0.01)
ALEV, -0.362*** -0.352%* -0.348%*** -0.366*** -0.439***
(0.00) (0.00) (0.00) (0.00) (0.00)
ACAP_INTEN 0.100*** 0.100%** 0.099*** 0.101*** 0.149%**
(0.00) (0.00) (0.00) (0.00) (0.00)
AAGRW,; -0.104%** -0.105%*** -0.105%*** -0.107*** -0.107***
(0.00) (0.00) (0.00) (0.00) (0.00)
ASTDRET, -0.339%** -0.342%* -0.340%*** -0.331*** -0.412%**
(0.00) (0.00) (0.00) (0.00) (0.00)
]Ic_ndustry- and year- Included Included Included Included Included
ixed effects
Test (p-value)

Ncf; = =N, (0.01)** (0.00)*** (0.07)* (0.00)*** (0.00)***
McFadden’s R 8.08% 8.10% 8.11% 8.16% 7.80%
McKelvey & 20.40% 20.40% 20.40% 20.50% 19.70%
Zavoina's R
N 11,354 11,354 11,354 11,354 8,277

This table reports the results using alternativenegions of cash-flow news and discount-rate née
dependent variable IsRATING,, which is the change in S&P’s long-term issueeleredit ratings as of three
months after the fiscal year ends. The level oflitmating is converted to numerical values betwe¢@CC+
or below) and 17 (AAA) according to Panel B of Taftl A positive (negative) value ARATING; indicates
upgrades (downgrades). In Column (1), the VAR systeestimated using the weighted least squaresSjwWL
instead of the OLS. The data is deflated for eaaom-year by the number of firms in the correspoigdinoss-
section to weigh each cross- section equally. llu@a (2), the VAR system in Equation (4) is estiathat
separately for each Fama-French industry. Thisstrgitlevel estimation results in VAR parameterthat
industry level, and the Nad@nd N¢can be computed at the firm level. In Colum (3)f Mcdirectly estimated as
Ncf, = & (I- p )™ n, and Nris measured residually as the difference betwedf{(r,)) and Ncf. In Column
(4), both Ncfand Ng are directly estimated as Nefe, (I- p 1")'l ntand Ng= A" . N_residualis defined as the
residual component of unexpected news. In ColuyN&f;and N¢are measured following Chen and Zhao
(2010), which is based on the implied cost of @pising analysts’ forecasts. See Table 2 for #fmitions of
other variables. All independent variables areddatized to have a zero mean and unit varianapadrts p-
values based on standard errors clustered by fippaientheses. The sample is the 11,354 firm-year
observations for the period 1986-2008. The sanmpi@dlumn (5) is 8,277 firm-year observations. Thalsols
* ** and *** denote significance at the 10%, 5%nd 1% levels, respectively, in two-tailed tests.

46



Table 10
Additional analyses

Dependent variable ARATING;

Ordered logit

Panel A. Shareholder-bondholder conflict

L everage Low High
Ncf; 0.245%** 0.233***
(0.00) (0.00)
Nr -0.077* -0.1412%*=
(0.07) (0.00)
McFadden’s R 7.29% 8.50%
N 5,671 5,683
Sock return volatility L ow High
Ncf; 0.268*** 0.271%**
(0.00) (0.00)
Nr -0.076* -0.153***
(0.07) (0.00)
McFadden’s R 6.36% 9.37%
N 5,671 5,683
Investment grade Investment grade Non-investment grade
Ncf; 0.276** 0.315%**
(0.00) (0.00)
Nr -0.110%** -0.138***
(0.01) (0.00)
McFadden’s R 6.93% 9.96%
N 6,866 4,488
Panel B. Infor mation uncertainty
Firm age Young Old
Ncf; 0.277%** 0.241%**
(0.00) (0.00)
Nr -0.150%** -0.072*
(0.00) (0.09)
McFadden’s R 8.25% 8.75%
N 5,645 5,709
Analysts coverage Low High
Ncf; 0.274%*= 0.24 7%
(0.00) (0.00)
Nr -0.187*** -0.018
(0.00) (0.69)
McFadden’s R 9.16% 7.52%
N 5,690 5,664
Firm size Small Large
Ncf; 0.291%** 0.199%**
(0.00) (0.00)
Nr -0.124**= -0.11 7%
(0.00) (0.01)
McFadden’s R 9.27% 7.17%
N 5,671 5,683
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Table 10 (Continued)

Dependent variable ARATING;

Ordered logit

Panel C. Conflict of interest

Debt issuance L ow High
Ncf, 0.243%** 0.234%***
(0.00) (0.00)
Nr, -0.165%*+ -0.098**+
(0.00) (0.01)
McFadden’s R 9.87% 7.05%
N 5,672 5,682

This table reports the ordered logit results far plartitioned samples by several variables. Forityréhe
results for the other control variables are nobreggl. The dependent variablARATING;. The full sample is
partitioned into two groups each year by leveragmck return volatility, investment-grade ratingiiel A),
firm age, analyst coverage, firm size (Panel B3,amount of debt issuance (Panel C). Leverageisdtio of
total debt to total assets; Stock return volatityhe standard deviation of daily stock returnimyithe fiscal
year; Investment-grade rating is the S&P lettedgraf BBB- or above; Firm age is the number of gesince
the firm was first covered by the CRSP; Analystarage is the number of analysts following at the @hn
fiscal year in IBES. If there is no analyst followgi zero value is assigned; Firm size is the marilete of
equity; The amount of debt issuance is net cagtived from the issuance (and/or reduction) of dellawing
Bradshaw et al. (2006). See Table 2 for the défimit of other variables. All independent variatdes
standardized to have a zero mean and unit varfant¢be sample analyzed. | reports p-values basestandard
errors clustered by firm in parentheses. The symhof*, and *** denote significance at the 10%, 5%nd 1%
levels, respectively, in two-tailed tests.
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