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Abstract

Credit rating actions could discipline management to improve asset allocations,
but may also trigger corporate responses to alleviate financial constraints. We
investigate which effect (if any) dominates, using corporate asset sales as a lab-
oratory. Our empirical tests are guided by a novel model that can generate both
effects and yields several predictions to distinguish the two channels. We find
empirically that firms conduct more asset sales following downgrades. Our model
and a novel placebo test mitigate omitted variables concerns regarding this result.
Further tests provide evidence that strongly points towards a financial constraints
effect and hardly to a discipline effect.
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also trigger corporate responses to alleviate financial constraints. We investigate which
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1. Introduction

In this paper, we empirically study whether rating actions by credit rating agencies (CRA)
have real effects on corporate decisions. In particular, we investigate whether credit rating
actions impose or facilitate monitoring and discipline by public creditors. The monitoring
role of CRAs may be important, since public debt typically contains relatively few clauses
to protect creditors from agency conflicts, compared to private credit agreements (Billett
et al., 2007). Similarly, Diamond (1991), argues that dispersed ownership or ownership
by information insensitive investors of public debt allows for free-riding in monitoring and
information production. This would further inhibit monitoring at the individual investor’s
level. CRAs may fill this void by acting as delegated monitors and tacitly improving corpo-
rate decisions (Boot et al., 2005).! However, rating actions may also unintentionally tighten
financial constraints, raise the cost of capital, and deteriorate the firm’s financial condition
(Kisgen, 2007; Manso, 2013). Accordingly, rating actions may have an alternative effect
and induce corporate decisions aimed at relaxing these additional financial constraints. We
label these channels as the discipline and the financial constraints channel, respectively.

Understanding whether and how rating actions affect corporate decisions, is important
for corporate executives, financial investors, and other stakeholders alike. Survey evidence
consistently reveals that corporate executives consider credit ratings important in their
decision making (Graham and Harvey, 2001). Moreover, only scant research is available on
the effectiveness of creditor governance in the case of dispersed public debt, despite ample
evidence of creditor governance induced by private creditors (e.g., covenants in bank loans).
Yet, a continued increase in focus on market-based financing and diminished reliance on
banks warrants more research in this area.”? In fact, even for bank debt, there has been
a recent emergence of credit agreements sans protective covenants, referred to as “cov-
lite” loans, which may erode the effectiveness and relative importance of private credit
monitoring vis-a-vis public credit monitoring (Becker and Ivashina, 2016).

Empirically, we use corporate asset sales as a laboratory to identify real effects of credit
rating actions and their underlying channels. Among several material corporate decisions
through which firms may respond to ratings actions, asset sales provide an attractive back-
ground for our research question for several reasons. First, in order to identify real effects

of downgrades, discrete, more irreversible, and stock-based events, such as asset sales, gen-

'"Ramakrishnan and Thakor (1984) and Millon and Thakor (1985) further argue that actions by CRAs
could improve informational efficiency in public debt markets at issuance.

2See, e.g., the FEuropean Commission through the Capital Markets Union Initiative:
https://ec.europa.eu/info/business-economy-euro/growth-and-investment/capital-markets-
union/what—capital—markets—union_en


https://ec.europa.eu/info/business-economy-euro/growth-and-investment/capital-markets-union/what-capital-markets-union_en
https://ec.europa.eu/info/business-economy-euro/growth-and-investment/capital-markets-union/what-capital-markets-union_en

erate superior signal-to-noise ratios compared to continuous flow variables. Second, asset
sales are meaningful corporate responses under either channel and hence, we have power to
identify either if present.?

As a first step in guiding our empirical analyses, we set up a simple static agency model
that yields several testable predictions with respect to real effects of rating actions. In the
model, we derive optimal responses of corporate executives to rating changes in the context
of managerial agency problems and traditional capital structure tradeoff theory considera-
tions. Depending on model parameters, negative rating actions (such as downgrades and
negative watchlists) may impose discipline on managers, resulting in a more efficient allo-
cation of the firm’s productive assets. This happens when private benefits of opportunistic
behavior are small compared to the associated productivity losses. However, the model also
shows that in response to negative rating actions managers may optimally undertake ac-
tions aimed at relaxing financial constraints through asset sales. This happens when private
benefits of opportunistic behavior are large compared to the associated productivity losses.
The model provides several other empirical predictions, for example with respect to asset
liquidity, which help to distinguish between these two non-mutually exclusive channels.

Our model yields several testable implications, which guide our empirical tests. One
of the main predictions is that firms respond to negative ratings actions through, among
other things, corporate asset sales. We show empirically that the incidence of asset sales
indeed increases sharply in response to rating downgrades for the sample period 1990-2015.
In terms of economic significance, our base model estimation shows that asset sale are 45%
more likely to occur after a rating downgrade. These results continue to hold when we
control for prior credit watchlist placements.? Interestingly, negative watchlist placements
also increase the incidence of asset sales significantly (39%). Following Chava and Roberts
(2008) and Roberts and Sufi (2009), we include covenant violations as an additional control
and find that these violations are another strong predictor of assets sales, even for firms
with access to the public debt market. However, their inclusion leaves the effect of rating
downgrades intact, showing that they affect corporate actions over and beyond the effects
of private creditor monitoring. These results are robust to the inclusion of a comprehensive
set of credit risk-related variables, other firm and deal characteristics, and various fixed

effects.

3 Alternative responses to rating actions, such as capital expenditures (CAPEX) and payout policies, are
difficult to interpret in terms of asset allocation decisions within and across firms. For example, CAPEX
within a firm may be sub-optimal even when they occur under the most efficient owner. Payout policies
may reflect financial constraints, but are difficult to interpret in terms of asset allocations within a firm.

“Watchlists are indications of planned rating changes in the absence of improvements (negative watch) or
adverse events (positive watch). As such, negative watch events may be more closely tied to monitoring than
rating changes. Failure to account for watchlist events may bias against finding evidence for the discipline
hypothesis.



The model also provides several insights that help alleviate identification and robustness
concerns. Most importantly, the model shows that negative rating actions still cause asset
sales in the presence of a deterioration in creditworthiness, which in itself could lead to
discipline and tighter financial constraints. This theoretical result mitigates concerns about
endogeneity and biases caused by omitted variables. The necessary conditions for this result
are that ratings deteriorate together with credit quality, ratings are coarse, and that ratings
have institutional importance (all of which are easily met).

We also perform several empirical tests to alleviate endogeneity concerns. Our specifi-
cation with covenant violations also addresses omitted variables. Omitted variables which
would affect the likelihood of asset sales would arguably also affect the likelihood of covenant
violations. Covenant violations then proxy for such omitted variables, even if these omitted
variables themselves are unobservable. Similarly, we would expect these omitted variables
to correlate with market-based measures of credit risk, such as Moody’s KMV Expected
Default Frequencies™ (EDFs) and credit spreads.” Yet, our results continue to be statis-
tically and economically significant when we include these measures as controls.

The last empirical test to alleviate omitted variable concerns is a novel type of placebo
test. In this test we exploit the sluggishness and conservatism in rating updates (Altman
and Rijken, 2004). The through-the-cycle approach employed by CRAs combined with
conservatism in rating migrations makes it highly likely that an important part of the
information underlying rating changes was already publicly available earlier. Accordingly,
we define placebo downgrade and upgrade indicator variables, which we shift one year prior
to the actual rating change (see Fig. 1). Based on the premise that downgrades cause asset
sales (which typically take less than a year to organize), we should not see an increase in
asset sales in the year prior to the rating change, but only in the period following the rating
change.® Alternatively, if omitted public information drives our results, we expect to see
an increase in asset sales in the year before the rating change, and not per se for the year
after. We find a robust increase in asset sales (45%) in the post-downgrade period, but
no material increase (1%) in the pre-downgrade period. The placebo results are robust to
excluding larger asset sales, which arguably would take longer to organize, or to excluding

asset sales announced within a half year after the placebo. These additional tests support

5We are grateful to Moody’s Analytics for sharing the data on EDFs with us.

5Sluggishness in corporate actions results from the need for shareholder approval or when state-level
corporate statutes contain provisions that permit shareholders to dissent from certain corporate actions or to
seek a court directed appraisal of their shares under certain circumstances by following specified procedures.
However, because contract law and the business judgment rule govern regular asset sales, as opposed to
corporate law, asset sales are a relatively quick divestiture mechanism with few disclosure requirements
and minimal need for shareholder approval or participation (e.g., Hege et al., 2008). Firms are able to
conduct (partial) asset sales typically in a matter of just a few months and much quicker than other forms
of corporate divestitures. See, e.g., https://corpgov.law.harvard.edu/2017/07/27/when-a-piece-of-
your-company-no-longer-fits-what-boards-need-to-know-about-divestitures/


https://corpgov.law.harvard.edu/2017/07/27/when-a-piece-of-your-company-no-longer-fits-what-boards-need-to-know-about-divestitures/
https://corpgov.law.harvard.edu/2017/07/27/when-a-piece-of-your-company-no-longer-fits-what-boards-need-to-know-about-divestitures/

the finding that downgrades positively affect the incidence of subsequent asset sales.

In the remainder of the paper, we investigate whether rating downgrades induce firms
to sell assets to improve asset allocation, relax financial constraints, or both. As before, the
model implications drive our empirical tests. In the context of the discipline hypothesis,
asset sales are an opportunity for a firm to reallocate assets more efficiently and improve
its fundamentals through changes on the asset side of the balance sheet (Hite et al., 1987).
In the context of the financial constraints hypothesis, asset sales provide the firm with an
opportunity to raise cash and address financing frictions through changes on the liability
side of the balance sheet (Lang et al., 1995). Our first test considers the reported use of the
proceeds of the asset sale. We find that asset sales are particularly more likely (156%) after
a rating downgrade if the firm intents to use the proceeds to relax financial constraints. In
fact, depending on the specification, the sign on the coefficient for a rating downgrade turns
negative for discipline-based asset sales. When we include negative watchlist placements,
we find that they are positively associated with the incidence of asset sales motivated by
financial constraints. In contrast, we find no association between negative watchlists and
the incidence of discipline-based asset sales.

We conduct a second test that involves a sample of pure-stock spinoffs as an alterna-
tive method to divest assets.” Since these transactions do not involve a cash infusion for
the firm or its shareholders they would not be a logical response to a downgrade in the
context of financial constraints, but could be in the context of discipline and asset reallo-
cation. Consistent with the financial constraint hypothesis, we find that the average rating
for firms that announce spinoffs and for firms that announce asset sales with the purpose
of asset reallocation are similar, and three notches higher than for firms announcing asset
sales aimed at relaxing financial constraints. This difference is economically and statisti-
cally significant. Moreover, we find no relation between downgrades and the likelihood of
subsequent spinoffs, irrespective of whether we consider negative watchlists. Importantly,
negative watchlists also do not predict subsequent spinoffs.

Our third test is a corollary of the financial constraints hypothesis. Our model differ-
entiates the effect of transaction costs between the two channels. If the goal of the asset
sale is to relax financial constraints, transaction costs are particularly undesirable because
the firm’s marginal utility of cash is high. In contrast, if the goal of the asset sale is to
only improve the allocation of assets, the marginal utility of cash is unaffected. Therefore,
there is a positive interaction effect between asset liquidity and negative rating actions on

the likelihood of conducting asset sales under the financial constraints channel. There is

"We are grateful to our AFA discussant, Mariassunta Giannetti, for this suggestion.



no such interaction effect under the discipline channel. Note that the interaction effect is
over and beyond the baseline effect that illiquid assets are more difficult and costly to sell
irrespective of what motivates the asset sale (Shleifer and Vishny, 1992).8 In line with the
financial constraints channel, we find that the relation between rating downgrades and the
likelihood for asset sales is stronger when asset redeployability is higher. For example, the
marginal impact of a recent downgrade on the likelihood of announcing an asset sale is
roughly four times higher in the highest than in the lowest decile of asset redeployability.

In the last section, we ask if rating actions matter for which assets the firm sells. We
match asset sales to segment data and conduct inter- and intra-firm analyses. We find no re-
lation between downgrades and the likelihood of selling non-core segments or segments that
underperform their industry peers, irrespective of prior watchlists. However, downgrades
increase the likelihood of selling segments with high asset redeployability, poor cash flow
performance, and high growth opportunities by 10 percentage points. This suggests that
firms respond to financial constraints, but not necessarily seek to improve the allocation of
productive assets after negative rating actions. While it may be challenging to distinguish
unambiguously between the financial constraints and disciplinary channels based on any
test alone, in concert the evidence suggests that financial constraints is the more dominant
explanation for why firms respond with asset sales after negative rating actions.

We contribute to several strands of literature. First, we add to the literature on creditor
governance, which primarily focuses on private credit agreements and discipline imposed
by debt covenants (Chava and Roberts, 2008; Roberts and Sufi, 2009). For dispersed
public debt, we find that rating actions matter in explaining assets sales over and beyond
covenants, but are poor substitutes for monitoring actions around covenant breaches.

Our findings also complement a growing literature on the real effects of credit rat-
ings. On the theory side, there are models that relate to the discipline channel (e.g., Boot
et al., 2005) and models that relate to the financial constraints channel (e.g., Goldstein
and Huang, 2018). We contribute by providing a model that integrates both channels and
derives testable implications to delineate between these two channels. The empirical lit-
erature on the real effects of credit ratings is divided on the underlying channels. Kisgen
(2006) and Kisgen (2009) show that ratings affect capital structure decisions and the cost
of capital. Bannier et al. (2012), find that CAPEX reduces after downgrades and attribute
this to managerial discipline. By contrast, Begley (2015), however, finds that firms boost
EBITDA prior to bond issues close to key Debt/EBITDA thresholds, as emphasized by

8The interaction effect may be negative for severely distressed firms that conduct fire sales of even
their more illiquid assets. Because of the illiquidity, they would need to sell more of them. We exclude
severely distressed firms in from or sample. To the extent that such firms remain in the sample, our positive
interaction effect would understate the true effect.



CRAs. This happens at the expense of long-term performance and value, which suggests a
financial constraints channel. We contribute to this empirical literature and provide addi-
tional evidence that, on balance, the financial constraints channel dominates the discipline
channel. In doing so, we use changes in stock rather than flow variables, which (arguably)
provide us with a better signal-to-noise ratio.

Two related papers also use stock variables (M&As) in the context of credit rating
effects. Harford and Uysal (2014) show that not having a credit rating leads to under-
investment in acquisitions. Aktas et al. (2017) show that rating levels and changes affect
corporate acquisitiveness. Our focus on asset sales and spinoffs, which exploits firm and
segment level data, provides us with a more direct way to analyze whether ratings affect
financing and asset allocation decisions and if so, which channel dominates.

Our paper also contributes methodologically to the literature on the real effects of credit
ratings by developing novel strategies to mitigate identification concerns. The model we
put forward can also be used in other studies that investigate effects of credit ratings on
operating, allocation, or financing decisions. Moreover, to the best of our knowledge, the
type of placebo test we use has not been used before and can also be used by other studies
that investigate effects of ratings.

Finally, our paper contributes to the asset sales literature, which shows that firms sell
small, liquid, and non-core assets, which leads to improved firm performance and reduced
costs associated with cross-subsidization.” As such, the motivation for asset sales can
originate from discipline or financial constraints. We provide evidence that in context of

rating changes, the financial constraints channel is strongest.

2. A simple model

In this section, we introduce a simple static agency model of real effects of rating actions
on asset allocation and capital structure decisions (proofs in appendix). This framework

yields testable implications that steer our subsequent empirical analysis.

2.1. Intuition of the model

We set up a simple static agency model with a manager who makes investment decisions
while facing financial frictions. The manager can choose to invest in two types of assets:
core and non-core assets. Non-core assets offer private benefits to the manager, but the
firm cannot efficiently use them. Crucially, operating non-core assets also impairs the firm’s

credit rating. The manager’s compensation is partially performance-based. He trades off

9Eckbo et al. (2013) provide a detailed summary of this literature.



private benefits from holding non-core assets with lower performance-based compensation
resulting from inefficient use of non-core assets. If private benefits are sufficiently large, the
manager optimally invests in non-core assets at the expense of investors.!’

In our model, the manager also makes financing decisions under the conventional tradeoff
theory. Financing decisions affect the manager’s utility through the cost of capital. As the
credit rating exogenously decreases, the cost of capital increases.'’ The manager optimally
responds by either lowering leverage (the financial constraint channel) or by selling non-
core assets (the discipline channel).!? Assuming that asset sales are the most cost-effective
way to reduce leverage, both channels predict an increase in assets sales following negative
rating actions. We also derive under which conditions the discipline or financial constraint
channel are at work following negative rating actions.

We derive additional predictions by enriching the model with transaction costs and con-
founding variables (both affect financial constraints channel more than discipline channel),

as well as omitted variables (we show that rating actions matter over and beyond).

2.2. Model setup

Consider a multi-segment firm with a core and a non-core segment, indexed by ¢ and nc,
respectively. We also assume that the risk of both segments is identical, for expositional
purposes. Finally, we assume that the firm is fully proficient in its core activity, but receives
a discount § € (0,1) on the profits of its non-core activities, such that IRR. = §IRR,,
where I RR, refers to the internal rate of returns for a segment x. The (expected) internal

rate of return for the company (I RR) is given by

1C. I1C.
70 IRR. + C

IRR = IRR,,, (1)

where IC, refers to segment-specific invested capital and IC = IC. 4+ IC},.. The cost of

capital r is defined as

D D 2
r=7Te— VTTd + (av + bCR> , (2)

where T' is the corporate tax rate, r, is the cost of capital for an unlevered firm, % is the

leverage ratio, C'R is the rating level (where a higher value for CR corresponds to a worse

0This is line with Boot (1992), who argues that misaligned managerial incentives result in managers
rationally holding on to incompatible assets for too long.

"Several papers (see e.g., Bongaerts et al., 2012; Ellul et al., 2011; Kisgen and Strahan, 2010) empirically
show that ratings, through regulatory importance, influence yield spreads. Opp et al. (2013) and Goldstein
and Huang (2018) analyze the role of such regulatory importance of ratings theoretically.

2The latter is in line with Boot et al. (2005) who shows theoretically that ratings can act as coordination
mechanisms and that negative watch list procedures of CRAs serve as implicit monitoring contracts.



rating), rq is the pre-tax cost of debt, and v is a weighting parameter on financial distress
costs. The second term in Eq. (2) refers to the tax shield and the third to financial distress

costs. The firm creates economic value

EVA=(IRR - r)IC (3)

per annum. We assume the following expected utility function of the CEO:

where [ reflects private benefits of non-core operations (e.g., empire building). The EV A
term reflects performance-based CEO incentives (normalized to 1 without loss of generality).
For the moment, we assume transaction costs to be zero for asset sales and to be strictly

positive for any other means of adjusting leverage.

2.3. CEO private value maximization

We derive the (privately) optimal financing structure as well as conditions under which the
CEOQ invests in the non-core segment. Investing in the non-core segment may be privately

optimal if private benefits from doing so exceed the associated loss in EV A.

Lemma 1. Given a rating, the optimal leverage ratio is given by

B * . —QGbCR—f—’YilTTd
V) 2a? ’

The CEO optimally holds on to the non-core segment if

r* < IRRp. + 3, (6)

where 1* is given by (2) evaluated at (%)*

Now assume that /RR,. < r*, but that the CEO holds on to segment nc ((6) satisfied).
Moreover, assume that owning segment nc would initially be irrelevant for the credit rating
due to rating coarseness (see Goel and Thakor, 2015). Now exogenous economic adversity
causes the rating to deteriorate to CR’ > C'R. Moreover, assume that this shock just puts
the firm over a rating threshold, such that the negative rating action can be undone by
selling segment nc to a better user. We can now derive whether the CEO optimally sells

the non-core segment or reduces leverage in response of the changed rating.



Proposition 1. In response to the rating deterioration, the CEQO lowers leverage to

= ) (7)

<D>*/ _ —2abCR +~'Try

\% 2a?
if
/ I nc I nc I (& *
r*§(5+RR)C +C'7“’ @)
IC,. + IC",

where ™ is given by (2) evaluated at (g)* and CR' and IC. is the invested capital of
segments ¢ after the leverage reduction. Otherwise the CEQ sells segment nc and leaves

leverage unchanged.

Proposition 1 shows that if Condition (8) is satisfied (i.e., the financial constraints chan-
nel dominates), negative rating actions lead to leverage reductions, which in this case are
funded by asset sales.'® Proposition 1 also shows that the negative rating action increases
pressure to sell segment nc in two ways. Even if financial constraints are partially allevi-
ated by reducing leverage, the reduced tax-deductability further impairs the profitability
of segment nc, thereby tightening condition (6). The reduced tax-deductability also gives
rise to an intra-firm spillover effect by making segment c less profitable. These effects are
broadly consistent with Boot et al. (2005), who shows theoretically that ratings can act as
coordination mechanisms and that negative watch lists of CRAs serve as implicit monitor-
ing contracts. By assumption transaction costs are zero for asset sales and strictly positive

for other ways of reducing leverage. Therefore, we get the following testable implications:

Implication 1. Negative rating actions increase the likelihood of asset sales, irrespective

of whether the financial constraints or discipline channel is at work.

Implication 2. Under the discipline channel, non-core, and poorly performing segments

are more likely to be sold following negative rating actions.

Under the assumption that companies truthfully report the purpose of their asset sales

we immediately get another implication:

Implication 3. Negative rating actions primarily induce asset sales with leverage reduction
purpose when the financial constraints channel dominates and primarily induce asset sales

with restructuring purpose when the discipline channel dominates.

BEmpirically, Lang et al. (1995) show that asset sales are an important source of financing when firms
are otherwise financially constrained and Officer (2007) show that firms who announce asset sales have lower
bond ratings and are financially more constrained than firms that do not.



2.4. Transaction costs and other ways of reducing leverage

Now assume that there are two core segments, c1 and c2. Denote the asset liquidity of
segments x by l,. Liquidity [, is defined as the proportional secondary market value (relative
to true value), such that proportional transaction cost are given by 1 —[,. For tractability,
assume that segments are infinitely divisible, such that the desired reduction in leverage
can be exactly achieved. Also assume that there is an outside option to reduce leverage,
such as a Seasoned Equity Offering (SEO), denoted by s with proportional transaction cost
1—1s.

A crucial insight of our analysis is that the effective transaction costs for selling assets
aimed at reducing leverage are higher than those for other asset sales. The reason is that
transaction costs reduce transaction revenue and therefore require to be larger to achieve
the desired leverage reduction. This size increment is costly since it involves additional

transaction costs.

Lemma 2. The effective transaction costs for selling assets from segment k to generate a

unit of cash equal (i —1) > (1 —1I).

Lemma 2 immediately implies that liquidity-induced transactions have higher effective

transaction costs than other transactions.

Implication 4. Transaction costs matter for asset sales aimed to reduce leverage over and

beyond to how they matter for other types of asset sales.
We now derive the main proposition of this section.

Proposition 2. In response to the rating deterioration, the CEO lowers leverage to

D\* [ D* —2abCR +~ ' (Trq+ 1t rV)
v) oy 202 ’ (©)
if
o o (B IRRu)ICre 171G, 4 IRRICL—1C) + (1= b)ICuery 10
o= ICpe+IC ’
where
DU VBB (DN
=y — T 11
r T L + L +vla v +bCR'| (11)
k* =arg  max g, (12)

ke{cl,c2,nc,s}

10



V' is firm value, vy is the risk-free rate, and IC} is the invested capital of segments c1 and
c2 together after the leverage reduction. Otherwise the CEQO sells segment nc and leaves

leverage unchanged.

Proposition 2 shows that if Condition (10) is violated, the non-core segment is sold and

leverage is unaffected. An efficient way to achieve this is by doing a spinoff.

Implication 5. The likelihood of spinoffs following negative rating actions is higher only

under the discipline channel.

Proposition 2 accounts for other ways to reduce leverage than asset sales. Hence, our
focus on asset sales may only allow us to capture part of the real effect of rating changes.

This leads to the following robustness result.

Robustness Result 1. Transaction costs would prevent some assets sales from happening.
This works against finding empirical evidence for Implication 1.

2.5. Incorporating other characteristics

Now assume that financial distress costs are not only driven by ratings and leverage, but
also by another characteristic X. To focus on the effect of X, we assume markets to be

perfectly liquid and no outside options to be available. We have that

D D 2
r:ra—vTrd+'y<aV—|—bCR+cX> , (13)

D D\? D D
=ra— Tt ((av> +b°CR? + * X7 + 2ab; CR + 202 X + 2bcCRX> . (14)

We derive the optimal leverage and the condition keep the non-core asset as before.

Lemma 3. Given a rating, the optimal leverage ratio is given by

D\™ _ —2a(bCR+cX) + v 'Try (15)
1% N 2a2 '
In this setting, the CEQO optimally holds on to the non-core segment if
r*** < IRRp. + f3, (16)

where ** is given by (13) evaluated at (%)***

Other characteristics may be important as these could give rise to omitted variables con-
cerns or interfere with the predictions derived before (confounding characteristics effects).

We first address the omitted variable concern. Because ratings are coarse, a deterioration
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in X to a level X’ affects the credit rating with strictly positive probability. It follows
from (15) that under the financial constraints channel, the optimal leverage adjustment is
larger if X’ results in a rating deterioration. It follows from (16) that under the discipline
channel, the sale of the under-performing segment is also more likely if X’ results in a rating

deterioration (as selling the non-core asset offsets a larger negative utility effect).

Proposition 3. In response to the rating deterioration induced by X', the CEO lowers

leverage to

D\*™  —2a(b(CR + ACRI) + cX') + v 'Trq a7
\% - 2a? ’
if
, + IRR,)ICye + IC*
ok ok (/8 ) Ich—o (18)

Ten=1 = ICpe+ IC!, ’

where 1., is an indicator function that equals 1 in case of a rating change and 0 otherwise,

ACR=CR — CR, and 7'}::/ is given by (13) evaluated at (%)***/, X' and I,.

Hence, even if a rating change is induced by a change in credit quality that matters
by itself for financial distress costs, there is an incremental effect on the likelihood of asset

sales under both channels caused by the rating change.

Robustness Result 2. Rating changes driven by deteriorations in credit risk induce asset
sales over and above the effect of credit risk deteriorations on their own, irrespective of the

channel at work.

Next, we address the confounding characteristics effect. We show the effect of confound-
ing characteristics for both the discipline channel and the financial constraints channel. In
the financial distress component of Eq. (14), there is an interaction term with leverage,
which influences leverage choices. As a result, asset sales that attenuate financial distress
by improving other firm characteristics require smaller leverage decreases than asset sales
that worsen financial distress through their effect on firm characteristics. Since leverage
reductions are costly due to the loss of tax shields, the financial constraints channel predicts
that assets are sold that aggravate financial distress and that assets are kept that mitigate
it. Yet, the sale of the non-core segment involves similar effects (it may require additional
leverage reduction with associated costs). Yet, Eq. (14) also contains the interaction term
2bcCRX. Under the financial constraints hypothesis, the rating is likely to stay poor, so

the effect of this interaction term is large. By contrast, under the discipline channel the
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asset sale is likely to improve the rating, and hence, these characteristics are likely to matter

less. We work this out formally below.

Proposition 4. Assume that selling (from) segment k induces X to change to X_j. In

response to the rating deterioration, the CEQ lowers leverage to

D\ —2ab(CR + ACRIy + cX_j+) + 7T 19)
v N 2a2 ’
if
, IRR,)ICy. + 17 1C, + IRR.(IC., — IC,
A Chs JICne + + ( ) (20)

= ICpe+ IC! ’

where " is given by (13) evaluated at (g)***” and X_p«, v is given by (13) evaluated

—nc

at (§)"™" with k = ne and Iy = 0, and

k* = i X k. 21
are ke{c{{lcg,lnc,s} b ( )

Otherwise the CEO sells segment nc and changes leverage to a level that incorporates X _pe.

Implication 6. Confounding characteristics matter more for leverage-reducing assets sales

than for asset sales aimed at improving asset configurations.

In summary, our model predicts that negative rating actions lead to an increase in asset
sales. It also generates several robustness results that mitigate concerns about omitted
variables and alternative responses to negative rating actions in our subsequent empirical
estimations. Finally, the model generates several predictions that can help us delineate

between a discipline channel and a tightening of financial constraints channel.

3. Data and sample design

In this section we describe the data sources and explain the formation of the full sample
(containing all U.S. listed corporates), the asset sale sample, and the sample with segment

data.

3.1. Full sample

We begin with a sample that includes the Compustat universe of listed corporates in
the U.S., excluding firms with total book assets less than $75 million (measured in 1990
inflation-adjusted dollars), financial firms (SIC 6000 to 6999) and regulated utilities (SIC
4900 to 4999) during the period 1990-2015. We collect accounting data from Compustat and
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data on the top-5 executive shareholdings (in %) excluding options from ExecuComp. We
collect S&P long-term credit ratings from Compustat Ratings and use the CRSP database
to collect data to construct the size-age (SA) index to proxy for financial constraints fol-
lowing Hadlock and Pierce (2010).

We use the asset redeployability measure from Kim and Kung (2016) as a proxy for
liquidity to test Implication 4.'* Asset redeployability is an important determinant of
liquidation values and debt capacity (Williamson, 1988). Their measure is also a good proxy
for liquidity as there is likely more asymmetric information about segments that employ
specific assets, search costs are likely to be higher due to fewer potential buyers, and industry
shocks translate into more correlated ‘funding liquidity’ shocks for potential buyers. The
academic literature has identified asymmetric information (Glosten and Milgrom, 1985;
Kyle, 1985), search costs (Duffie et al., 2005), and funding liquidity shocks (Brunnermeier
and Pedersen, 2008) as key drivers for liquidity in securities markets. Specifically, we
include in all our tests the baseline measure of Kim and Kung (2016) that uses the market
capitalization of firms in a given Bureau of Economic Analysis (BEA) industry. However,
we note that we generally find even stronger results when we use their alternative definition
of redeployability that incorporates both across and within industry correlation of firm-level
output, but for brevity do not report these results except for Appendix Fig. B.1 described
in Section 4.3.3.1> While this alternative measure has less cross-sectional variation, we
believe this result is important because it shows that the extent to which credit rating
downgrades exacerbate financial constraints is higher in periods of industry distress.

Finally, we collect watchlist data from Bloomberg for our entire sample period. Since
Bloomberg does not have identifiers that can easily be matched to our company data, we
match these data by name. We manage to automate this process for a sizeable fraction
of rated firms in our sample. For the remaining rated firms we compose a set of suitable
candidate matches (if any), which we match by hand. Only if we are certain about a
manual match we include it. We also cross-check with the letter rating. Naturally, this
procedure is far from ideal. Consistently, we only match a subset of rated firms. Therefore,
the specifications with only rating changes are our baseline specifications and we use the
specifications that also include watchlist placements as robustness checks, which we report
in Appendix B (except for Table 4, which includes watchlists).

Our sample contains 835,926 firm-month observations, with 8,980 unique firms (i.e.,

14 An advantage of this measure is that it captures both asset specificity and liquidity, but is not transac-
tion based. Given that our dependent variable is transaction based and to avoid potential endogeneity, we
prefer the Kim and Kung (2016) measure as an independent variable instead of transaction-based measures,
such as the asset liquidity measure in Schlingemann et al. (2002).We are grateful to Hyunseob Kim and
Howard Kung for making these data available to us.

5 The results are available upon request from the authors.
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with unique GVKEY identifiers in Compustat). Out of these, 3,253 firms (36.2%) have an
S&P credit rating at any point of time in the sample period. Of the firms with a credit
rating, 58% (47.8%) experience at least one credit rating downgrade (upgrade) during the
sample period. Table 1 provides definitions of the variables we use in our analysis and the

first four columns in Table 2 provide summary statistics for our full sample.

3.2. Asset sales sample

We collect corporate asset sales announced during the period 1990-2015 from the Securities
Database Corporation Refinitiv (SDC) Special Mergers Sectors Database. We include all
target firms where the ultimate parent is a publicly listed firm in the U.S. and the re-
structuring event is completed and listed as a restructuring, equity carve-out, subsidiary
acquisitions, or divestiture according to SDC. We also include deals labeled by SDC as
seeking buyer, but exclude stock swaps, pooling of interest, reverse take-overs and reverse
Morris trusts. We remove observations if the transaction value is less than $10 million
(measured in 1990 inflation-adjusted dollars), or if we are unable to match the ultimate or
immediate parent of the target with the comprehensive sample described above. We collect
a separate sample of spinoffs from SDC based on the same criteria as for our sample of asset
sales and verify that they do not coincide with the issuance of securities to outside investors
or the sale of other assets for cash. We use this sample of alternative restructurings in a
separate analysis to test whether we find similar results as we find for asset sales. Since
spinoffs typically do not involve a cash infusion for the firm, it is unlikely that financing
needs motivate these transactions.

These criteria result in an initial sample of 16,304 completed assets sales. We match
these deals to parent companies as follows. We take the target immediate parent and ulti-
mate parent CUSIP from SDC and match those to the PERMNO and PERMCO identifiers
from the CRSP file in the fiscal year before the announcement. Usually the immediate par-
ent and ultimate parent coincide. If they do not coincide, we take the immediate parent.
We delete deals that match only on the Target CUSIP field in SDC. We then match each
SDC deal number to the acquirer PERMNO and PERMCO identifiers and merge in the deal
numbers, deal characteristics, acquirer and target parent identifiers (PERMNO/PERMCO)
into our sample of firm fundamentals. Our final sample includes 4,974 asset sales, performed
by 1,657 firms (i.e., with unique GVKEY identifiers in Compustat).

For this sample, we collect data on the use of proceeds from SDC. We label the asset
sales as financial constraints motivated if the firm (seller) intends to use the proceeds of

the asset sale to pay down existing debt or to raise cash (247 deals or 5%). We label the
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asset sale as disciplinary if the firm reports the intent to concentrate on core business or
assets or if the sale involves a loss making or bankrupt operation (431 deals or 9%). For all
remaining cases (over 80%), SDC reports no data on the seller’s purpose (either no data
or only buyer purpose), only other seller purposes (approximately 5% of asset sales), or
includes both financial constraints and disciplinary purposes (<0.5% of asset sales).'® We
label those asset sale as ambiguous.

We also collect data on rumored, uncompleted, pending, intended, partially completed
deals and deals with seeking buyer announcements. We label these as ‘failed deals’ and use
these in a robustness test to mitigate concerns regarding selection bias or limited external
validity.

We also include non-rated firms and asset sales by non-rated firms as a control or
benchmark sample and include rating fixed effects (having a rating at all or the particular
rating) with rating fixed effects. Moreover, these observations help with estimating the
effect of other covariates more precisely. Columns (4) to (8) in Table 2 show summary

statistics for this sample.

3.3. Asset sales with segment-level data

Finally, we construct a sub-sample firms that conduct asset sales for which we have matching
segment data. To do so, we match each asset sale by a multi-segment firm to a corporate
segment using the Compustat Segment File. In total, there are 2,023 asset sales done by
multi-segment firms. As SDC does not contain segment identifiers, we proceed as follows.
First, we check whether the 4-digit SIC code for the asset sale (reported by SDC) uniquely
matches the primary or secondary 4-digit SIC code in the Compustat segment file. If
so, we keep this match. This procedure yields 625 unique matches. For the remaining
observations, we repeat this procedure based on a 3-digit SIC code match. This gives us
118 additional matches. We match the remaining observations manually, where we compare
the deal synopsis, as reported in SDC, with the 10-K filings in EDGAR. This procedure
produces another 867 matches for a total of 1,610 observations.!”

We match the event, as reported in SDC, with a specific segment for 1,610 assets sales.
For these firms, we collect the following additional data items from the Compustat Segment
File: Total Identifiable Assets (IAS), Operating Profit (OPS), Sales (SALES), Capital
Expenditures (CAPEX), and Depreciation and Amortization (DPS) of all segments of the

seller firm in the year before the asset sale, and the number of operating segments. These

16Most of these ”other motivations” are either regulatory or classified as general purposes.
"EDGAR only provides data on filings from 1994 onward. Because of this, we lose a few observations
in the beginning of our sample period.
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data fields have the best coverage at the segment level. We construct for each segment the
following performance measures: operating profitability (OPS/IAS), profit margin (OPS /
SALES), turnover (SALES / IAS), Cash Flow ratio ((OPS + DPS) / IAS), and Net Cash
Flow ratio ((OPS + DPS — CAPEX) / IAS). For each segment, we determine whether it
is the highest or lowest, or in the upper or lower half within the firm with respect to each
of the performance and CAPEX measures. In addition, we compare each sold segment to
other segments in the same 2-digit SIC industry for all performance measures and record
whether it is in the top or bottom half of that industry.

The final four columns in Table 2 present summary statistics for the segment sample.
A comparison of firm characteristics, between the asset sale sample and the sub-sample
with segment data, shows that firms in the asset sales sample experience more credit rating
downgrades and have higher S&P credit rating. They are also larger, have more short-term
debt (Rollover), higher profitability and ROA, lower capital expenditures and investments

in R&D, and a higher financial constraints index (SA index).

4. Results

4.1. Credit rating changes as a determinant of asset sales

Our first empirical prediction is that negative rating actions have real effects. Specifically,
we predict that the incidence of asset sale announcements increases in response to negative
rating actions (Implication 1). To this end, we estimate a Cox proportional hazard model
on the time it takes (duration) for an asset sale to take place. A duration model is in our

view the ideal methodology to get at this question. Our baseline model is as follows,

A(8|Xi¢) = Ao(s) exp (ﬁl X Rating downgrade (0,1)+

B2 x Rating upgrade (0,1) + 'Y, + Z;,t>7 (22)

where A(s|X;;), is the asset sale hazard rate (or intensity) for a firm 7 at time ¢ that has
survived for s periods and with covariates collected in vector X;;. Ao(s) is the (common)
baseline hazard rate for a firm that has not seen an asset sale for s periods.'® The vector
X, collects the following covariates: Rating downgrade (0,1) (Rating upgrade (0,1)) is a
dummy that equals 1 in case of an S&P credit rating downgrade (upgrade) over the last
12 months, and 0 otherwise; Y;; is a vector that contains time-varying firm-specific and

potentially industry-wide control variables; z;; is a vector of fixed effects. Our spells in

'8 The Cox proportional hazard model is convenient, as the baseline hazard rate Ao(s) falls out, which
facilitates estimation (Cox, 1972, 1975).
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which firms are at risk start at the first observation of the firm in question, or in case of
multiple events per firm the month after the previous event.

We estimate our Cox model on the whole universe of US corporates, properly ac-
counting for the effects of censoring and truncation. Our key explanatory variable is
Rating downgrade (0,1). Since several downgrades are preceded by negative watchlist
placements, we also include specifications which include watchlist placements and also look
at the effects of negative credit watches. Since our rating data are of better quality than our
credit watch data, our main specification does not include watchlist placements. Our speci-
fications include a comprehensive set of controls for credit risk, firm performance, leverage,
alternative forms of credit monitoring, and several fixed effects (see Table 1 for variable
definitions). In our main hazard specification, we include levels of all controls. To rule
out that it is not levels, but changes in credit risk that could drive both rating changes
as well as asset sales, we also include a specification in which we include changes rather
than levels of all our control variables. Depending on the specification, we include industry,
time, industry-time fixed effects, and industry medians of the firm-specific covariates. We
update all covariates on a monthly basis and make sure that for an observation in month
t, we measure the covariates before month ¢ — 1, to ensure that all information we include
was available to management and investors in month ¢t. We first estimate this baseline
model, but to make a causal interpretation more plausible, we propose in the next sections
a comprehensive identification strategy, which, we believe, mitigates potential biases from
omitted unobservable variables.

Table 3 presents the baseline results of our duration analysis based on Eq. (22). In
model (1), we include the respective dummy variables for a credit rating downgrade and
upgrade, a dummy for whether the firm has a bond rating, and an ordinal variable that
assigns higher integer numbers to better credit ratings. In this model, 1 is positive and
highly significant, which indicates that rating downgrades significantly increase the hazard
rate of asset sales and hence accelerate them. Rating upgrades on the other hand have
a negative significant coefficient and lead to a significant delay in the time it takes for
a corporate to announce an asset sale. In model (2), we include a large set of control
variables related to firm’s credit risk profile and financial performance. Specifically, we add
variables previously used in the literature as proxies for credit risk, such as profitability,
leverage, size, tangibility, asset redeployability, financial constraints, governance, executive
ownership, cash buffers, cash flow, growth opportunities, capital expenditures, R&D, and
debt maturity structure. We continue to find a strong positive (negative) relation between

the hazard rate of asset sales and credit rating downgrades (upgrades). In model (3) we add
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time fixed effects, in model (4) we add industry fixed effects (2-digit SIC), and in Model (5)
we add both industry and time fixed effects as well as industry covariates (industry medians
of the firm level covariates). In each specification the relation credit rating changes and
the hazard rate of asset sales continues to be economically and statistically significant. For
example, in model (5), a rating downgrade increases the hazard rate of an asset sale by
about 45% (exp(0.369) — 1). Finally, in model (6) we see that the coefficient on our rating
downgrade indicator variable (1) remains positive and highly significant when we include
timexindustry fixed effects.

The coefficient estimates for many of the control variables are consistent with tighter
financial constraints. For example, higher leverage and more severe financial constraints
trigger asset sales, while high ROA, a high Altman z-score and high cash holdings lower
the incidence rate of asset sales. In model (7), we repeat the specification of model (5), but
include only the first asset sale by a specific firm in the sample. After all, the occurrence of
an asset sale could influence the likelihood of other asset sales going forward, and treating
all asset sales the same irrespective of their order might lead to biases. The coefficient on
the credit rating downgrade remains statistically and economically similar to the coefficient
estimated in model (5), but the coefficient on the credit rating upgrade switches signs and is
no longer significant. In model (8), we address the issue that credit rating up- or downgrades
constitute changes, whereas the covariates in models (1) through (6) relate to levels. To
the extent that changes rather than the level of credit risk matter, we may inadequately
control for credit risk. The results for specification (6) are qualitatively similar to the first
six specifications in Table 3. The effect of rating downgrades is also quantitatively similar.

We next consider the impact of being placed on a credit watchlist by a CRA. CRAs
may put a firm on a watchlist, which indicates that they intend to downgrade a firm if
creditworthiness does not improve (deteriorate). Firms may act following negative watchlist
placements (for example by selling non-performing assets), thereby preventing downgrades
(Boot et al., 2005). Hence, an analysis that focuses solely on actual rating changes may
be biased against finding evidence for the discipline channel. Therefore, we also run our
analysis controlling for recent watchlist placements.

In models (1) through (4) of Table 4, we re-estimate models (2) through (5) from Table
3, where we include indicator variables for a negative watchlist and a positive watchlist in
addition to the rating downgrade and upgrade indicator variables. For brevity, we suppress
the remaining covariates in all subsequent tables with Cox regressions. For each model, we
find that the coefficients on the negative watchlist indicator variable are positive and signif-

icant at the one percent level. In other words, a negative watchlist, like a rating downgrade,
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increases the likelihood for an asset sale. In terms of economic significance, the estimated
coefficient from model (4), for example, translates into an increased likelihood of an asset
sales after a negative watchlist of 39%. The inclusion of the watchlist indicator variables
reduces the coeflicients on the rating downgrade variable a little bit compared to the ones
reported in Table 3. This is natural given the positive correlation (0.36) between the two.
However, each coefficient on the rating downgrade variable (1) remains statistically and
economically highly significant. For example, based on model (4), for example, the like-
lihood of an asset sales still increases by 31% after a rating downgrade over and above
the effect on the likelihood based on watchlists. Therefore, our evidence shows that rat-
ing downgrades and credit watchlists are far from perfect substitutes and that downgrade
decisions matter over and beyond the relation between credit watchlists and asset sales.
In models (5) and (6), we confirm these conclusions based on the specifications with only
the first asset sale event and in terms of changes (as opposed to levels) in the covariates,

respectively.

4.2. Alternative forms of creditor governance and identification

Overall, the duration analysis reported in Tables 3 and 4 shows that rating downgrades are
positively associated with subsequent asset sales announcements. This is consistent with
results reported in the literature that show that ratings correlate with strategic decisions
at the corporate level over and above the effect of credit risk itself (e.g., Aktas et al., 2017;
Kisgen, 2006, 2009). In this section, we address two important issues that facilitate the
interpretation of this association as relevant and, conceivably, causal. First, we analyze
whether credit ratings have an impact over and beyond other established forms of creditor
governance. Second, we address the role of omitted variables and present several approaches

to mitigate identification concerns.

4.2.1. Creditor governance from covenants

We start with the issue of alternative mechanisms for creditor governance and the ques-
tion whether our results are incrementally relevant. The literature on creditor governance
focuses primarily on private credit agreements and finds that covenants constitute binding
constraints (e.g., Chava and Roberts, 2008; Roberts and Sufi, 2009). While firms with
access to the public debt market typically satisfy their long-term financing needs with
bonds rather than loans, some exposure to private credit arrangements may remain such
as through short-term revolving credit facilities. To the extent this is the case, covenant

breaches may render credit rating downgrades redundant and ineffective in terms of af-
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fecting corporate behavior. To address this question, we download the updated covenant
violation data from Michael Roberts’ website and re-estimate Eq. (22), where we include
a dummy variable that equals one if a covenant took place during the last 12 months and
equal to zero otherwise. Since the covenant violation data covers a shorter sample period
than our baseline sample, we shorten our sample for this analysis and also run a specifi-
cation without the covenant violation data to exclude the possibility of sample differences
driving results.

Table 5 presents the results of this analysis. Model (1) shows that shortening the
sample period to cover the covenant data leaves the coefficient on the rating downgrade
and upgrade indicator variables (81 and f2) unaffected. Models (2) to (5) include a control
variable for recent covenant violations and show that covenant violations are statistically
and economically significant. These results corroborate the findings by Chava and Roberts
(2008) and Roberts and Sufi (2009) even for a sample with access to the public debt market.
Moreover, including covenant violations leaves the effect of rating downgrades intact in all
specifications. In short, rating downgrades seem to matter over and beyond covenant

violations.

4.2.2. Identification

Our model yields two important results alleviating identification concerns: (i) the fact that
there may be other ways to alleviate financial constraints would, if anything, work against us
finding effects of rating changes on asset sales (Robustness Result 1) and (i¢) even if a rating
change is induced by a credit risk characteristic that matters by itself for financial distress
costs, the rating change would still yield an incremental effect on the likelihood of asset sales
under both channels (Robustness Result 2). Notwithstanding these two arguments derived
from our model, we present four empirical approaches which, we believe, will further help
mitigate identification concerns, specifically with respect to omitted variables.

First, we note that the addition of the covenant violations to our main specification,
as we described in the previous section, also diminishes omitted variables concerns. Omit-
ted variables related to unobservable credit risk, would arguably also affect the likelihood
of covenant violations. Therefore, covenant violations serve as a proxy for such omitted
variables, even if these omitted variables are not directly observable or even known. The
results in Table 5 show that omitted variables that induce both credit rating downgrades
and covenant violations do not appear to drive our results.

Second, and similar to the argument with respect to covenant violations, we include

market-based measures of credit risk as controls in estimating Eq. (22). To the extent that
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omitted variables related to credit risk affect rating changes and asset sales, these should
also affect the market-based measures of credit risk. Since these measures are market-based,
they reflect information in a forward looking way (as opposed to backward looking controls
such as accounting ratios). The market-based measures we consider are Moody’s KMV
Expected Default Frequencies (EDF) and credit spreads. Conceptually, we prefer credit
spreads as these are more direct measures of credit risk. While widely accepted and used as
measures of credit risk, Moody’s KMV EDF's require more assumptions. Yet, an important
advantage of Moody’s KMV EDF data is that these are available for the full sample, as
opposed to credit spread data, which only start in 2002.

We begin with the specifications that include credit spreads. We download bond yields
from the WRDS Bond Return Data (based on the TRACE Enhanced database). These data
include all bond trades conducted in the U.S. bond markets and are cleaned by WRDS. We
limit the data to senior unsecured corporate debentures and corporate medium-term notes.
We require bonds to have at least one year to maturity left, have a strictly positive yield,
and discard any observations with yields larger than 30%. For each bond, we construct the
yield of a hypothetical treasury bond, as a weighted average of the yields of the two treasury
bonds from the CRSP constant maturity indices for which the (modified) durations bracket
the (modified) duration of the corporate bond in question. The weights on these treasuries
are inversely proportional to the absolute difference in modified durations between the
respective treasuries and the corporate bond, and add to one. The WRDS Bond Return
Data include a matching table, which allows us to match individual bonds to issuers using
PERMCO identifiers. Finally, for every firm x time observation, we create an issue-size-
weighted average credit spread and use this as a control variable.

Since TRACE Enhanced data is only available from July 2002 onwards, we provide
results with and without credit spreads as controls over the part of the sample that starts
in July 2002. We report the results in Table 6. Model (1) shows that the results of our
baseline estimation of Eq. (22) are robust for the sub-sample from July 2002 onwards. In
models (2) to (4) we include credit spreads (avgCS). We add an indicator variable that
equals 1 if the credit spread is missing to models (3) and (4). The coefficients on (avgC'5)
are insignificant and while on rating downgrades (1) remain significant. These results
further mitigates omitted variable concerns.

Moody’s KMV EDFs represent expected default frequencies, which are generated a
modified version of the Merton (1974) model, as laid out in Crosbie and Bohn (2003).
The model behind the EDF's is calibrated to stock prices and and stock return volatilities.

Because of the calibration to stock prices, the forward looking nature of stock prices is
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inherited. Several publications by Moody’s KMV show the usefulness of their EDF measure
in predicting defaults.'?

For our analysis with Moody’s KMV EDFs, we download one- and five-year expected
default frequencies from Moody’s KMV and match these with our other data using CUSIPs.
We run specifications with the one-year EDFs, five-year EDFs, and with both. For brevity,
we only report the most parsimonious model with both EDFs (the others are similar) in
Table 7. The results of this specification are consistent with our baseline results. The
coefficients on the EDF's are largely insignificant, which further mitigates omitted variables
concerns.

Third, we conduct a placebo test where we exploit the empirical fact that CRAs are
relatively sluggish and conservative in their rating updates (Altman and Rijken, 2004). The
through-the-cycle approach employed by CRAs combined with their conservatism in rating
migrations make it highly likely that a material part of the information underlying rating
changes would have been publicly available before the rating changes. In contrast, firms
are able to conduct (partial) asset sales relatively quickly, especially compared to other
forms of corporate divestitures. To illustrate, a recent study by PricewaterhouseCoopers
LLP reports that organizing an asset sale typically takes only a few months to a year,
which is faster than for alternative forms of corporate divestments. This agility in asset
sale decisions is important for our placebo design and avoids spuriousness, because if asset
sales are sluggish too, downgrades may still not cause the asset sale even if the asset sale
occurs after the downgrade. To implement this strategy, we define a placebo downgrade and
placebo upgrade indicator variable set equal to one year prior (t — 1) to the corresponding
rating change in time ¢ (see Figure 1).2 Based on our hypothesis that asset sales are caused
by downgrades and field evidence that asset sales typically take less than a year to organize,
we should not see an increase in asset sales in the period from ¢ — 1 to ¢, but only for the
period from ¢ to t+1. Alternatively, if omitted public information drives our results, we
expect to see an increase in asset sales in the period from ¢ — 1 to ¢ and not, or at least
much less so, for the period from ¢ to ¢+1.

We report the results for the placebo test in Table 8. In model (1) we replicate model (5)

Yhttps://waw.moodys . com/sites/products/productattachments/riskcalc¥203.1%20whitepaper.
pdf

20The period of twelve months in our placebo test is arguably arbitrary. However, there are good reasons
for choosing a shift of this length. First, most companies review financial budgets and strategies annually,
which means this would be the minimal plausible shift. Second, credit ratings within CRAs tend to be
reviewed (at least) annually (S&P Global, 2018). Third, ideally we have no overlap between our regular
measurements of rating changes and our placebos for these to be true placebos. Since the dummies for our
regular measurements range from one to twelve months after the rating downgrade, a twelve months shift
is the minimum shift that preserves this mutual exclusivity condition. If the period of twelve months in
some cases would be too long, we would still capture the full effect, but our coefficient estimate would suffer
from an attenuation bias. In this case, we would still expect to see a sizable positive coefficient on placebo
downgrades (albeit somewhat smaller than when the 12 months period would be ’spot on’).
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from Table 3, but replace the rating change indicator variables with their placebo counter-
parts. The coefficients on the placebo indicator variables are economically and statistically
insignificant and considerably smaller than the coefficient reported in the baseline regres-
sion (0.008 versus 0.369). This suggests that information available prior to the downgrade
does not drive the relation between downgrades and assets sales. Even if a 12-month shift
is too large, we would still expect a much larger and more significant coefficient here if our
results were driven by omitted variables. In model (2) we add the actual downgrade and
upgrade indicator variables and find that the coefficient on the actual downgrade indicator
variable (/1) continues to be positive and highly significant. In contrast, the coefficient on
the placebo version of the downgrade indicator variable loads insignificant with a negative
sign. To put these coefficients in perspective, this translates into a 45% increase in the
likelihood for an asset sale to occur based on an actual downgrade versus a 3% decrease
based on the placebo downgrade. In model (3), we drop asset sales announced within a
half year after the downgrade and a half year after the placebo date to avoid potential
misclassification caused by sluggishness in asset sales. In model (4), we only consider below
median-size asset sales (=~ 2.7% relative to the seller’s book value of assets). We expect
these smaller asset sales to take less time to organize, which would also avoid potential
misclassification caused by sluggishness in asset sales. For both specifications, we continue
to find insignificant coefficients on the placebo rating action indicator variables and positive
significant coefficients on the actual rating downgrade variable. Finally, in models (5) and
(6) we confirm these conclusions based on a specification with only the first asset sale and
for the specification based on changes in the covariates. In other words, consistent with
the idea that downgrades lead to asset sales, we find a sharp and robust increase in the
post-downgrade period, but no increase in asset sales in the period prior to the downgrade.

Finally, we strengthen our identification by showing that our results are stronger when
ratings matter more. Kisgen and Strahan (2010) and Bongaerts et al. (2012) show that
the effect of ratings on the cost of capital is larger among bonds around the Investment
Grade-High Yield (IG-HY) boundary. We exploit this prediction as a fourth way to help
assure that our duration models, in fact, capture the effects of credit rating downgrades on
the likelihood of an asset sale. Accordingly, we expect a stronger effect on the incidence
of asset sales for rating downgrades around the IG-HY boundary. To test this prediction,
we weigh the rating downgrade variable by the distance in (absolute) number of notches
between the firm’s rating and the IG-HY boundary. Non-rated firms receive the minimum
weight among the rated firms. We normalize the weights such that the average weight over

the whole sample equals 1. We report the results in Table B.1 of the appendix. In models
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(1) and (2) this is done symmetrically. In models (3) and (4), weights on the HY side of
the spectrum are multiplied by 2 and in models (5) and (6) these are multiplied by 5.2!
On par with our prediction, the coefficients on the downgrade indicator variable are larger,

and statistically substantially stronger than those reported in Table 3.

4.3. Channels through which firms respond to rating downgrades

The next sections of the paper present various tests of the predictions derived from our
model on the hypothesized channels through which asset sales are a response to a down-
grade. We seek to understand whether, on average, managerial discipline or financial con-
straints is the predominant channel. We analyze the use of proceeds asset sales (Implication
3), equity-based spinoffs (Implication 5), asset liquidity (Implication 4), and the choice of

assets to divest based on inter-firm and intra-firm comparisons (Implications 2 and 6).

4.3.1. Use of proceeds

In this section we test whether negative ratings actions associate more with an increase
in asset sales with the purpose to reduce leverage as predicted by the financial constraints
channel, or with asset sales with the purpose to restructure assets as predicted by the disci-
pline channel (Implication 3). We use information on the expected use of proceeds (purpose)
of asset sales (relax financial constraints or efficient reallocation of productive assets) from
SDC to estimate purpose-specific hazard rates. We estimate two types of specifications.
First, we assume that the occurrence of an asset sale of any type does not affect the future
occurrence of other asset sales of any type. In this case, we estimate purpose-specific hazard
rate functions, where other types of events are assumed censored data points. We report
the results for this analysis in Table 9 in models (1) to (3). Alternatively, we account for
the possibility that the occurrence of an asset sale could affect the hazard rate of any other
type of event afterwards. To prevent any estimation bias, we only consider the first asset
sale that occurs, as we did in model (7) of Table 3. Yet, a by-product of this specification
is that events become mutually exclusive, which we incorporate explicitly. To do so, we
follow the competing risk framework of Fine and Gray (1999) and estimate purpose-specific
sub-hazard functions while explicitly accounting for mutual exclusivity of events. We report
the estimates according to this approach in models (4) to (6) of Table 9. Without mutual
exclusivity, the coefficient on the credit rating downgrade (1) is positive and significant in
each hazard rate function. However, the coefficient for the financial constraints hazard rate,

reported in model (1), is 30% larger and statistically more significant than the coefficient

2The asymmetric weights account for the fact that in the HY spectrum, a rating notch represents a
larger increase in default probability than in the IG spectrum.
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for the discipline hazard rate, reported in model (2). The results from the competing risk
model show even more pronounced effects: Credit rating downgrades are associated with
a higher likelihood for asset sales motivated by financial constraints, but not if efficient

reallocation motivates asset sales.

4.3.2. Spinoffs

In this section, we provide corollary evidence that credit rating downgrades are associated
with additional financial constraints and asset sales represent a response to this. We expect
that we should see an increase in the likelihood of non-cash generating spinoffs only through
the discipline channel (Implication 5) and interpret an increase in spinoffs after a negative
rating action as evidence for the discipline channel. However, the absence of an increase
in spinoffs after negative rating actions is at most inconsistent with the predictions from
discipline channel, but does not allow us to completely reject the channel as firms may
respond in ways other than through a spinoff. We re-estimate the hazard rates with our
sample to which we add 268 spinoffs collected from SDC. These spinoffs, like asset sales,
are restructuring events, but unlike asset sales, do not generate cash for the firm or for
its shareholders.?? We report the results in Table 10. Model (1) implicitly assumes that
multiple events can happen to a subject and that hazard rates are unaffected by past events.
We find that (7 is insignificant for the hazard rate of spinoffs compared to a consistently
positive and significant estimate for 5 for the hazard rate of asset sales. Models (2)
to (5) present sub-hazard estimates for spinoffs and asset sales by their intended use of
proceeds using the competing risk model by Fine and Gray (1999). Consistent with financial
constraints, we find that rating downgrades significantly increase the likelihood for cash
generating asset sales for the purpose to relax financial constraints, but do not affect the
likelihood for spinoffs or for asset sales with the purpose of allocating assets more efficiently.
We re-estimate all our models with the inclusion of the watchlist indicator variables and
report the results in Appendix Table B.2. The results remain mostly the same, with the
exception that negative watchlist placements now load positively and significantly, at the
expense of downgrades (but (31 is economically still large and with a z-statistic of 1.600

close to significant).

228pinoffs sometimes coincide with issuance of new shares or include monetization and recapitalization
techniques that would result in raising cash. To the extent we are able to identify these techniques based
on the information provided in SDC, we exclude such spinoffs.
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4.3.3. Asset liquidity

In this section we test whether transaction costs matter for asset sales aimed at reducing
leverage over and beyond to how they matter for other types of asset sales (Implication 4).
Asset liquidity as a measure of transaction costs is an important variable in the contexts
of the financial constraint and discipline channels. Intuitively, the sale of an illiquid asset,
all else equal, is less desirable irrespective of which channel motivates the asset sale, or
whether there is a prior downgrade. Our model (Implication 4) shows that asset sales
become less attractive when assets are more illiquid compared to alternatives, such as debt
rescheduling or issuance of new securities (also in line with Shleifer and Vishny, 1992). Our
model shows in particular that liquidity is less pertinent if efficient asset reallocation more so
than financing constraints motivates the asset sale. In the latter case, a downgrade further
tightens the firm’s financial constraints and increases the relative cost of illiquidity (or
equivalently the firm’s relative value of cash). As a result, we expect a positive interaction
of asset liquidity with downgrades if the firm aims to relax financial constraints by doing
an asset sale, but not if the asset sale is a manifestation of increased discipline.

To test whether liquidity creates an interaction effect with rating downgrades, we sort
the sample in deciles of asset redeployability and estimate Eq. (22) separately for each
liquidity-decile sub-sample. Figure 2 shows the coefficients on the credit rating downgrade
for the specification of Model (2) from Table 3 for each of ten sub-samples, based on deciles
of asset redeployability within the full sample. The impact of a credit rating downgrade
on the likelihood of an asset sale announcement increases gradually across the asset rede-
ployability deciles, as shown by the coefficient, (1, which quadruples from the lowest to
the highest liquidity decile. When we compare the top and bottom deciles on the basis of
their economic impact, we find that the likelihood an asset sale after a rating downgrade
increases by 19% for the bottom-decile in asset liquidity, but increases by 128% for the
top-decile in asset liquidity. We also confirm that the difference in 81 between the top and
bottom decile is statistically significant (p-value=0.034). The results in Fig. 2 are consistent
with the financial constraints channel, where the marginal value of cash increases as rating
downgrades tighten the firm’s financial constraints and asset sales serve to relax these. For
robustness, Appendix Fig. B.1 yields he same conclusions based on the alternative asset
redeployability definition that incorporates both across and within industry correlation of

firm-level output (Kim and Kung, 2016).
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4.3.4. Asset selection

We next explore whether rating actions affect which assets the firms sell. Our tests are
based on the prediction that (i) under the discipline channel, firms would choose to sell
off poorly performing or non-core segments following negative rating actions (Implication
2), and (4¢) under the financial constraints channel firms would be more inclined to sell
segments that impair creditworthiness more (Implication 6). We start with an inter-firm
segment-level analysis, where we compare several ex-ante performance measures of the
divested segments to those of their industry peers to see whether under-performing assets
are sold to better users leading to a better allocation of resources. Next, we present the
intra-firm analysis based on performance measures of the divested segment relative to all
non-divested segments within the same firm and whether the segment is a core versus a
non-core segment. To implement this strategy, we estimate cross-sectional logit regressions,
each with a dummy variable as the dependent variable based on both inter-firm and intra-
firm comparisons. The main variable of interest is the indicator variable, which is equal
to one if the firm experienced a recent credit rating downgrade, and zero otherwise. We
include the same control variables used in the previous tests.?? More specifically, we match
each asset sale to a business segment using Compustat segment level data. For each asset
sale we construct a dummy variable for whether the corresponding segment is core or non-
core and dummy variables for whether a particular accounting or performance measure
is above or below the median segment compared to the firm’s industry peers (inter-firm
analysis) and compared to its own firm-level median across all its segments (intra-firm
analysis). We define a segment as non-core if the primary and secondary 2, 3, or 4-digit SIC
codes differ from the parent’s respective SIC codes. We define five performance measures
at the segment level: Profitability (Operating Profit/Identifiable Assets), Profit Margin
(Operating Profit/Sales), Asset Turnover (Sales/Identifiable Assets), Operating Cash Flow
((Operating Profit + Depreciation)/Identifiable Assets), and Net Cash Flow (Operating
Cash Flow — Capital Expenditures/Identifiable Assets). We also measure asset liquidity
(redeployability) at the segment level, where we match the industry average redeployability
measure to the primary segment SIC code. Finally, we estimate a segment level proxy for
growth opportunities based on the median value of Tobin’s Q of specialized firms in the
industry (Shin and Stulz, 1998).

In Table 11, we report the marginal effects for logit regression models for each of five

23Hence, this analysis is conditional on observing an asset sale. Alternatively, one could specify a model
where the dependent variable is the decision to sell and the independent variables include all the segment-
level variables in order to assess the relative importance of each variable. However, we believe this approach
is problematic due to mechanical correlations among the segment variables, particularly for firms with fewer
segments.
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performance measures. The dependent variable is an indicator variable equal to 1 if the
performance measure is below the median of its industry peers, where industry peers are de-
fined as all segments in multi-segment firms, excluding the sample firm, that have the same
two-digit primary SIC code as the primary SIC code for the divested segment. In Models
(1) through (5), we focus on (Operating) Profitability, Profit Margin, Asset Turnover, Op-
erating Cash Flow, and Net Cash Flow (all defined in Table 1). The discipline hypothesis
predicts a positive and significant marginal effect of a credit rating downgrade, which sug-
gests a higher likelihood for a firm to divest a segment with below-industry performance
following a downgrade. However, the results in Table 11 show that the marginal effects
of the credit rating downgrade indicator variable are insignificant for each performance
measure and even have the opposite sign for Profitability and Profit Margin. Interestingly,
the marginal effects for a credit rating upgrade are mostly negative and significant, which
suggests a reduction in managerial discipline after a credit rating upgrade. In terms of the
effects of a credit rating downgrade, our main variable of interest in this paper, the results
in Table 11 do not support the discipline hypothesis.

The financial constraints hypothesis is ambiguous in terms of predicting a sign on the
rating downgrade indicator variable in the inter-firm analysis. Firms who seek to relax
financial constraints are more likely to consider liquidity (asset redeployability) and internal,
as opposed to external, relative performance in terms of current cash flow generation and
contribution to collateral than to compare the segment’s performance to their industry
peers (Implication 6).

Table 12 presents the intra-firm analysis. For each logit model, the dependent variable is
an indicator variable based on a performance measure of the divested segment relative to all
non-divested segments within the same firm. We begin with Implication 4 on liquidity. In
model (1), we find that segments with relatively high asset redeployability are significantly
more likely to be divested following a credit rating downgrade (controlling for average
firm-level asset redeployability). High asset redeployability is measured as an indicator
variable equal to one if the divested segment’s asset redeployability exceeds the median
asset redeployability over all of the firm’s segments in the same year, and zero otherwise.
The probability of divesting a segment with above median liquidity (asset redeployability)
is nearly ten percentage points higher if the asset sale follows a rating downgrade. We
continue with Implication 6 and the prediction of Shleifer and Vishny (1992) that financially
constrained firms would be more likely to sell off segments that are valuable, but do not
contribute to current cash flow generation. This way, debt relief inhibits the servicing of

near-term debt obligations as little as possible. In model (2), we use an indicator variable
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equal to one if the Operating Cash Flow of the divested segment is below the median
among all of the firm’s segments. We show that the probability of divesting a segment
with below median operating cash flows is more than ten percentage points higher if the
asset sale follows a rating downgrade. The coefficient on the downgrade indicator variable
in model (3) indicates that the probability of divesting a segment with the highest Tobin’s
Q is almost ten percentage points higher if the asset sale follows a rating downgrade. This
result is also consistent with Implication 6 and the predictions of Shleifer and Vishny (1992)
regarding firms asset sales decisions motivated by relaxing financial constraints. Firms with
high growth opportunities typically require substantial investments in intangible assets
that would provide little to no collateral and would not contribute to current cash flow
generation. Moreover, it is easier to convert high growth opportunity segments into cash
and are therefore prime candidates to divest in case of tighter financial constraints. The
result from model (3) is inconsistent with the predictions from the discipline hypothesis
insofar as firms cherish high growth segments in favor of low growth opportunity segments
that the firm can sell to a more efficient user of these assets. Note that we use the highest
Q rather than the above-median Q in model (3) because of the relatively flat distribution
among the segments’ industry-median Q values. The coefficient on the rating downgrade
variable is insignificant when we use the above-median Q instead (unreported). The results
for models (1) through (3) support the financial constraints hypothesis and show that firms
prefer to sell assets that are most liquid, generate low current cash flows and have high
growth opportunities.

In model (4), we test another prediction of the discipline hypothesis: If credit rating
downgrades motivate firms to conduct asset sales to achieve a more efficient allocation of
their assets, we would expect a higher likelihood for selling non-core segments. We define
a segment as a non-core if the primary 2-digit SIC code of the segment is different from
the firm 2-digit SIC code. Inconsistent with this prediction, we find no evidence that the
likelihood of selling a non-core segment is significantly higher after a credit rating down-
grade. We re-estimate, but do not tabulate, model (4) where we use a more granular
definition of a non-core segment, (based on 3- and 4-digit SIC code). These more gran-
ular definitions of core segments confirm that negative rating actions do not increase the
probability of selling non-core segments. In models (5)-(7), we test if the segment with
below-median performance based on profitability, profit margin, or asset turnover are more
likely to be divested in an asset sale following a rating downgrade. Similar to the results
from the inter-firm segment analysis, for the first two performance measures, we cannot

reject the null hypothesis that the coefficient on the credit rating downgrade indicator in
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these models is equal to zero. We do find a positive and significant coefficient for the rat-
ing downgrade variable for low asset turnover. This is the lone evidence we can find in
the segment analyses consistent with a discipline channel. Yet, it is also consistent with a
financial constraints channel insofar higher asset turnover allows for more efficient working
capital management.?* Taken together, the results in Models (5) through (7) provide little
support the discipline hypothesis.?

Finally, we estimate all models in Tables 11 and 12 and include the watchlist indicator
variables. The results are in Appendix Tables B.3 and B.4 and remain unchanged for the
inter-firm comparisons. The watchlist variables also do not load in any of the models. The
results for the rating downgrade variable in the intra-firm analysis strengthen with the
inclusion of the watchlist variables. Interestingly, we find that both negative and positive
watchlist events have a negative relation with our first two performance measures (high

asset redeployability and low operating cash flow) in models (1) and (2).

4.4. Alternative channels and robustness

In this section, we ask whether our results can be explained by historical acquisition activ-
ity.?6 Kaplan and Weisbach (1992), for example, show that a substantial fraction of their
sample of large acquisitions subsequently divests. Firms may divest certain parts of recently
acquired companies for disciplinary reasons especially if these assets do not provide a good
fit with the new owners (Hite et al., 1987). Similarly, acquisitions may trigger rating down-
grades, especially if they are associated with cash payments, significant increases in debt,
or other outcomes that deteriorate the growth prospects of the firm. In this sense, asset
sales may simply be a disciplinary or financial constraints-induced response to acquisitions,
rather than caused by credit rating downgrades per se.

To address these alternative mechanisms, we collect all majority acquisitions from SDC
and match these with our sample used in the duration analysis. We then construct the
following monthly variables for acquisition activity for each sample firm. First, for each
firm ¢ in month ¢ in our sample period, we calculate the ratio of aggregated deal values
with firm ¢ as a buyer from month ¢ — 24 to ¢t — 6 to the most recent book value of assets
prior to month ¢ (Acquisition spending). We also define an indicator variable (Acquisition)
equal to one if Acquisition spending > 0 and zero otherwise. Similarly, we calculate the

aggregated dollars spent with cash [equity] on acquisitions as a fraction of the most recent

2E.g., for the same collection period, a larger volume of outstanding invoices could be delayed on.

25We recognize that failing to reject the null hypothesis (81=0) may be caused by a lack of power of
the test and/or an attenuation bias in the presence of measurement error and/or multicollinearity. Yet, the
results in models (1) to (3) should suffer from the same problem.

26We thank Jean Helwege for this suggestion.
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book value of assets prior to month ¢ (Cash [Equity] acquisition spending). The coefficients
on all these acquisition-related variables are positive and significant (see Appendix Table
B.5). When we include both the cash and equity variables we find that both are significant.
An F-test indicates that the coefficient for equity used in acquisitions is marginally higher
than the coefficient for cash spending on acquisitions (p-value = 0.085). Hence, acquisition
activity helps to explain the likelihood for asset sales, but does not change our conclusions
with respect to rating downgrades. We also run a sub-sample analysis where we split the
sample into observations with no prior acquisition activity (Acquisition spending=0) and
with prior acquisition activity (Acquisition spending > 0 and find that the coefficient on
the rating downgrade indicator variable is positive and significant in both models.

Leveraged buy-outs (LBO) are another example of events where the corporate structure
of a firm is heavily affected. Asset sales and rating changes may occur concurrently as
a result of the LBO. To make sure LBOs do not drive our results, we re-estimate our
duration analysis where we exclude all deals that are part of an LBO transaction. This
includes straight up LBOs and deals conducted by an LBO firm, where the parent firm is
an LBO firm, or deals where the acquirer is an LBO firm. The results are qualitatively and
quantitatively similar to our baseline results and reported in Table B.6 in the Appendix.

Since we only consider completed deals in our analyses, there is a potential concern
about selection bias. In particular, there may be endogenous selection effects that impair
the external validity of our results. To alleviate such concerns, we provide a robustness test
in Table B.7 in the Appendix in which we re-estimate our duration analysis and include
deals that never (fully) completed. These deals include rumored, pending, intended, and
partially completed deals. We label these as ‘failed deals’ and include these as a specific
type of deals in the same way we do with spin-offs. We re-estimate separate sub-hazards
for these deal types, both in an unconstrained setting as well as in a competing risk setting
(similar to the analysis in Table 9). We conclude that the degree of such bias, if any, is
small. The coefficient on downgrades is positive and significant, albeit a bit smaller than
for the financial constraint or mixed category.

Finally, reverse-causality may become an issue if a rating change already incorporates
an expected asset sale. We would expect this potential problem to be most relevant for
rumored deals and for cases with a prior “seeking a buyer” announcement. Therefore, we
re-run our duration analysis where we exclude completed deals that before completion had
rumors, seeking buyer announcements, or both. We report our results in Table B.8 in the

Appendix. These are qualitatively and quantitatively similar as our baseline results.
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5. Conclusion

Compared to private credit agreements and bank debt, public corporate debt typically con-
tains few clauses to protect creditors from agency conflicts and free-riding among dispersed
investors prevents effective monitoring at the individual level. CRAs may fill this void and
provide a monitoring role. At the same time, rating actions may result in financial con-
straints feedback effects, to which firms would want to respond. In this paper, we provide
strong and novel evidence on the existence of real effects of credit rating downgrades on
asset sales. We show that firms, on balance, respond to rating actions primarily in accor-
dance to a financial constraints hypothesis, while we hardly find any evidence for responses
in accordance to a discipline hypothesis.

Identification is a prime concern in the absence of a strong instrument or natural ex-
periment. Yet, our model as well as a battery of robustness tests mitigate these concerns
significantly. Moreover, the different tests in concert paint a coherent picture. While one
could challenge each of our tests individually, it would be more challenging to come up with
alternative mechanisms that would predict similar empirical patterns jointly.

While comprehensive, our findings leave room for future research as we are only able to
analyze real effects of ratings to the extent that asset sales are not prohibitively expensive.
As our model shows and the results on liquidity interactions confirm, firms resort to other
means to relax financial constraints (or foster discipline) following rating downgrades as
their asset liquidity deteriorates. Hence, our findings are particularly relevant for firms
with sufficiently high asset liquidity. One would need to investigate other ways of relaxing
financial constraints (or fostering discipline) to say more about the external validity of our
results in case of highly illiquid assets. Similarly, discipline could manifest itself in other
forms than asset sales (e.g., cost-cutting and layoffs; see Denis and Kruse, 2000). Yet, our
empirical tests imply that private benefits are high, which suggests that these other forms
of discipline are also less likely.

Our results are also relevant in a regulatory context. Boot et al. (2005) links the
monitoring role of CRAs explicitly to regulatory (or institutional) importance. We, however,
find little evidence that this monitoring role is indeed adequately performed, which seems

to make the recent reduction in regulatory reliance on credit ratings to be well guided.
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Figures

Figure 1: Placebo timeline

This figure shows the time-line around month ¢, during which the rating downgrade occurs
and how the indicator variable for a (placebo) rating downgrade, (Placebo) Rating down-
grade (0, 1), is set equal to one during the 12 months period following (prior to) month t
and set to zero elsewhere.

Rating downgrade (0, 1) = 0 0 1
A A A A
! VI \ [ V[ \
t — 24 months t—24 months Rating downgrade (r) ¢+ 12 months t + 24 months
< | -
1 I i - >
\ J \ J \ ) \ J
Y Y Y Y
Placebo rating downgrade (0, 1) = 0 1 0 0

Figure 2: Coefficients on Credit Rating Downgrade (0, 1) Indicator Variable by Asset
Redeployability Deciles
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Tables

Table 1: Variable definitions

Variable

Description

Segment profitability
Segment turnover
Segment profit margin

Segment operating cash flow

Segment net cash flow
Rating downgrade (0,1)
Rating upgrade (0,1)
S&P credit rating

Assets — Total (1990 $ billion)

Ln(Assets)

Asset redeployability
Cash holdings
Interest coverage
Leverage

Rollover

Tangibility

Altman Z-score
Tobin’s Q
Profitability

ROA

Cash Flow

CAPEX

PPE growth

Sales growth
R&D/assets
Number of segments
Stock ownership

SA index

All Cash (0,1)

All Stock (0,1)
Same 2-digit SIC (0,1)

Segment ROA (operating income over identifiable assets)

Segment sales over identifiable assets

Segment operating income over sales

Segment operating income plus depreciation over identifiable assets
Segment operating income plus depreciation minus CAPEX over identifiable assets
Indicator variable=1 if downgraded by S&P in the past year (=0 otherwise)
Indicator variable=1 if upgraded by S&P in the past year (=0 otherwise)
S&P credit rating (AAA=22; declining by 1 per notch)

Total (book) assets (inflation-adjusted, in 1990 $ billions)

Natural logarithm of Total (book) assets (in 1990 $ millions)

Defined as in Kim and Kung (2016)

Cash over total assets

Operating income before depreciation over interest expense

Total debt over total assets

Short-term debt over total assets

PPE over total assets

Altman’s Z-score

(Equity market cap + book assets — book equity and deferred taxes) / total assets
Operating profit over total assets

Net income over total assets

(EBIDA - interest expense, dividends and taxes) / total assets

Capital expenditures over total assets

Growth rate of PPE over the past year

Growth rate of sales over the past year

R&D expense over total assets

Number of business or operating segments

Ownership top-5 compensated executives excluding options (in % points)
SA index of financial constraints (Hadlock and Pierce, 2010)

Dummy deal 100% cash

Dummy deal 100% stock

Divested segment same industry as target parent (2-d SIC)

39



abvd 1x2U U0 PINULIUOY)

000°F 898°'T €L6'¢ 0191 000°€ 166'T 621'e  £86'F 000C L6S°T  GLT'T  €€6'€9. SJUSUISIS JO ISQUITLN]
G100 ar0°'0 €00 9S0°T L1070 18070 860°0  T00'€ ¥20°0 7800  8%0°0  €0ETEY syesse/ 794
670°0 2ee0 .00 609°T Lv0°0 9920 G80°0  TLE'F 78070 ¥L20  9€T0  0L6°0€8 [3m018 sofeg
Gz0°0 €L2°0 TL00 2091 €200 G620 8L0°0  L96'F 25070 Gee’0  TPI'0  0.8'CE8 qImoad gdd
00 9¢0°0 2900 ¥6S°T Lv0°0 790°0 0L0°0  888'F 8%0°0 G900 0L0°0  ¥S€‘T9L 10858 /XHAJVD
1L0°0 990°0 TL00  0L8'T 890°0 8L0°0 890°0  T6L'F 180°0 01’0 GL00  6FILIL mop yseo Sunyerad(
170°0 L80°0 GE0'0 6091 0€0°0 601°0 Y100 ¥L6F 8€0°0 LIT'0 9200 9T6°Ge8 vod
G800 €80°0 6800  609°T GL0°0 €60°0 GL0°0  VLE'T 6,070 PITO0  LL00  926'GeR Ayqeigord
907’1 TeL0 9€9'T  T¥S'l 0L8'T 29L.°0 09T EVLY VT 610°T  TLLT  T9V'9EL O s.uiqog,
787 Ge0'c L0L¢  TIv'l 61€C 08€C 29t oIy 966°C 199°¢  8T8'E€  CIV'689 0100S-7, URW[Y
892°0 122°0 0Ze'0 0191 8LT°0 €620 GeE'0  €L6'T téd&dll] LET°0  L8T0  <e8Tes Ayiqrsuey,
¥20°0 890°0 2S00 019°T 1200 29070 0S0°0  TL6'F ¥10°0 860°0  6£0°0  9TEVES Tono[[0y
T62°0 0L1°0 €180 809'T G0€°0 6L1°0 02€0  L96V Tee0 ¥61°0  ¥PE0  G9€'Te8 aBeIaAa]
6879 8902z  OFF'E€l  08G‘T S0¥°¢ €69'1c  910CT  $28% 666’9  €£9'GE  086°0C  TGI‘L69 0810400 }50109U]
8¢0°0 €90°0 8600  GSS'T 1€0°0 TL00 2900 Se8'¥ 2500 L0T0 7600  666'GC8 s8urpioy ysep
01€'6  ¥06°OVT  ¥¢¥'6S  0TI9°'T TLY'Y  ELV'CeT  T6E0V  VL6'T 9€. oLS'Le  L6L'e 9r6'ces [e30], - S}ossy
907°0 G110 16€°0 €691 €070 8210 6,60  TLV 9170 GET'0  6IF'0  T1L5'808  Aqiqelordepoer jesse oferoay

a1 8C0F  9T8FT  1I8¢'T 00071 G9T%F  TTOFT  €6L'€ 000°2T 619°¢  09SCT  T16'CCTE Suryer y1pad 43S

0 81€°0 VIT0 0191 0 0620 €600 VL6V 0000 7910 8300  976'GeE8 oyem oAlyeSou 0} paSuey))

0 6S1°0 920'0  0T9'T 0 ov1'0 0200 V.6V 0000 7600 6000  976'GES yoyem aargisod oy peSuey)

0 202°0 G700 0191 0 L12°0 0500  V.6'F 0000 610 8€0°0  976°GER (1 ‘0) opeisdn Suryey

0 €9€°0 L1610 0191 0 16€°0 Y10 VL6V 0000 €120  8¥0'0  976°GER (1 ‘0) epeasumop Suryey

URIPaJN Qm ueaN u URIPaJN Qm UeaJN u ueIpaJN Qm ueaN u

s[duresqns patpjew-jussay

soTes 19ssy

ordures [ng

"T 9[qe], ur are suoljdiIosep a[qerre) o[y juawsag jejsnduro)) oy} Ul SHULWSSS Y[} JO SUO 0 }or( PadRI) 3¢ P[Nod jer} porrad ajdures Mo I19A0 safes josse [[e

Jo systsuoo a[dureg juewSag, a3 pue ‘poriad sjdures INo ISAO So[eS 19SS® PayDIeW [[€ Jo s)sisuod ordureg areg 19SSy, a1 ‘GT0g 0 0661 poried oy} 10A0 suLly jeisnduio)) Jo 9SISATUN ST} JO SISISUOD

Qordureg [[ny, oy, ‘siseue oyj ul pasn sojdures 9919 oY) I0J SISA[RUR Y} Ul POSN SO[RLIBA O} IO URIpOW pue ((JS) UOIIRIAGD PIePUR)S ‘UedW ‘(1) SUOIPRAIdSCO JO IdquInu o) sjuasaid oa[qe) oy ],

so1)s1R)S Arewrwung :g o[qe],

40



av00 ¥€4°0 1910 607'T - - - - - - - - sofes 100 xpde)) juowSog
¢r00 GL0°0 G900  L¥E'T - - - - - - - - sjosse Joa0 xjde)) juowidog
160°0 ¥ce0 7010 890°T MO[J YseD 19U JUom3og
AN 6ze 0 $9T°0  FEIT - - - - - - - - mop yseo Surperedo juewrdeg
0TT'0 68T 630°0 €62°T - - - - - - - - urSrewr jyoid juomrSeg
€L6°0 9I¢'T €CC'1T TLV'T - - - - - - - - JIOAOUINY) }9SSE JUOUITIG
L60°0 02c0 ¢IT'0 T6T'T - - - - - - - - Ayiqe)goad quowiSog
1 G870 0290 0191 - - - - - - - - juared se A13Snpuy (J-g SWes
1¢0°0 L21°0 0L00  Tve'T L20°0 €C1°0 7800 VL6V - - - - 9ZIS dALYR[IY
03¢ 70‘1 §9¢ 0191 6 QL8 vee  TL6T - - - - [ea[eop
LEV' V- ¥65°0 617 019°T L66°€- 90 6€6'¢-  TL6'T €69°¢- Ge9'0  T0L'E-  976°GES Xopul y§
GL7°0 6L€°¢G ¥8L'e 819 889°0 81€°¢ 9.8'C  TLT 00¢'T c16'9 LGSV 8PT'GeT drysioumo 0039
URIPAIA as ueaN U URIPAIN as ueaIN U URIPAIN as ueaN U

orduresqns patpjew-jusudey

So[es 19ssy

ordures g

abnd snowaud wouf panuuod — g aqel,

41



Table 3: Basic Cox regressions

The coefficients in the table represent estimates of hazard rates of an asset sale event us-
ing Cox proportional hazard regressions on a monthly basis over the entire sample. R&D
missing (0, 1) and Stock ownership missing (0, 1) are equal to one if, respectively, R&D
intensity or executive ownership is missing, and zero otherwise. We define all other co-
variates in Table 1. We cluster standard errors by firm and report t-statistics in brackets.
Respectively, *, ** and *** denote statistical significance at the 10%, 5%, and 1% level.

Levels 1st Event Changes
@) ©)] () @) (5) (6) (M ®)
Rating downgrade (0, 1)  0.597***  (.392%** 0.355%** 0.401%** 0.369%** 0.360%** 0.412%%* 0.446%**
[9.75] [5.92] [5.49] [6.11] [5.77] [5.62] [4.16] [6.75]
Rating upgrade (0, 1) -0.264%%%  _0.208** -0.224%%* -0.191%* -0.183** -0.160* 0.0644 -0.177%*
[-3.16) [-2.46) [-2.64] [-2.30] [-2.17] [-1.87] [0.48] [-2.07]
Rated (0, 1) 0.0244 -0.191 0.144 -0.124 0.246 0.224 0.270 0.507***
[0.11] [1.11) [0.83] [-0.74) [1.47] [1.33] [1.45] [3.10]
S&P credit rating 0.106***  0.0640*** 0.0222 0.0573*** 0.0126 0.0158 0.00608 0.0368***
[5.80] [4.76] [1.62] [4.34] [0.95] [1.18] [0.41] [2.97]
Redeployability -1.394%%K ] 728Kk -0.821* -1.223%%  _1.533%** -1.330%** 0.670
[-3.65] [-4.62] [-1.69] [-2.52] [-3.00] [-2.66] [0.75]
Altman Z-score -0.0583%**  _0.0877**¥*  -0.0358%  -0.0589%** -(.0592*** -0.0312 0.00106
[-2.92) [-4.19] [-1.76) [-2.74] [-2.80] [-1.50] [0.06]
Cash holdings S2.914%¥F  228G%F*  _2.476¥FK _1.790%F*  -1.652%F* -1.857%** 0.248
[-7.27] [-5.70] [-6.42] [-4.80] [-4.39] [-4.37] [0.73]
Interest coverage -0.00333**  -0.00106  -0.00379***  -0.00107 -0.00129 -0.000680 0.00109
[-2.21] [-0.75] [-2.66] [-0.82] [-1.07] [-0.47] [1.05]
Rollover -0.732 -1.101%* -0.232 -0.647 -0.719 -0.753 0.498
[-1.34] [-1.97] [-0.42) [-1.18) [-1.35] [-1.32] [1.11]
Leverage -0.0387 0.0453 -0.0786 0.125 0.151 0.420* 0.988***
[-0.17] [0.20] [-0.35] [0.56] [0.68] [1.73] [3.42]
Tangibility -0.760%**  _0.852%F*  0.723%FF  _0.965%F*  -0.973*F* -0.796%** -1.065**
[-3.58] [-3.91] [-3.40] [-4.33] [-4.40] [-3.61] [-2.10]
Tobin’s Q 0.0428 0.120%* -0.00883 0.0312 0.0445 -0.0772 -0.0890*
[0.93] [2.52] [-0.19] [0.65] [0.93] [-1.52] [-1.84]
Profitability 0.981* 0.192 1.083** 0.00798 -0.00816 -0.694 -0.133
[1.80] [0.33] [2.02] [0.01] [-0.01] [-1.07] [-0.25]
ROA S1.594%FF ] 4RTHRK -1.830%** -1.692%%F  _1.649%** -1.675%** -0.227
[-4.85] [-4.37] [-5.74] [-5.17] [-5.04] [-4.05] [-0.70]
Operating cash flow -0.551 -0.265 -0.493 0.104 0.189 0.954* -0.317
[-1.10] [-0.50] [-1.05] [0.22] [0.38] [1.72] [-0.72]
CAPEX/assets 3.104%** 2.668*** 2.585*** 1.469** 1.199* 0.449 -0.308
[5.11] [4.30] [4.23] [2.34] [1.90] [0.64] [-0.63]
PPE growth S0.511%%%  _0.460*** -0.456%** -0.395%**  _(.359%** -0.292%* -0.228
[-4.46] [-3.99] [-4.11] [-3.67] [-3.35] [-2.28] [-1.50]
Sales growth -0.307*%  -0.393%FF  _0.332%FF  _0.459%*F  _(.519%** -0.399%** -0.389%**
[-2.50] [-3.00] [-2.86] [-3.71] [-4.21] [-2.78] [-2.63]
R&D /assets 0.570 -0.00185 0.240 -0.372 -0.503 -0.149 -0.186
[0.94] [-0.00] [0.42] [-0.64] [-0.85] [-0.26] [-0.26]
R&D missing (0, 1) -0.0221 -0.0252 0.0823 0.0593 0.0447 0.115 -0.0208
[-0.33] [-0.39] [1.08] [0.80] [0.60] [1.56] [-0.28]
Number of segments 0.102%** 0.109%** 0.105%** 0.105%** 0.113%** 0.106*** 0.150%**
[5.84] [6.16] [6.05] [5.99] [6.38] [5.23] [8.12]
Ln(Assets) 0.297*** 0.374%** 0.290%** 0.374%** 0.363*** 0.175%** 0.131
[10.71] (13.27) [9.65] [12.51] [12.34) [5.54] [0.67]
SA index 0.292%** 0.412%%* 0.247%%* 0.383%** 0.381%** 0.510%** 2.196%**
[4.36] [6.86] [3.78] [6.68] [6.76] [8.75] [3.01]
Stock ownership -0.0149*  -0.0256*** -0.0127* -0.0243*%*F  -0.0252%** -0.0241%** -0.00831
[-1.67] [-2.80] [-1.68] [-3.14] [-3.21] [-2.67] [-0.53]
Stock ownership -0.145%%  -0.231%** -0.138** -0.222%%% - _(.240%** -0.341%%* -0.0363
missing (0, 1) [-2.41] [-3.86] [-2.31] [-3.76] [-4.05] [-4.37] [-0.55]
Industry fixed effects No No No Yes Yes No Yes Yes
Time fixed effects No No Yes No Yes No Yes Yes
Industry covariates No No No No Yes No Yes Yes
Industry-Time FEs No No No No No Yes No No
Number of observations 835,269 587,043 587,043 586,055 578,306 586,055 453,546 495,144
Pseudo R2 0.037 0.055 0.074 0.063 0.085 0.104 0.065 0.069
Number of clusters 8,980 6,406 6,406 6,401 6,364 6,401 6,302 5,472
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Table 4: Cox regressions including watchlist placements.
The coefficients in the table represent estimates of hazard rates coefficient estimates of an
asset sale event using Cox proportional hazard regressions on a monthly basis over the
entire sample. Negative (Positive) watchlist (0,1) refers to a dummy variable that equals 1
in case the firm was put on negative (positive) watch during the 12 months preceding the
observation. The same covariates are included as in Table 3. We cluster standard errors

by firm and report t-statistics in brackets. Respectively, *, ** and *** denote statistical
significance at the 10%, 5%, and 1% level.
Levels 1st Event Changes
0 @ @) @ ) (©)
Rating downgrade (0,1) 0.291***  0.267*%*  (.293*** (.270%** 0.326%** 0.343%**
[4.38)] [4.11] [4.43] [4.16] [3.10] [4.86]
Rating upgrade (0,1) -0.223%*  -0.239%**  _0.208**  -0.200** 0.0523 -0.209**
[-2.57] [2.75]  [-242]  [-2.32] [0.37] [-2.36]
Negative watchlist (0,1) 0.337***  0.283%*%*  (.366*** (.329%** 0.259* 0.357H**
[4.13] [3.42] [4.47] [3.96] [1.93] [4.17]
Positive watchlist (0,1) 0.220 0.188 0.236 0.208 0.202 0.290*
[1.49] [1.27] [1.63] [1.45] [0.82] [1.90]
Other covariates Yes Yes Yes Yes Yes Yes
Industry fixed effects No Yes No Yes Yes Yes
Time fixed effects No No Yes Yes Yes Yes
Industry covariates No No No Yes Yes Yes
Number of observations 586,927 586,927 585,939 578,190 453,522 495,164
Pseudo R2 0.054 0.072 0.062 0.083 0.064 0.07
Number of clusters 6,406 6,406 6,401 6,364 6,302 5,472
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Table 5: Cox regressions including covenants.

The coefficients in the table represent estimates of hazard rates coefficient estimates of an
asset sale event using Cox proportional hazard regressions on a monthly basis over the
sample up to 2011. Covenant violation (0,1) is a dummy variable that equals 1 in case
of a covenant violation during the 12 months prior to the observation in question. The
same covariates are included as in Table 3. We cluster standard errors by firm and report
t-statistics in brackets. Respectively, *, ** and *** denote statistical significance at the

10%, 5%, and 1% level.

Levels 1st Event Changes

(1) (2) (3) (4) (5)
Rating downgrade (0, 1) 0.382%**  (.421%**  (.374%** 0.388%** 0.479%**

[5.29] [5.77] [5.18] [3.67] [6.42]
Rating upgrade (0, 1) -0.212%F  -0.221*%*  -0.213** 0.0399 -0.143
[-2.24] [-2.33] [-2.25] [0.27] [-1.48]
Covenant violation (0,1) 0.569%**  0.587++* 0.522%** 0.567#**
[4.52] [4.58] [3.65] [4.47)
Other covariates Yes Yes Yes Yes Yes
Industry fixed effects Yes No Yes Yes Yes
Time fixed effects Yes No Yes Yes Yes
Industry covariates Yes No Yes Yes Yes
Number of observations 441,230 447,415 441,230 355,205 383,490
Pseudo R2 0.084 0.06 0.085 0.063 0.066
Number of clusters 5,807 5,844 5,807 5,760 5,011
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Table 6: Cox regressions including credit spreads.

The coefficients in the table represent estimates of hazard rates coefficient estimates of
an asset sale event using Cox proportional hazard regressions on a monthly basis over the
sample from July 2002 onwards. avgCs is the average credit spread observed in the TRACE
corporate bond market trading data and CS Missing (0,1) is a dummy variable that equals
1 if there is no credit spread for the particular firm in that month and 0 otherwise. The
same covariates are included as in Table 3. We cluster standard errors by firm and report
t-statistics in brackets. Respectively, *, ** and *** denote statistical significance at the
10%, 5%, and 1% level.

(1) (2) () (4)
Rating downgrade (0,1) 0.261%** (.252%**  (.257%6*F  (.249%**
[2.76] [2.62] [2.71] [2.59]
Rating upgrade (0,1) -0.287**  -0.269**  -0.278%*  -0.262**
[-2.58] [-2.43] [-2.48] [-2.36]
avgCS -2.873 -2.257
[-1.46] [-1.17]
CS missing (0,1) -0.838***  _(.654%H*
[-6.84] [-5.44]
Other covariates Yes Yes Yes Yes
Industry Fes No Yes No Yes
Time Fes No Yes No Yes
Industry covariates No No No No
Observations 292,840 292,518 292,840 292,518
Pseudo R-squared 0.071 0.097 0.071 0.097
N_clust 3,946 3,944 3,946 3,944
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Table 7: Cox regressions including Moody’s KMV EDFs.

The coefficients in the table represent estimates of hazard rates coefficient estimates of an
asset sale event using Cox proportional hazard regressions on a monthly basis over the
entire sample. EDF1 and EDF5 are the 1 and 5 year Moody’s KMV EDFs, respectively.
The same covariates are included as in Table 3. We cluster standard errors by firm and
report t-statistics in brackets. Respectively, *, ** and *** denote statistical significance at
the 10%, 5%, and 1% level.

(1) (2)
Rating downgrade (0,1)  0.321%*%*  (0.316***

[4.61] [4.66]
Rating upgrade (0,1) -0.253***  _0.217**
[-2.76] [-2.39]
EDF1 -0.00471  -0.00113
[-0.47] [-0.11]
EDF5 0.0103 0.00962
[0.53] [0.48]
Other covariates Yes Yes
Time Fes No Yes
Indusrty Fes No Yes
Industry covariates No Yes
Observations 406,837 400,809
Pseudo R-squared 0.066 0.092
Number of clusters 4,973 4,938
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Table 8: Cox hazard regressions with placebo indicator variables for rating changes

The coefficients in the table represent estimates of hazard rates coefficient estimates of an
asset sale event using Cox proportional hazard regressions on a monthly basis over the
entire sample. We cluster standard errors by firm and report t-statistics in brackets. The
same covariates are included as in Table 3. In specification (3) the placebo dummies are
set to zero between ¢ — 12 and ¢t — 6. In specification (4), only asset sales with a relative
size smaller than the median of 2.7% are classified as events. Respectively, *, ** and ***
denote statistical significance at the 10%, 5%, and 1% level.

Levels 1st Event Changes
Excluding 1st Small
half year deals only
ORENE) @) @ ) ©)
Placebo Rating downgrade (0, 1) 0.00801  -0.0321 -0.0283 0.0776 -0.144 0.0338
[0.11] [-0.44] [-0.35] [0.77] [-1.23] [0.42]
Placebo Rating upgrade (0, 1) -0.0707  -0.0322 -0.0506 -0.239** -0.0291 0.0215
[-0.91] [-0.42] [-0.54] [-2.13] [-0.22] [0.26]
Rating downgrade (0, 1) 0.370%** 0.305%*** 0.263*** 0.419%** 0.444%**
[5.81] [4.16] [2.99] [4.20] [6.80]
Rating upgrade (0, 1) -0.184** -0.211%* -0.348%** 0.0564 -0.176%*
[-2.19] [-1.96] [-2.95] [0.42] [-2.05]
Other covariates Yes Yes Yes Yes Yes Yes
Industry fixed effects Yes Yes Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes Yes Yes
Industry covariates Yes Yes Yes Yes Yes Yes
Number of observations 578,306 578,306 578,306 578,190 453,546 495,144
Pseudo R2 0.084 0.085 0.084 0.195 0.065 0.069
Number of clusters 6,364 6,364 6,364 6,364 6,302 5,472
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Table 9: Hazard rate regressions by purpose

The coefficients in the table represent hazard rate estimates of asset sales events by self-
reported purposes: Relaxing credit constraints (Relax), Discipline, or Ambiguous. Specifi-
cation (1) to (3) are Cox proportional hazard regressions on a monthly basis over the entire
sample. These specifications assume that multiple events can happen to a subject and that
hazard rates are unaffected by such events. Specifications (4) to (6) present sub-hazard
estimates for asset sales using the competing risk model by Fine and Gray (1999), where
subjects leave the sample after the first event takes place. The same covariates are in-
cluded as in Table 3. We cluster standard errors by firm and report t-statistics in brackets.
Respectively, *, **, and *** denote statistical significance at the 10%, 5%, and 1% level.

Multiple events Competing risk
with others as censored (1st only) subhazard
Relax  Discipline Ambiguous Relax  Discipline Ambiguous
(1) (2) (3) (4) (5) (6)

Rating downgrade (0, 1) 0.559***  (0.430** 0.379%** 0.868**  -0.122 0.441%**

[2.88)] [2.41] [5.26] [2.19] [-0.31] [4.14]
Rating upgrade (0, 1) -0.269 -0.629** -0.178** 0.488 -1.006 0.103

[-0.82] [-2.24] [-2.03] [0.77] [-1.39] [0.74]
Other covariates Yes Yes Yes Yes Yes Yes
Industry fixed effects No No No No No No
Time fixed effects No No No No No No
Industry covariates No No No No No No
Number of observations 606,620 606,620 606,620 475,654 475,654 475,654
Pseudo R2 0.117 0.045 0.055 - - -
Number of clusters 6,550 6,550 6,550 6,489 6,489 6,489
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Table 10: Spinoff hazard rate regressions

The coefficients in the table represent hazard rate estimates of spinoff events and asset
sales events by self-reported purposes: Relaxing credit constraints (Relax), Discipline, or
Ambiguous. Specification (1) refers to Cox proportional hazard regressions on a monthly
basis over the entire sample for spinoffs. This specification implicitly assumes that multiple
events can happen to a subject and that hazard rates are unaffected by past events. Specifi-
cations (2) to (5) present sub-hazard estimates for spinoffs and asset sales by purpose using
the competing risk model by Fine and Gray (1999). The same covariates are included as in
Table 3. We cluster standard errors by firm and report t-statistics in brackets. Respectively,
* k% and *** denote statistical significance at the 10%, 5%, and 1% level.

Multiple events Competing risk
with others as censored (1st only) subhazard
Spinoff Relax  Disicpline Ambiguous Spinoff
0 @) ) 4) )

Rating downgrade (0, 1) 0.188 0.941**  -0.166 0.382%** -1.028

[0.68] [2.29] [-0.40] [3.44] [-1.44]
Rating upgrade (0, 1) -0.814** 0.572 -0.921 0.119 -0.714

[-2.12] [0.90] [-1.27] [0.83] [-1.20]
Other covariates Yes Yes Yes Yes Yes
Industry fixed effects No No No No No
Time fixed effects No No No No No
Industry covariates No No No No No
Number of observations 606,620 470,476 470,476 470,476 470,476
Pseudo R2 0.058 - - - -
Number of clusters 6,550 6,482 6,482 6,482 6,482
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Table 11: Inter-firm segment performance analysis

The table presents average marginal effects of logit regressions of dummy variables equal to 1
for inter-firm segment underperformance and 0 otherwise, in comparison to medians of peer
segments in other multi-segment firms with matching 2-digit SIC codes for Profitability,
Profit Margin, Asset Turnover, Operating Cash Flow, and Net CF using the Segment
Sale sample. t-statistics are in brackets. Respectively, *, ** and *** denote statistical

significance at the 10%, 5%, and 1% level. Variable descriptions are in Table 1.

Profitability ~Profit Margin  Asset Turnover Operating CF Net CF

VARIABLES (1) (2) (3) (4) (5)
Rating downgrade (0, 1) 0.00143 -0.0243 0.0122 0.0219 0.0329
[0.034] [-0.592] [0.288] [0.511] [0.761]
Rating upgrade (0, 1) -0.154%* -0.112* 0.0270 -0.110 -0.118*
[-2.315] [-1.708] [0.357] [-1.516] [-1.656]
Altman Z-score 0.00892 0.00167 -0.0526%** -0.0109 -0.0138
[0.494] [0.106] [-3.032] [-0.558] [-0.695]
Cash holdings 0.430 0.255 -0.480 -0.0252 0.356
[1.280] [0.836] [-1.557] [-0.073] [1.064]
Interest coverage -0.000534 0.000604 0.00158* -6.20e-05 -0.000274
[-0.476] [0.653] [1.763] [-0.053] [-0.212]
Rollover 0.475 0.413 0.0286 0.444 0.702%*
[1.478] [1.325] [0.088] [1.398] [2.228]
Leverage -0.378%** -0.554%** -0.0327 -0.384*** -0.344**
[-2.659] [-4.005] [-0.227] [-2.642] [-2.334]
Tangibility 0.210%* 0.0165 0.0229 0.0135 -0.0615
[1.987] [0.158] [0.224] [0.127] [-0.574]
Tobin’s Q -0.0954** -0.0373 0.0304 -0.132%%* -0.0816*
[-2.327] [-1.029] [0.891] [-3.114] -1.930]
ROA -1.077%** -0.996*** 0.243 -0.569** -0.775%**
[-4.006] [-3.881] [0.955] [-2.030] [-2.739]
Operating cash flow -0.341 0.157 -0.819%** -0.894** 0.00209
[-1.238] [0.556] [-2.768] [-2.490] [0.007]
CAPEX/assets -0.388 0.740%* -0.308 -0.233 1.455%%*
[-0.926] [1.798] [-0.784] [-0.536] [3.563]
PPE growth 0.147%* -0.00254 0.0898 0.101 -0.0221
[2.271] [-0.040] [1.340] [1.518] [-0.326]
Sales growth -0.138* -0.0907 0.0840 0.0506 0.00644
[-1.812] [-1.213] [1.108] [0.629] [0.082]
R&D /assets -1.072% -1.105%* -1.457%K% -0.493 -0.302
[-1.912] [-2.172] [-3.033] [-0.741] [-0.470]
R&D missing (0, 1) 0.0483 0.00234 0.0238 0.0856** 0.0412
[1.326] [0.068] [0.670] [2.282] [1.130]
Number of segments 0.00516 0.00334 -0.0226** -0.00633 0.0201*
[0.447] [0.310] [-2.226] [-0.549] [1.768]
Ln(Assets) 0.0328** -0.00703 0.0249* 0.0471%%* 0.0232
[2.037] [-0.455] [1.649] [2.871] [1.377]
SA index 0.00390 0.0409 -0.00710 0.0381 0.0555%*
[0.129] [1.414] [-0.238] [1.241] [1.863]
Stock ownership -0.00161 0.00445 -0.00904** 0.00103 0.00162
[-0.403] [1.128] [-2.045] [0.256] [0.424]
Stock ownership missing (0, 1) -0.0306 -0.0418 -0.0266 -0.0225 0.00777
[-0.747] [-1.059] [-0.647] [-0.550] [0.198]
Rating FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Observations 874 978 1,113 853 801
Pseudo R2 0.124 0.109 0.0829 0.150 0.161
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Appendix

A. Proofs

Proof of Lemma 1. Minimizing the discount rate r with respect to % yields the first-order

condition
9D
0=7v(2a v +2abCR | — Try. (23)

Solving w.r.t. % yields (5).
Now we denote (2) evaluated at (g)* as r*. We can write the utility function of the

CEOQO as

U = /BICnc + (IRRTLC - r*)ICnc + (IRRC - T*)IC’C, (24)

= (B+ (IRRyc —1"))ICpe + (IRR. — *)IC.. (25)

This is maximized by holding on to segment nc when

(B + (IRRnc —17)) 2 0, (26)
r* < IRRp. + f. (27)
0

Proof of Proposition 1. If segment nc is held on to, Lemma 1 provides the new optimal
leverage ratio in (7). If segment nc is sold, optimal leverage is unchanged as the rating is
reverted to level CR in that case. To find the optimal solution, we need to compare CEO

utility when selling with keeping segment nc. We have that keeping nc is optimal when

(IRR. —1*)IC, < (B + IRRp. — " )ICpe + (IRR. — 1*)IC", = (28)
7 (IChe + IC") < (B + IRRy)ICpe + 11C,, = (29)
o _ (B4 IRR,)ICy. + IC.r*
< .
"= ICpe+IC, (30)
O

Proof of Lemma 2. Assume that [, € (0,1). In order to generate a unit of cash one needs
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to liquidate i units of asset. The (long term) value of a unit of asset is 1, so is the value

of a unit of cash. Hence, the transaction cost equals i — 1. Dividing by (1 — ), we get

1 1 1-1, 1
(C-) -1t oy

O

Proof of Proposition 2. We can transform one-off transaction costs to a perpetuity. Since

there is no uncertainty about these costs, the discount rate is the risk-free rate. We have

that

(D = DY) _ (D" =DY) Vi - &) .
Iy lpry lpry
1-1 1C
(1 — 1) [Cre = L=l ICne. (33)
rf
D** _D*

Hence, per period transaction costs for reducing leverage are %IV) and for selling

segment nc they equal (1 — l,.)r¢ICy.. We now have that the cost of capital accounting

for transaction costs of adjusting leverage is given as a function of leverage by

D v D _ D* D 2
T:TQ—VTTd+W+’Y(aV+bCR/) . (34)

Imposing a first-order condition and minimizing w.r.t. % yields (9) for a given [,. Since r
is decreasing in [, r is minimized by maximizing [,, giving rise to (12). It is optimal for

the CEO to keep nc when
(IRR. —1m*)IC. — (1 = lpe)rfIChe < (B + IRRpe — r**)IChe + (IRR. — r**)IC,.  (35)
Re-writing yields (10). O

Proof of Lemma 8. Minimizing the discount rate r with respect to g yields the first-order

condition
0D
0=7|(2a v +2a(bCR+cX) | —Try. (36)

Solving w.r.t. g yields (15).
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Now we denote (13) evaluated at (%)*** as r™*. The utility function of the CEO is

given by

Un = BICy: + (IRRy. — r***)[Che + (IRR, — r™**)IC,, (37)

= (B+ (IRRpc— 1)) ICpe + (IRR. — ") IC.. (38)

This is maximized by holding on to segment nc when

(84 (IRRy. — 1)) >0, (39)
r*** < IRRp. + B. (40)
O

Proof of Proposition 3. If segment nc is held on to, Lemma 3 provides the new optimal
leverage ratio in (15) given rating level CR'. If segment nc is sold, optimal leverage Lemma
3 provides the new optimal leverage ratio in (15) with rating level CR as the rating is
reverted to level CR in that case. To find the optimal action for the CEO, we need to
compare CEO utility when selling with keeping segment nc. We have that keeping segment

nc is optimal when

IRR, — r**_ )IC. < (8 + IRRpe — 17 _)ICpe + (IRR. — 3 _NIC!, = 41
I.,=0 I.n=1 I.p=1 I

7 (ICne + ICL) < (B + IRRye)ICne + 150 IC,, = (42)
wwt_ (BFIRRy)ICh + ICxT,
Tlp=1= / : (43)
ICp. + IC!
O

Proof of Proposition 4. The optimal leverage with characteristics X_j is given by Lemma
3. Since a smaller X_j leads to a lower discount rate and therefore higher EVA, this is
optimized by choosing the k that minimizes X_;. This gives rise to (21). When segment
nc is sold, the optimal new leverage is given by Lemma 3.

It is then optimal for the CEO to keep segment nc when
(IRR. — r***)IC. < (B + IRRp. — r*** )ICp. + (IRR, — r*** )IC". (44)

Re-writing yields (10). O
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B. Supplementary Tables and Figures

Figures

Figure B.1: Coefficients on Credit Rating Downgrade (0, 1) Indicator Variable by alterna-
tive Asset Redeployability Deciles
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Tables

Table B.1: Cox hazard regressions using distance-weighted credit rating downgrades

The coefficients in the table represent hazard rate coefficient estimates of an asset sale event
using Cox proportional hazard regressions on a monthly basis over the entire sample. In
each specification, we weigh all observations of a firm by the sample-period average of the
absolute inverse distance of that firm’s rating relative to the IG-HY boundary (in notches).
Non-rated firms receive the minimum weight among the rated firms. We re-scale all weights
to get a sample average weight of 1. In specifications (1) and (2) this is done symmetrically.
In specifications (3) and (4), weights on the HY side of the spectrum are multiplied by 2 and
in specifications (5) and (6) these are multiplied by 5. The same covariates are included as in
Table 3. We cluster standard errors by firm and report t-statistics in brackets. Respectively,
* FF and *** denote statistical significance at the 10%, 5%, and 1% level.

M @) 3) @) ) (©)

Rating downgrade (0,1)  0.433%**  0.393***  0.436***  0.402***  (0.435***  (.410%***

[11.16] [9.91] [11.28] [10.17] [11.31] [10.38]
Rating upgrade (0,1) -0.220%F% Q. 175%F*  .0.240%**  -0.185%**  -0.257***  -0.195%**

[-4.11] [-3.22] [-4.45] [-3.40] [-4.77] [-3.58]
Other Covariates Yes Yes Yes Yes Yes Yes
Industry Fixed effects No Yes No Yes No Yes
Time Fixed effects No Yes No Yes No Yes
Industry covariates No Yes No Yes No Yes
Ratio HY vs IG weights 1 1 2 2 5 5
Observations 634,319 624,012 640,069 629,820 646,724 636,542
Pseudo R-squared 0.038 0.076 0.036 0.076 0.034 0.077
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Table B.3: Inter-firm segment performance analysis including watchlist placements

The table presents average marginal effects of logit regressions of dummy variables equal
to 1 for inter-firm segment underperformance and 0 otherwise, in comparison to medians of
peer segments in other multi-segment firms with matching 2-digit SIC codes for Profitability,
Profit Margin, Asset Turnover, Operating Cash Flow, and Net CF using the Segment Sale
sample. Negative (Positive) watchlist (0,1) refers to a dummy variable that equals 1 in
case the firm was put on negative (positive) watch during the 12 months preceding the
observation. t-statistics are in brackets. Respectively, *, ** and *** denote statistical

significance at the 10%, 5%, and 1% level. Variable descriptions are in Table 1.
Profitability Profit Margin  Asset Turnover Operating CF  Net CF

VARIABLES (1) (2) (3) (4) (5)
Rating downgrade (0, 1) = 1 -0.00894 -0.0383 0.0468 0.0315 0.0556
[-0.195] [-0.861] [1.005] [0.662] [1.138]
Rating upgrade (0, 1) =1 -0.170** -0.110 0.00760 -0.103 -0.128%*
[-2.522] [-1.616] [0.099] [-1.336] [-1.819]
Negative watchlist (0,1) 0.0338 0.0384 -0.0784 -0.0273 -0.0530
[0.665] [0.761] [-1.597] [-0.537] [-1.013]
Positive watchlist (0,1) 0.0785 -0.00547 0.116 -0.0410 0.0569
[0.790] [-0.056] [1.342] [-0.407] [0.603]
Other covariates Yes Yes Yes Yes Yes
Rating FE Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes
Observations 874 978 1,113 853 801
Pseudo R2 0.125 0.109 0.0859 0.150 0.162
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Table B.4: Intra-firm segment performance analysis including watchlist placements

The table presents average marginal effects of logit regressions of dummy variables indicat-
ing intra-firm segment under- or over-performance on covariates described in Table 1 using
the Segment Sale sample. In specification (4) we include a variable indicating the fraction
of segments that are core segments to correct for mechanical effects. The same covariates
are included as in Table B.3. t-statistics are in brackets. Respectively, *, ** and *** denote
statistical significance at the 10%, 5%, and 1% level.

High Asset Low Operating  Highest  Non-Core Low Low Low
Redeployability Cash flow Tobin’s q  Segment  Profitability —Profit Margin  Asset Turnover
VARIABLES (1) (2) (3) (4) (5) (6) (7)
Rating downgrade (0, 1) = 1 0.124%%* 0.139%** 0.112%%* 0.0345 0.0766 -0.0174 0.0845**
[3.347) [2.861] [2.817) [0.697) [1.545] [-0.350] [1.982]
Rating upgrade (0, 1) =1 0.0481 0.204%*+* -0.0484 -0.0318 0.136* 0.00593 -0.0900
[0.784] [2.754] [-0.712] [-0.430] [1.790] [0.074] [-1.270]
Negative watchlist (0,1) -0.0867* -0.118** -0.0419 -0.0240 -0.0917 0.0823 -0.0373
[-1.923] [-2.011] [0.931]  [-0.471] [-1.602] [1.493] [-0.774]
Positive watchlist (0,1) -0.0704 -0.281%* -0.00996 0.100 -0.214* -0.206* 0.0486
[-0.933] [-2.413] [-0.124] [1.106] [-1.912] [-1.953] [0.542]
Other covariates Yes Yes Yes Yes Yes Yes Yes
Rating FE Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes
Observations 1,259 908 1,308 989 957 1,046 1,185
Pseudo R2 0.0696 0.0554 0.0993 0.165 0.0430 0.0468 0.0497
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Table B.5: Cox hazard regressions and acquisition activity

The coefficients in the table represent hazard rate coefficient estimates of an asset sale
event using Cox proportional hazard regressions on a monthly basis over the entire sample.
Acquisition spending is the monthly ratio of aggregated deal values for firm ¢ from month
t—24 to t—6 to the most recent book value of assets prior to month ¢. Acquisition activity
is an indicator variable equal to one if Acquisition spending > 0 and zero otherwise. We
define Cash (equity) acquisition spending as the aggregate dollars spent with cash (equity)
on acquisitions for firm ¢ from month {24 to -6 to the most recent book value of assets
prior to month t. All acquisition activity and spending is from SDC. Models (1) to (5)
utilize the full sample of observations. Model (6) is for the sub-sample where Acquisition
activity equals one and model (7) is for the sub-sample where Acquisition activity equals
zero. The same covariates are included as in Table 3. We cluster standard errors by firm and

report t-statistics in brackets. Respectively, *, **, and *** denote statistical significance at
the 10%, 5%, and 1% level.
Acquisition Activity
Yes No
1) 2) ®3) (4) (5) (6) (7)
Rating downgrade (0,1) 0.360***  0.335%F*F  (0.352%**  (0.352%**  (.344%FFF  (.333*¥**  (0.317***
[5.61] [5.18] [5.52] [5.48] [5.40] 3.78] [3.76]
Rating upgrade (0,1) -0.161%  -0.190**  -0.158*  -0.167** -0.163** -0.231%* -0.115
[1.95]  [2.27]  [1.91]  [-2.03]  [1.98]  [1.97]  [1.02]
Recent M&A Activity 0.926%** 0.866***  (.878%**  (.817***
[19.27] [15.38)  [17.81]  [14.37]
Aggregate value Recent M&A Activity 2.476%**
[16.95]
Aggregate cash in Recent M&A Activity 0.747** 0.751%*
[2.49] [2.56]
Aggregate stock in Recent M&A Activity 1.534% %% 1.540%**
[4.26] [4.34]
Other covariates Yes Yes Yes Yes Yes Yes Yes
Industry fixed effects No No No No No No No
Time fixed effects No No No No No No No
Industry covariates No No No No No No No
Observations 587,043 587,043 587,043 587,043 587,043 134,596 452,447
Pseudo R-squared 0.066 0.061 0.067 0.067 0.067 0.083 0.053
Number of clusters 6,406 6,406 6,406 6,406 6,406 3,305 6,087
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Table B.6: Cox hazard regressions excluding LBOs

The coefficients in the table represent hazard rate coefficient estimates of an asset sale event
using Cox proportional hazard regressions on a monthly basis over the entire sample. We
exclude asset sale events that are LBO deals (model (1)), where the seller is an LBO firm
(model (2)), where the seller parent is an LBO firm (model (3)), and where the acquirer
is an LBO firm (model (4)). The same covariates are included as in Table 3. We cluster
standard errors by firm and report t-statistics in brackets. Respectively, *, ** and ***
denote statistical significance at the 10%, 5%, and 1% level.

Target
Target parent  Acquirer
NoLBO 1noLBO 1noLBO noLBO
(1) (2) 3) (4)
Rating downgrade (0, 1)  0.391%%*  (.392*%**  (.396*** (.399***

[5.71] [5.92] [5.97] [5.94]
Rating upgrade (0, 1) -0.252%%% _0.207**  -0.216%*  -0.209**

[-2.83] [-2.46] [-2.54] [-2.44]
Other covariates Yes Yes Yes Yes
Industry fixed effects No No No No
Time fixed effects No No No No
Industry covariates No No No No
Number of observations 587,043 587,043 587,043 587,043
Pseudo R2 0.055 0.055 0.055 0.056
Number of clusters 6,406 6,406 6,406 6,406
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Table B.7: Cox hazard regressions for failed asset sales and asset sales by purpose

The coefficients in the table represent hazard rate estimates for failed asset sale events and
asset sales events by self-reported purposes: Relaxing credit constraints (Relax), Discipline,
or Ambiguous. Specification (1) presents Cox proportional hazard regressions on a monthly
basis over the entire sample for never completed deals that were rumored, intended, pending,
were seeking a buyer or only partially completed (failed deals). This specification implicitly
assumes that multiple events can happen to a subject and that hazard rates are unaffected
by past events. Specifications (2) to (5) present sub-hazard estimates for failed deals and
asset sales by purpose using the competing risk model by Fine and Gray (1999). The
same covariates are included as in Table 3. We cluster standard errors by firm and report
t-statistics in brackets. Respectively, *, ** and *** denote statistical significance at the

10%, 5%, and 1% level.

Competing risk
(1st only) subhazard

Failed asset sale Relax  Discipline Ambiguous Failed asset sale
(1) (2) (3) (4) (5)

Rating downgrade (0, 1) 0.301*** 0.830 -0.336 0.381%** 0.223

[3.03] [1.56] [-0.70] [3.02] [1.26]
Rating upgrade (0, 1) -0.313** 0.998 -0.777 0.204 -0.0639

[-2.23] [1.49] [-1.07] [1.32] [-0.27]
Other covariates Yes Yes Yes Yes Yes
Industry fixed effects No No No No No
Time fixed effects No No No No No
Industry covariates No No No No No
Number of observations 606,620 444,579 444,579 444,579 444,579
Pseudo R2 0.036 - - - -
Number of clusters 6,550 6,467 6,467 6,467 6,467
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Table B.8: Cox hazard regression excluding anticipated deals

The coefficients in the table represent hazard rate coefficient estimates of an asset sale
event using Cox proportional hazard regressions on a monthly basis over the entire sample.
We exclude asset sale events that were rumored before completion (model (1)), that had
announced that they were seeking a buyer prior to completion (model (2)), and both (model
(3)). The same covariates are included as in Table 3. We cluster standard errors by firm and
report t-statistics in brackets. Respectively,

the 10%, 5%, and 1% level.

ko ksk

)

, and *** denote statistical significance at

2)

(3)

Excluding seeking buyer

Excluding both

(1)
Excluding Rumors
Rating downgrade (0, 1) 0.379%**
[5.81]
Rating upgrade (0, 1) -0.188**
[-2.19]
Other covariates Yes
Industry fixed effects Yes
Time fixed effects Yes
Industry covariates Yes
Number of observations 578,306
Pseudo R2 0.084
Number of clusters 6,364

0.357%**

[5.32]
-0.145
[-1.63]
Yes
Yes
Yes
Yes
578,306
0.082
6,364

0.355%**

[5.23]
-0.158*
[-1.76]
Yes
Yes
Yes
Yes
578,306
0.081
6,364
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