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Abstract

We study how firms’ financial conditions shape the transmission of monetary policy,
measuring those conditions using firms’ excess bond premia (EBPs)—what investors
price into credit spreads beyond expected default risk. We show this includes firms’
default-risk cyclicality: low-EBP firms’ default risk co-moves less with aggregate risk.
We find that monetary easings compress low-EBP firms’ credit spreads by less while
raising their investment by more. Credit supply shocks produce the same contrast.
In a stylized model, matching these results requires monetary policy to adjust firms’
capital supply curves more than their demand curves, and that low-EBP firms sit
on flatter portions of their convex demand curves. As the model implies, the cross-

sectional EBP distribution predicts the aggregate potency of monetary policy.
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1 Introduction

How do firms’ financial conditions shape the transmission of monetary policy? A large
literature grounds this question in theories of financial frictions (e.g., Bernanke and Gertler,
1989; Kiyotaki and Moore, 1997), with the severity of these frictions proxied empirically by
firm characteristics such as size (Gertler and Gilchrist, 1994), liquid assets (Jeenas, 2019),
and age (Cloyne et al., 2023). This existing literature has focused on either quantities or
prices: Ottonello and Winberry (2020) find that less-constrained firms—those with low
leverage and high distance-to-default—invest more after a monetary policy easing, while
Anderson and Cesa-Bianchi (2024) find that their credit spreads fall by less. We study
price and quantity responses jointly, for two shocks—monetary policy and credit supply—
and with a new proxy for the frictions firms face when borrowing to invest: their excess
bond premia (EBPs), which measure what investors price into firms’ credit spreads beyond

expected default risk (Gilchrist and Zakrajsek, 2012).

Together, these ingredients discipline the channels through which financial conditions
shape monetary policy transmission. Unconditional credit spread and investment responses
reveal whether monetary policy shifts capital supply or demand curves more on average,
while conditional responses restrict cross-firm differences in these curves’ slopes and any
asymmetries in their shifts. Shocks to financial intermediary net worth isolate the credit
supply channel. And EBPs price frictions that balance-sheet characteristics miss, such as
premia for firms’ default-risk cyclicality. We find that monetary and credit supply easings
compress spreads and raise investment on average, with low-EBP firms’ spreads falling by
less even as their investment rises by more. Matching these moments in a stylized supply-
and-demand framework requires supply to shift more than demand, and points to low-EBP
firms’ lower supply curves intersecting flatter portions of their convex demand curves. Thus,

a given supply shift raises their investment by more while compressing their spreads by less.

We first look for risk premia in firms’ EBPs. These EBPs are constructed by stripping
firms’ expected default risk from their credit spreads using a single price of risk across

firms and over time. Any firm-specific or time-varying pricing of default risk is therefore



embedded in firms’ EBPs.! Averaging EBPs across firms isolates the common component,
which Gilchrist and Zakrajsek (2012) link to the financial sector’s risk-bearing capacity. We
instead look for firm-specific pricing of risk by estimating how firms’ distance-to-default
loads on aggregate risk factors, including the S&P500 return and the intermediary capital
risk factor of He et al. (2017). For both factors, low-EBP firms’ default risk co-moves less
with aggregate risk: their distance-to-default falls by up to 20 percent less than high-EBP
firms” when aggregate risk rises. The same holds within firm, so this pricing also varies over
time as firms’ EBPs move. Thus, firms’ default risk cyclicality is one premium priced into
firms” EBPs. Since EBPs embed other premia and convenience yields as well, we interpret

firms” EBPs as multidimensional premia that shape their access to external funds.

We then study how firms” EBPs condition their responses to monetary policy. Our
sample combines bond-level credit spreads and firm-level balance sheets for U.S. public non-
financial firms from 1985 to 2021. We find that surprise monetary easings compress credit
spreads less for lower-EBP firms, yet their investment increases by more. Quantitatively, in
response to a 1 percentage point (pp) easing, the spreads of low-EBP firms—those in the
bottom quintile of the EBP distribution—fall by 2pp less than high-EBP firms’ at their
peak, while their investment rises by 12pp more. These differential responses are large—
comparable to the average responses observed across all firms—pointing to the relevance
of firms’ EBPs as state variables for monetary transmission. These results incorporate
sector-time fixed effects, and hold controlling for other firm characteristics, for alternative
definitions of “low-EBP firms”, with alternative monetary policy shocks, and excluding the

zero-lower-bound period.

To evaluate credit supply’s role in shaping monetary transmission across firms, we re-
peat the analysis using credit supply shocks. We use the high-frequency shocks of Ottonello
and Song (2025), which are measured as changes in financial intermediaries’ net worth
around their earnings announcements, purged of information related to non-financial firms.
These shocks’ heterogeneous effects mimic those from monetary policy shocks. Since mon-

etary policy transmits, at least in part, by adjusting credit supply (Bernanke and Gertler,

!The Merton (1974) model used to construct firms’ expected default risk—i.e., their distance-to-
default—assumes zero covariance between a firm’s default risk and aggregate risk, so any pricing of that
covariance would enter the EBP component of credit spreads.



1995; Kashyap and Stein, 2000), credit supply shocks—which move intermediaries’ net
worth without adjusting the risk-free rate on-impact—isolate this channel. Thus, monetary

policy’s heterogeneous effects can be generated by changes in credit supply alone.

To understand the economic channels required to match these results, we build a
stylized model of capital markets. Homogeneous financial intermediaries, subject to skin-
in-the-game balance sheet constraints (Gertler and Kiyotaki, 2010 and Gertler and Karadi,
2011), lend capital to firms that differ in how their default risk covaries with aggregate risk.
Intermediaries’ constraints imply that firms face upward sloping capital supply (marginal
cost) curves, and firms with lower default-risk cyclicality tighten those constraints less, thus
facing lower (and flatter) curves. In extensions, we show that other firm-specific premia
and convenience yields similarly alter these capital supply curves. All firms share the same
convex capital demand curve. In equilibrium, EBPs arise endogenously: intermediaries’
balance-sheet capacity drives the average EBP, as in Gilchrist and Zakrajsek (2012), while
firms with lower default-risk cyclicality have lower EBPs, as in the data. Crucially, low-EBP

firms with lower supply curves sit on flatter portions of their convex demand curves.

The data tightly constrain how these supply and demand curves can move. Monetary
policy easings, as in Ottonello and Winberry (2020), can shift both curves: an increase in
intermediary net worth shifts firms’ capital supply curves outward, and a fall in the risk-free
rate shifts their demand curves outward. That spreads fall and investment rises on average
requires capital supply to move more than demand. That low-EBP firms’ investment rises
by more while their spreads fall by less requires either that they sit on flatter segments of
their convex demand curves or that demand shifts more for these firms. Two findings favor
the first: (i) low-EBP firms’ sales rise only marginally relative to high-EBP firms’ when
policy eases; and (ii) sizable asymmetric shifts produce counterfactual spread responses.
Heterogeneity therefore follows from where each firm’s capital supply curve intersects the

common convex demand curve, with low-EBP firms positioned on flatter demand segments.

Finally, the EBP distribution conditions how much monetary policy affects aggregate
investment. As our framework implies, monetary easings raise aggregate investment by

more when the EBP distribution has a lower median or is more left-skewed. Importantly,



these effects hold controlling for monetary policy’s weaker transmission in recessions.

Literature Review: Our paper relates to three strands in the literature. The first studies
firm financial heterogeneity and monetary transmission. This literature builds on theories
in which firms’ access to external funds is subject to financial frictions, such as agency
costs (Bernanke et al., 1999), collateral constraints tied to firms’ physical capital (Kiyotaki
and Moore, 1997) and earnings (Lian and Ma, 2021), as well as frictions in financial inter-
mediation (e.g., Gertler and Kiyotaki, 2010, and Gertler and Karadi, 2011). Importantly,
greater frictions raise and steepen firms’ marginal cost curves (Ottonello and Winberry,
2020). On the empirical front, the literature has used many firm characteristics to mea-
sure these frictions, such as liability structure (Ippolito et al., 2018; Giirkaynak et al.,
2022), age (Bahaj et al., 2022; Durante et al., 2022), size (Crouzet and Mehrotra, 2020),
leverage (Caglio et al., 2021; Wu, 2018; Lakdawala and Moreland, 2021), credit default
swap spreads (Palazzo and Yamarthy, 2022), liquid assets (Jeenas, 2019; Jeenas and La-
gos, 2022), liquidity-constraints (Kashyap et al., 1994), marginal productivity (Gonzélez
et al., 2021), and information frictions (Ozdagli, 2018; Chava and Hsu, 2020).? David and
Zeke (2024) study how monetary policy affects long-run dynamics of TFP via firms’ expo-
sure to aggregate risk. We contribute to this literature by showing that firms” EBPs sort
their investment and credit spread responses in opposite directions for both monetary pol-
icy and credit supply shocks. We also show that EBPs are distinct from the characteristics
above; they embed default-risk cyclicality and other premia those measures miss. Moreover,
studying prices and quantities together, for two shocks, isolates the contributions of credit

supply from those of demand, which studies of a single outcome or shock cannot do.

Second, we relate to the literature on the determinants of investment, especially user
cost of capital (Jorgenson, 1963) and Q theory (Tobin, 1969).® To address Q theory’s em-
pirical weakness based on equity prices, Philippon (2009) builds a model in which a “bond
market’s Q”, captured by firm credit spreads, predicts U.S. aggregate investment. Relatedly,

2Focusing on firm cyclicality, Crouzet and Mehrotra (2020) highlight that as a state variable, firm size
may not be capturing the extent of firms’ financial frictions, but rather their industry scope.

3These literatures have their roots in the prima facie incompatibility between the stock and flow the-
ories of capital and investment, respectively (e.g. Clark, 1899, Fisher, 1930, Keynes, 1936, Hayek, 1941).
Beginning with Lerner (1953), g-theory has appealed to adjustment costs to resolve this incompatibility
(see e.g. Lucas and Prescott, 1971, Abel, 1979 and Hayashi, 1982).



Gilchrist and Zakrajsek (2007) and Gilchrist et al. (2014) find similar results for firm-level
credit spreads, which are the main source of variation in firms’ user-cost of capital. Gilchrist
and Zakrajsek (2012) clarify that it is the EBP component of credit spreads—which they
link to financial intermediaries’ risk-bearing capacity—that best predicts aggregate eco-
nomic activity. Our contribution is to focus on this component’s cross-section, where we
document that default risk cyclicality is one premium that investors price into firms’ EBPs.
In a stylized model, we also show how EBPs can embed an array of premia and convenience
yields. Further, since the model’s average EBP reflects intermediaries’ balance-sheet capac-
ity while the cross-section reflects the frictions individual firms face, this helps connect

financial-sector and firm-centered theories of investment.

Third, our paper relates to the literature investigating the time-varying aggregate
effects of monetary policy. Vavra (2014) and McKay and Wieland (2021) build models in
which monetary policy is less effective in recessions due to cyclicality in the cross-sectional
distribution of price adjustments and durable expenditures, respectively. Tenreyro and
Thwaites (2016) document that the decreased power of U.S. monetary policy in recessions
is particularly evident for durables expenditure and business investment, while Jorda et al.
(2020) show this pattern holds internationally. Our paper highlights that the moments of
the cross-sectional EBP distribution condition monetary policy’s aggregate effectiveness,

even after controlling for its weaker power in recessions.

2 Data and Descriptive Statistics

2.1 Data Sources and EBP Calculation

To provide a comprehensive picture of the firm, we use four databases: (i) the Center
for Research in Security Prices (CRSP) Database, Wharton Research Data Services for
firms’ equity prices; (ii) the CRSP/Compustat Merged Database, Wharton Research Data
Services for firms’ balance sheets; and both the (iii) Arthur D. Warga, Lehman Brothers

Fixed Income Database and (iv) the Interactive Data Corporation, ICE Pricing and Refer-



ence Data, for monthly corporate bond yields quoted in secondary markets. Merging these
databases enables our investigation into monetary policy’s effects on U.S. non-financial

firms’ quantities (investment) and prices (credit spreads).

Using this data, we first compute the credit spread S;;; on the bond £ issued by firm
1 at time t as the difference between the bond’s yield and the yield on a U.S. Treasury
that shares the same maturity, with the latter calculated by Giirkaynak et al. (2007).
Following Gilchrist and Zakrajsek (2012), we then calculate the excess bond premium by
decomposing each bond’s credit spread S;;; into two components. The first is the predicted
spread S}kt, computed from the fitted values of the following panel regression of bond-
level credit spreads on firm-level expected default risk—as measured by firms’ distance to
default DD;; (Merton, 1974)—and a vector of bond characteristics X;z; that includes, e.g.,

the bonds’ duration, age, par value, coupon rate, and whether it is callable:

log Sixe = BDDy; + 7/Xz‘kt + Uikt (1)

The second component is the excess bond premium, E B P;;, calculated from the bond-
level residuals in regression (1) (Appendix A.3). We define a firm’s FBP;; as the equal-
weighted average of E'B Py, across its outstanding bonds. EBPs summarize the premia and
convenience yields investors price in beyond firms’ expected default risk and the bonds’
characteristics.* Section 3 provides an example of one such priced risk premium—the cycli-
cality of firms’ default risk—showing that EBPs behave as risk premia should. Altogether,
the risk premia and convenience yields in EBPs act as financial frictions that shape the
marginal cost curves firms face when borrowing to invest (Section 6). Just as the average
EBP is a widely used gauge of aggregate financial conditions, we expect firm-specific EBPs
to be informative measures of firm-level financial conditions. This motivates our investiga-

tion of firms’ EBPs as state variables driving their sensitivity to monetary policy.

We calculate EBPs for all the bonds in the Lehman-Warga (1973-1998) and ICE (1997—

4The distance-to-default term in regression (1) may not fully purge credit spreads of firms’ expected
default risk. We therefore re-estimate (1) controlling for non-linear DD;; terms and construct a modified
EBP, EBP_exDD;j,;. Although the 2" 3" and 4*" powers of DD;, are significant, using EBP_exDD;,
does not affect our results (Appendix B.8).



FIGURE 1
Cross-Sectional Distribution of Bond-Level EBPs over Time
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Note. Figure 1 shows the mean and selected percentiles (5“‘, 10", 90*" | and 95th) of the cross-sectional
distribution of monthly bond-level EBPs. Shaded columns correspond to periods classified as recessions
by the National Bureau of Economic Research.

2021) databases whose firm’s balance sheet information and equity prices are available in
Compustat and CRSP, respectively.® This yields an EBP dataset with 10,061 bonds issued
by 1,630 firms at a monthly frequency from 1973 to 2021.° Appendix A provides variable

definitions, sample selection, outlier cleaning, and summary statistics.

2.2 The Cross-Sectional EBP Distribution

Figure 1 plots the bond-level cross-sectional EBP distribution, which displays considerable
heterogeneity. For most of the sample, left-tail percentiles lie below zero: an appreciable
segment of bonds receive a discount relative to what their expected default risk and bond’s
characteristics predict. These percentiles also fluctuate less cyclically than the mean EBP,

rising above zero only during the 2008 crisis. Right-tail percentiles, in contrast, are more

SAppendix A.3 details the EBP calculation and shows that our mean credit spread and mean EBP
correlate with those of Gilchrist and Zakrajsek (2012) at 96% and 86%, respectively.

5Focusing on bond-financed firms tilts our sample toward large firms, but data on both spreads and
investment are essential to our analysis. Since large firms play an outsized role in driving U.S. business
cycles (Carvalho and Grassi, 2019), our firm-level results should also be relevant for monetary policy’s
aggregate effects, as we show in Section 7.



TABLE 1
Transition Matrix for Monthly Bond-Level EBPs

EBPy.;41 Quintiles
1 2 3 4 5
1 0.85 0.11 0.02 0.01 0.01
EBPy, 2 0.13 0.67 0.16 0.03 0.02
Quintiles 3 0.02 0.18 0.62 0.16 0.02
4 0.01 0.04 0.18 0.66 0.11
5 0.01 0.01 0.02 0.13 0.83

Note. Table 1 provides transition probabilities for monthly bond-level EBPs based on 5 states. Entry
in row i and column j refers to the probability of transitioning from state (quintile) i to state (quintile)
j in the subsequent month. Probabilities are calculated as an average over the sample.

volatile than the mean and generally positive, so these firms usually pay a premium on

their borrowing costs, especially in recessions.

Although the percentiles of the EBP distribution vary considerably over time, a bond’s
place within it is reasonably persistent. The Markov transition matrix in Table 1 shows
that a bond’s EBP is far more likely to stay in its quintile in the next month (diagonal
entries) than to move to any other, particularly in the lowest and highest quintiles. Such

persistence is necessary if EBPs are to reflect durable frictions rather than transitory noise.

Figure 2 reports firms’ average EBP across quintiles of five other firm characteristics:
leverage, liquid assets, age, size, and Tobin’s average Q. There is limited association between
firms” EBPs and their leverage or liquid asset share, two prominent measures of financial
constraints. In contrast, older and larger firms, and firms with higher Tobin’s Qs, tend to
have lower EBPs. Despite these correlations, the conditioning power of firms’ EBPs for

monetary policy transmission is not driven by these characteristics.”

"We show this in two ways, both of which yield results similar to our baseline: (1) a modified EBP
that purges credit spreads of these characteristics, EBP_exChar;,; (Appendix B.8); and (2) a horserace
between monetary policy’s interaction with firms’ EBPs and its interactions with these characteristics
(Appendix B.2).



FIGURE 2
Firm EBPs vs. Firm Characteristics in the Cross-Section
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Note. Figure 2 reports firms’ average EBP (y-axis) in each quintile of the following firm character-
istics (x-axis): leverage (debt over assets), liquid assets (cash over assets), age (months since IPO),
size (assets), and Tobin’s average Q (market over book value of assets). Lines of lighter colors corre-
spond to 90% confidence intervals. For each firm characteristic, (i) we sort firms into quintiles using
the historical average of the characteristic, then (ii) we calculate the average EBP (and associated
confidence interval) for the firms in each quintile.

2.3 Common Features of Regression Specifications

This section outlines common features of our regression. Although we present them in the

context of evaluating monetary policy’s effects, they apply throughout the paper.

To estimate monetary policy’s effects conditional on firms’ EBPs, we follow Gertler
and Gilchrist (1994) and Cloyne et al. (2023) in constructing indicator variables for whether
an EBP lies below a given threshold of the cross-sectional distribution, which we interact
with monetary policy shocks in panel local projections & la Jorda (2005).% In our baseline,
1EBPYY equals 1 if the EBP of firm i’s bond k is in the bottom quintile of the time-¢
distribution, and 0 otherwise. For firm-level regressions, we use its firm-level counterpart,
1EBP[™. We focus on the bottom tail since these firms’ investment is particularly respon-

sive to monetary policy, which matters for aggregate effects (Section 7). Our conclusions

8We lag the interaction by one period to ensure it is not affected by the monetary policy shock.



are robust to other thresholds, such as the median (Appendix B.3), and to specifications

with linear interactions or within-firm variation (Appendix B.8).

In our baseline specifications, we use the monetary policy shocks of Bu et al. (2021),
which combine three appealing features. First, by extracting high-frequency interest-rate
movements from the entire U.S. Treasury yield curve, these shocks stably bridge periods of
conventional and unconventional monetary policy. Second, these shocks are largely free of
the central bank information effect, whereby policy announcements may also reveal the cen-
tral bank’s views on the macroeconomy. Third, these shocks are not predictable by ex-ante
available information, such as Blue Chip forecasts, “big data” measures of economic activ-
ity, news releases, and consumer sentiment.” We calculate the shocks from January 1985 to
July 2021, summing them within the month (quarter) for monthly (quarterly) regressions.
We also normalize the shocks so that positive values denote easings. Appendix A.1 provides
further details; Appendices B.9 and B.10 show that our results are robust to alternative

monetary policy shocks and to excluding the zero-lower-bound periods, respectively.

Throughout the paper, we include sector-time fixed effects to control for differences in
sectoral sensitivities to time-varying factors, and firm fixed effects for permanent differences
across firms. Our specifications also include firm-level controls Z;;: leverage, (log) size, sales
growth, age, share of liquid assets, short-term asset share (current over total assets), Tobin’s
(average) Q, and the indicator variables used in the interaction terms (i.e., LEBPY). We
further include the interaction between the monetary policy shock and 15, defined as
1EBP/2" but using predicted spreads, thus controlling for the role of the expected default-
risk component of credit spreads. Our inference uses standard errors that are two-way

clustered by firm and time period.

To measure the average response of spreads and investment to monetary policy, we
include aggregate controls Y, ; in lieu of sector-time fixed effects. These controls include
three lags of the Chicago Fed’s national activity index (GDP growth in quarterly regres-
sions), CPI inflation, the unemployment rate, the economic policy uncertainty index (Baker

et al., 2016), and the first three principal components of the U.S. Treasury yield curve.

9For critiques of earlier monetary policy shocks that exhibited predictability, see, for example, Ramey
(2016), Miranda-Agrippino (2016), and Bauer and Swanson (2020).
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3 Firm EBPs, Default Risk and Aggregate Risk

In this section, we show that the cyclicality of firms’” default risk is priced into firms’ EBPs:
firms with lower EBPs have default risk that co-moves significantly less with aggregate risk

factors. This is one of many premia and convenience yields EBPs are likely to embed.

The credit spread equation (1) assumes a uniform pricing of expected default risk (/)
over time and across firms. Thus, any time-variation and firm-specific pricing of default
risk is embedded in EBPy,. Gilchrist and Zakrajsek (2012) average EBPs across firms and
therefore capture time-variation in the average price of expected default risk, which they
relate to the financial sector’s aggregate risk-bearing capacity and risk aversion. We instead
use the full panel variation in EBPs to test whether firms’ EBPs price default risk in a firm-
specific and time-varying way. As the residual from equation (1), EB Py, is orthogonal to

firms’ distances-to-default by construction, so any residual dependence is non-linear.

We estimate how low- and high-EBP firms’ default risk loads on aggregate risk factors.
We use two factors, which are informative in complementary ways: (1) the return to the
S&P500 index RM* to proxy for the market return a la CAPM (Sharpe, 1964); and (2) the
intermediary capital risk factor n2, which captures innovations to US intermediaries’ capital
and which He et al. (2017) show prices the cross-section of expected returns across many
asset classes. The market return is the natural benchmark, but firms’ distances-to-default
are constructed from their equity prices and volatilities, so loadings on it could partly reflect
firms’ equity betas.'? Intermediary capital, by contrast, is not an input to firms’ distances-
to-default; moreover, as marginal investors in corporate bonds, intermediaries’ risk-bearing

capacity helps price default-risk covariance in the framework we develop in Section 6.

We estimate two firm-level panel regressions at a monthly frequency, separately for

each risk factor. The first measures the average loading of firms’ default risk on aggregate

108till, as default means firm equity goes to zero, a loading on equity beta can in part reflect priced
default risk beta.
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TABLE 2
Firm Default Risk and Aggregate Risk Factors: Low- vs. High-EBP Firms

Alog DD, 0 2 B @)
(.103)
RME  1EBPYY, -.067**
(.022)
nA .024***
(.005)
n® x 1EBPY -.004**
(.001)
N 145,604 154,179 145,604 154,179
Adj. R? .16 .38 .14 .38
Macro-Financial Controls Yes No Yes No
Firm FE Yes Yes Yes Yes
SectorxMonth FE Yes No Yes No
Sectorx Time FE No Yes No Yes

Note: Table 2 reports the loadings of log-change in firms’ default risk on the U.S. S&P500
index return (RM*) and the intermediary capital risk factor (n”). Columns (1) and (3)
report 3499 from regression (2) using RM** and n?, respectively, as the aggregate risk factor.
Columns (2) and (4) report 3499:%¢l from regression (3), which measures how low-EBP firms’
(LEBPY®, = 1) default risk loads on a given aggregate risk factor relative to high-EBP
firms’, using RM** and 72, respectively, as the aggregate risk factor. We drop 1% of firm-
month observations with DD;; < 0, where the log-change is undefined. Standard errors are
two-way clustered by firm and month. *** denotes statistical significance at the 1% level.

risk factors; the second measures how that loading differs for low- versus high-EBP firms:

Alog DD;y = o + g m + ﬁAggRisk,Factorfgg +Zip—1 +0Y 1+ €y,

Alog DD;y = o + s + BAIGE Risk_Factor{¥ x 1TEBPY") + ~ Ziy_, + Eity

where Alog DD, , is the log-change in firm 4’s distance to default, which captures propor-
tional movements in default risk and is therefore comparable across firms; «;, o, and o
are firm, sector-by-calendar-month and sector-time fixed effects; Z; 1 and Y;_; are the
firm-level and aggregate controls described in Section 2.3; and 1EBP/?Y is the low-EBP

indicator defined in Section 2.3. Since the set of low-EBP firms rotates over time, regression

(3) allows for time-variation in firm-specific pricing of default risk.

Table 2 shows that firms’ default risk rises with aggregate risk, and that it does so

12



significantly less for low-EBP firms. The positive coefficients in columns (1) and (3)—39¢
from regression (2)—indicate that when S&P500 index returns or intermediary capital
decline, firms’ distances-to-default decline as well, that is, their default risk rises. Columns
(2) and (4), which display $499-f€! from regression (3), show that this rise is non-uniform:
low-EBP firms’ default risk loads significantly less on aggregate risk than high-EBP firms’,
even within the same sector-time. Quantitatively, low-EBP firms’ distances-to-default fall

10 to 20 percent less than high-EBP firms’ when aggregate risk rises.!!

These results mean that two firms with the same distance-to-default can face different
credit spreads because they have different default-risk cyclicalities.'? This is the sense in
which firms” EBPs price the cyclicality of default risk rather than its level, which equation
(1) absorbs through DD;. Moreover, the relationship holds within firm: when a firm’s
EBP is above its own historical average, its default risk loads more on aggregate risk (see
Appendix B.1). Firm-specific pricing of default risk therefore varies over time—variation
that would be lost by conditioning on a time-invariant default-risk beta estimated over the

full sample.

Two exercises indicate that firms’ EBPs carry information about default-risk cyclical-
ity beyond what is in other firm characteristics. First, sorting firms on EBPs purged of
leverage, size, sales growth, age, current asset share and Tobin’s Q, as well as of polyno-
mial distance-to-default terms, leaves the differential unchanged. Second, the differential
survives a horserace in which the aggregate risk factors are interacted simultaneously with
these other characteristics. Appendix B.1 reports both exercises, and further shows that
our results are robust to alternative percentile cutoffs for 1EBP/Y,, a linear rather than

indicator interaction, and level- rather than log-changes in firms’ distances-to-default.

Firms’ EBPs therefore price the covariance between their default risk and aggregate

risk, and do so in a way that varies over time and across firms. They also embed other premia

U The differential loading of low-EBP firms’ distance-to-default on aggregate risk rises to 30% — 40%
when using a level-change rather than log-change to construct the dependent variable (see Appendix B.1).

12Tn the Merton (1974) model, firms’ default risk is driven by their equity values and volatilities, so
differences in default-risk cyclicality will in part reflect differences in the sensitivity of firms’ equity prices
and volatility to aggregate risk. Our point is that this sensitivity is priced in the EBP—mnet of expected
default risk—and not only in equity returns.
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and convenience yields, which is why we treat EBPs as multi-dimensional borrowing premia.
Whatever their composition, these premia shape the marginal cost curve for external finance

faced by firms, which we model in Section 6.

4 Monetary Policy Shocks, Spreads and Investment

In this section, we study the response of firms’ credit spreads and investment to monetary
policy shocks, both on average and conditional on firms’ ez-ante EBPs. We find a contrast
between prices and quantities: monetary policy easings compress credit spreads more for

higher-EBP firms, yet raise investment more for lower-EBP firms.

4.1 Monetary Policy and Bond-Level Credit Spreads

To measure the unconditional response of credit spreads to monetary policy, we estimate

the following regressions at a monthly frequency for a series of horizons h:'?
Siktrn — Sikt—1 = o + Oégm + Bre) + Y Zi—1 + 8"Y 1 + €ipun, (4)

where S;; denotes firm ¢’s bond k credit spread; €]* refers to the monetary policy shock

(where positive values reflect easings); a

h'is a firm fixed effect; o is a sector-month

seasonal fixed effect; and Z;_; and Y,_; are, respectively, the vectors of firm-level and
aggregate control variables described in Section 2.3. To measure the response of credit

spreads conditional on bonds’ ex-ante EBPs, we estimate the following regressions:
Sikth — Sikt—1 = o + Oéit + BY (el x LEBPRY ) +4"Ziy—1 + eqan, (5)

which include sector-time fixed effects a?}t and the interaction between the monetary policy
shock e and 1EBP/?Y |, the low-EBP indicator from Section 2.3.'* With sector-time fixed

effects, 8" measures the response of credit spreads to monetary policy for low-EBP bonds

13The specifications in this subsection are based on Anderson and Cesa-Bianchi (2024).
14 Appendix B.7 shows our results hold when conditioning on firm-level rather than bond-level EBPs.
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FIGURE 3
Response of Bond-Level Credit Spreads to Monetary Policy

(A) Average Response (B) Low-EBP Bonds’ Relative Response
Marginal Effects Marginal Effects
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Note. Figure 3 reports the dynamic response of the h-month change in bond-level credit spreads,
Sixt+n—Sikt_1, to a 1 percentage point monetary policy easing shock, £7*. Panel 3a plots the 4's from
regression (4), which trace the unconditional (average) credit spread response. Panel 3b plots the
B{Ls from regression (5), which trace the credit spread response of low-EBP bonds, defined as bonds
with EBPs in the bottom quintile of the cross-sectional EBP distribution at t —1 (LEBP?® | = 1),
relative to high-EBP bonds, i.e., bonds not in the bottom quintile. Inner and outer shaded areas are,
respectively, 68% and 90% confidence intervals constructed using two-way clustered standard errors
by firm and month.

relative to high-EBP bonds by comparing bonds within the same sector and time period.

Figure 3 shows that monetary policy has a significant, and heterogeneous, effect on
bond credit spreads. Panel 3a reports the 37's from regression (4), which trace the average
response of bond-level credit spreads to a surprise monetary policy easing. We find that
a 1 percentage point easing shock induces a decline in the average bond’s credit spread
of over 3 percentage points 8 months after the shock, albeit with wide confidence bands.
This result suggests a delayed peak effect of monetary policy on firms’ marginal borrowing

rates, an issue overlooked by short-horizon studies.'®

Panel 3b reports the f's from regression (5), which trace the relative response of low-
EBP bonds’ credit spreads compared to high-EBP bonds’. The positive marginal effects
imply that low-EBP bonds’ spreads decrease by significantly less than high-EBP bonds’

15This delayed peak effect of monetary policy on bond-level credit spreads is in line with the findings in
several aggregate studies e.g., Jarocinski and Karadi (2020) and Bu et al. (2021).
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following a monetary policy easing. Quantitatively, 8 months after the shock, the credit
spreads of bonds in the bottom quintile of the EBP distribution are estimated to have
fallen by 2 percentage points less than those in upper quintiles—roughly two-thirds of the
average response at the same horizon. The same pattern holds when spreads are measured
in proportional (i.e., log-changes) rather than absolute changes (Appendix B.7), and it is
the EBP component of credit spreads itself that adjusts (Appendix B.4). Overall, monetary
policy easings compress credit spreads meaningfully more for higher-EBP bonds, that is,

for bonds of firms facing greater borrowing premia.

4.2 Monetary Policy and Firm-Level Investment

Turning to quantities, we document that low-EBP firms’ investment increases more than

that of high-EBP firms’ following a monetary policy easing.

Following a similar structure to the previous subsection, we study the transmission of
monetary policy to firm-level investment both unconditionally and conditional on a firm’s
ex-ante EBP. To evaluate the unconditional investment response, we estimate the following

local projections at a quarterly frequency for a series of horizons h:'¢

K;
log (K;Jrh) =al + Oég,q + Brem + A "Zir 1 + 6"Y 1 + ein, (6)
it—1

h

where K is the real book value of firm 7’s tangible capital stock, Ay,

is a sector-quarter
seasonal fixed effect, and the remaining variables are as defined in Section 4.1.!7 To assess
the investment response conditional on firms” EBPs, we estimate the following regressions:

K;
log (K;Jrh) =af + a?,t + B1(ef" X LEBPY™) + 4" Zis—1 + €in, (7)
it—1

where 1EBP/Y is the firm-level low-EBP indicator from Section 2.3.

Analogous to Section 4.1, Figure 4 highlights that monetary policy exerts a sizable,

but heterogeneous, effect on firms’ investment. The average investment response to mon-

16The specifications in this subsection are based on Ottonello and Winberry (2020).
T"We also include one lag of firm-level EBPs and predicted spreads as controls.
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FIGURE 4
Firm-Level Investment Response to Monetary Policy

(A) Average Response (B) Low-EBP Firms’ Relative Response
Marginal Effects Marginal Effects
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Note. Figure 4 reports the dynamic response of firm-level investment, log(K;tin/Kit—1), to a 1
percentage point monetary policy easing shock, £/*. Panel 4a plots the 80's from regression (6), which
trace the unconditional investment response. Panel 4b plots the 5's from regression (7), which traces
the investment response of low-EBP firms, defined as firms with EBPs in the bottom quintile of the
cross-sectional EBP distribution at ¢t — 1 (1LEBPY®, = 1), relative to high-EBP firms, i.e., firms
not in the bottom quintile. Inner and outer shaded areas are, respectively, 68% and 90% confidence
intervals constructed using two-way clustered standard errors by firm and quarter.

etary policy across firms is traced in Panel 4a. The response is hump-shaped and carries
wide confidence bands, with a 1 percentage point monetary easing estimated to increase
investment for the average firm by 10 percent at its peak, which occurs 7 quarters after
the shock.'® This average effect, however, masks considerable heterogeneity based on firms’
ex-ante EBPs, as shown in Panel 4b. The positive marginal effects, in this case, indicate
that low-EBP firms, i.e., those facing lower borrowing premia, increase investment consid-
erably more than high-EBP firms following a monetary easing. Quantitatively, 7 quarters
after the shock, low-EBP firms’ investment is estimated to have increased by 12 percentage
points more than high-EBP firms'—a differential as large as the average response across all
firms. Consistent with these results, Appendix B.5 provides evidence that low-EBP firms’

debt also increases significantly more than high-EBP firms’ following a monetary easing.

Two exercises indicate that firms’ EBPs carry information for monetary policy trans-

18The magnitude of this unconditional effect lies between the estimates of Jeenas (2018) and Ottonello
and Winberry (2020).
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mission to credit spreads and investment beyond that contained in other firm characteris-
tics. First, sorting firms on EBPs purged of characteristics Z;;_1, as well as of polynomial
distance-to-default terms, leaves the heterogeneity unchanged (Appendix B.8). Second, the
heterogeneity survives a horserace in which monetary policy shocks are interacted simul-
taneously with Z;_ i, distance-to-default, and firms’ credit ratings (Appendix B.2). The
results also hold within firm, using deviations of firms’” EBPs from their own historical av-
erages a la Ottonello and Winberry (2020), so they are not driven by permanent differences
across firms (Appendix B.8). Our results are further robust to alternative percentiles of the
EBP distribution, a linear rather than indicator interaction, alternative monetary policy

shocks, and excluding the zero-lower-bound period (Appendices B.3, B.8, B.9 and B.10).

5 Credit Supply Shocks, Spreads and Investment

This section shows that the effects of credit supply shocks conditional on firms” EBPs mimic
those from monetary policy. Since these shocks move intermediaries’ net worth but not the
risk-free rate on impact, monetary policy’s heterogeneous effects can arise from changes in

credit supply alone.

To measure credit supply shocks, we use the high-frequency shocks identified by Ot-
tonello and Song (2025). These shocks are constructed, over the period 2002 to 2020, by
measuring changes in the market value of intermediaries’ net worth in narrow windows
around their earnings announcements. Using sign restrictions, the shocks are then purged
of information related to non-financial firms (e.g., credit demand), with the residual purged

shocks reflecting pure changes in credit supply.

We then re-estimate our baseline regressions from Sections 4.1 and 4.2 using the credit

supply shocks. Specifically, we estimate:

Yiwyrn — Yigye-1 = Oé? + aﬁ,m/q + 5?555 +Y"Zis 1 +8"Y g+ €i(k)ths (8)
Yitmyen — Yity—1 = o + o, + 1 (e x LEBPJGS, 1) + 7" Zis—1 + eiyn, 9)
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FIGURE 5
Response of Firms’ Credit Spreads and Investment to Credit Supply Shocks

(A) Average Spread Response (B) Low-EBP Bonds’ Relative Spread Response
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Note. Figure 5 reports the dynamic responses of bond-level credit spreads and firm-level investment
to an expansionary credit supply shock 5? 9 as calculated by Ottonello and Song (2025). Panels
5a and 5c plot the ,st from regression (8), tracing the average credit spread S;x¢1pn — Sikt—1 and
investment log(K ;45 /K1) response, respectively. Panels 5b and 5d plot the 8F's from regression
(9), tracing the credit spread and investment response of low-EBP bonds and firms, respectively,
relative to high-EBP ones. Inner and outer shaded areas are, respectively, 68% and 90% confidence
intervals constructed using two-way clustered standard errors by firm and time.

where Y is either the bond-level credit spread (Sj) or firm-level (log) capital stock
(log Ky); €9 is the credit supply shock normalized to have the same variance as our

monetary policy shock; and the remaining variables are the same as described previously.

Figure 5 presents the dynamic responses of bond-level credit spreads and firm-level
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investment to an expansionary credit supply shock. On average, credit supply expansions
significantly raise firms’ investment, while their effect on credit spreads, though negative, is
imprecisely estimated (Panels 5a and 5¢). The key takeaway is that there is a clear similarity
between how firms respond to credit supply shocks and monetary policy shocks conditional
on their EBPs. Specifically, while low-EBP bonds’ credit spreads decline relatively little in
response to a surprise easing of credit supply (Panel 5b), low-EBP firms increase investment
considerably more than high-EBP firms (Panel 5d); at their peaks, these relative effects
reach 4 and 10 percentage points, respectively. As for monetary policy, this pattern holds
when spreads are measured in proportional rather than absolute changes (Appendix B.7).
Here too, it is the EBP component of credit spreads that reacts (Appendix B.4), and
low-EBP firms increase their debt by more (Appendix B.5).

Once again, these results survive a horserace against other firm characteristics used in
Section 4 (Appendix B.2), and are unchanged when sorting firms based on EBPs purged of
Z;;—, and polynomial distance-to-default terms (Appendix B.8). Although low-EBP bonds’
relative spread response is less precisely estimated under linear and within-firm EBP inter-

actions, the results are further robust to alternative EBP percentiles (Appendix B.3).

6 Interpretation of Empirical Results

In this section, we develop a stylized model of capital markets that shows how differences
in the financial frictions firms face, combined with convex capital demand, can generate
the price-quantity contrast documented in Sections 4 and 5. We present here the case of
default-risk cyclicality priced by financially constrained intermediaries, although Appendix

C.2 shows the mechanism does not depend on this particular premium.

6.1 Theoretical Framework

The economy is composed of two islands indexed by j. Each island is populated by (i) a

unit mass of identical firms that borrow capital for production; and (ii) a representative risk-
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neutral financial intermediary that, subject to financial frictions a la Gertler and Kiyotaki

(2010) and Gertler and Karadi (2011), lends capital to firms.

The economy features both idiosyncratic and aggregate risk. Idiosyncratic risk takes
the form of island-specific firm default risk: with some probability p;, a random variable,
firms on island j draw the low productivity state Z; = Z'*, which leads them to default on
their loans. Default probabilities are therefore exogenous to firms’ borrowing decisions. Ag-
gregate risk comes from a random loss share p € (0, 1) for intermediaries on defaulted loans
that is common to both islands, in line with empirical evidence linking recovery values with
aggregate conditions (e.g., Altman et al., 2004). Crucially, p; and p are drawn from a joint
probability distribution F} (p;, ) and may be correlated, with island-specific covariance
p;- Firms and intermediaries know F}; but borrow and lend, respectively, before these vari-
ables realize. Appendix C.2 generalizes this framework to risk-averse intermediaries and to
EBPs that embed risk premia beyond default-risk cyclicality, as well as convenience yields,
and shows the mechanism is unchanged—though convenience yields vertically shift firms’

marginal cost curves without tilting them.

We assume that all firms carry the same expected default risk, E[p;] = p, so that
firms on the two islands only differ in the covariance p; between their default risk and
aggregate risk. A higher p; implies that island-j firms’ default risk is more countercyclical,
since it increases more in worse aggregate states, i.e., when the loss share on defaulted loans
is higher. This isolates the heterogeneity we document in Section 3: firms with the same

distance-to-default can differ in how their default risk co-moves with aggregate risk.

Firms produce goods using a decreasing returns to scale technology Y; = Z; - K7', where
K; denotes their capital stock and o € (0, 1). Since firms lack internal funds, they must
borrow capital to produce, but may default depending on their realized productivity. Given
a realized default probability p;, island-j firms’ productivity Z; follows a scaled Bernoulli
distribution Z; € {Z' Z"9"} with associated probabilities {p;, (1 — p;)}, with firms
defaulting ex-post in the low productivity state. Since firms on both islands carry the same

expected default risk, expected productivity is equalized across islands as well (E[Z;] = Z).
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Given this setup, all firms solve the same static expected profit maximization problem:
> K
HII%-X 2K — R} Kj,

where RJK denotes the borrowing rate on capital.!¥ The first order condition of this problem

yields firms’ marginal benefit (MB), i.e. demand, curve for capital:

RE 1 _
?g = EO&ZK;-X_l, (10)

where R denotes the gross risk-free interest rate and RJK /R is island-j firms’ credit spread.
Since a € (0, 1), firms” MB curves in equation (10)—which trace their marginal products of
capital—are downward sloping and convex, so their slope flattens at higher levels of capital.
Thus, firms with more capital operate on locally flatter portions of their MB curves, where

their credit spreads decline relatively little as capital increases.?”

Financial intermediaries on both islands are endowed with the same net worth N. They
also issue deposits D to households (not explicitly modeled here) at the risk-free rate R.
These intermediaries have access to a capital producing technology that transforms N and
D on a one-to-one basis into capital K, which they supply to firms for a return RJK . In
the event of firm default, intermediaries on both islands lose the same fraction p of their

promised return on capital Rf K, where u is drawn from probability distribution F}.%!

We assume, as in Anderson and Cesa-Bianchi (2024), that intermediaries only lend
to firms on their own island, in line with empirical evidence on segmentation in corporate
bond markets based on firm risk (see, e.g., Chernenko and Sunderam, 2012; Manconi et

al., 2012). Motivated by regulatory capital requirements and internal risk-management

9This setup assumes firms internalize repayment in all states. Under limited liability, firms instead solve
maxg, (1-E[p;]) [Z"" K — R K], which has the same functional form. Since Z"9" is common to both
islands, firms on both islands face the same MB curve under either setup.

20The relationship between credit spreads % and log capital = log(K) is also (i) downward sloping

K —
and (ii) convex. This can be verified by rewriting equation (10) as L f(z) = “ZLexp (o — 1)z], and

showing that f/(x) < 0 and f”(z) > 0. "

21'We specify the recovery rate given default as a fraction of the promised return. Appendix C.3 shows
that specifying it as a fraction of the principal, as in Bernanke et al., 1999, leaves the level of firms’ marginal
cost curves dependent on p; but not their slope. The mechanism, though, is unchanged, since lower-p; firms
still reach equilibrium on flatter segments of their marginal benefit curves.
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practices, intermediaries face a constraint that requires them to have sufficient skin in the
game when lending to firms. This is modeled as an agency friction in which intermediaries
may abscond with a fraction 6 of their revenue; since the decision to abscond occurs prior
to the realization of shocks, the constraint involves expected revenue. In turn, households

only fund intermediaries that satisfy this incentive compatibility constraint.

The optimization problem of the risk-neutral intermediaries is the following:

max (1—E[p;)) R} K; + E[p;(1 - p)] R K; — R(K; = N) s, (11)

J

(1 —Elp;] +Elp; (1 — W) R K; — R(K; — N) > 0(1 — Elp;] + E[p; (1 — p)) RF K. (12)

Our framework shares its capital supply and demand setup with Ottonello and Win-
berry (2020) and its constrained-intermediary structure with Anderson and Cesa-Bianchi
(2024). In these papers, firms differ in the level of their default risk or leverage. Here firms
differ in the compensation intermediaries require to lend to them: in our baseline model,
these differences arise from default-risk cyclicality, but could come from other premia and
convenience yields. Relatedly, firms’ marginal cost curves slope upward because interme-
diaries’ constraints tighten with lending, not because firms’ own default risk rises with

borrowing.

The solution to the problem above provides a schedule for how much capital interme-
diaries supply to firms for a given credit spread R]K /R. We focus on equilibria in which the
expected return on capital is at least as large as the risk-free rate: [1 — p — ,oj]RJK > R.
When RJK > R/[1 — D@ — pj], intermediaries leverage-up until the point in which their
incentive compatibility constraint binds. Additionally, when RJK = R/[1 —ppi — pj], finan-
cial intermediaries are indifferent between any level of lending that satisfies this constraint.

Thus, we obtain the following marginal cost (MC), i.e., supply, curve for capital:

1 N
R 1—ph—p; K; < 0
J — p-p—pj (13)
1 K;j—N N
1—p7—p; Kj](1—49> Kj =4,
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where K; = N/ is the cutoff value of capital supply for which the intermediaries’ constraint

binds. Importantly, when K; > N/, the capital supply curve is upward sloping.

To isolate the EBP component of credit spreads, we equalize all other parameters across
islands, so that differences in default-risk cyclicality p; are the key fundamental shaping
differences in firms’” MC curves. Per equation (13), a lower p; (less cyclical default risk)
reduces the compensation intermediaries need to lend to firms: (i) it lowers the intercept
of their MC curve and (ii), in this setup, also flattens its slope, due to the relaxation
of intermediaries’ incentive compatibility constraint. While cross-sectional differences in
the frictions firms face—in our model, default-risk cyclicality—generate a distribution of
firm-level EBPs, the average EBP is tied to intermediaries’ aggregate net worth (N) and
the tightness of their financial constraint (¢). Our framework is therefore in line with the
original interpretation of the average EBP as a measure of the financial sector’s aggregate

risk-bearing capacity (Gilchrist and Zakrajsek, 2012), and adds a cross-sectional dimension.

6.2 Capital Market Equilibrium and Firm EBPs

Figure 6 displays capital market equilibrium on the two islands, which occurs at the in-
tersection of the MB curves (in blue) and the MC curves (in purple) in each panel. While
the MB curves are the same for the two types of firm, the low-p; firms in Panel 6a face
lower—and, in this specification, flatter—MC curves compared to those faced by high-p;
firms in Panel 6b, and hence have lower credit spreads in equilibrium. We normalize p; = 0
(i.e., acyclical default risk) on the low-p; island and set the value on the high-p; island to
match the average EBP differential between low- and high-EBP firms in the data (1.8pp).

Details on the rest of the model parameterization are in Appendix C.1.

Since all firms carry the same expected default risk E[p;] = p, differences in equi-
librium credit spreads across Panels 6a and 6b arise from differences in the cyclicality of
firms’ default risk p;. These differences in credit spreads should therefore be interpreted as

differences in firms’ EBPs.?? Thus, firms with relatively low p;s, i.e., cyclically safer firms,

22The Merton (1974) model, used to construct firms’ expected default risks, their predicted credit spreads
and their EBPs, assumes a zero covariance between firms’ default risk and aggregate risk (p; = 0). Thus,
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FIGURE 6
Capital Market Equilibria for Low- & High-EBP Firms
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Note. Figure 6 presents the capital market equilibrium for two types of firm, which differ in how much
their default risk co-moves with aggregate risk. While both types of firm share the same marginal
benefit (MB) curve, since they carry the same expected default risk (p), differences in the cyclicality
of firms’ default risk (p;) lead low-p; (less-cyclically sensitive) firms in Panel 6a to face lower and
flatter marginal cost (MC) curves compared to the high-p; firms in Panel 6b. When markets are
segmented according to firm risk, equilibrium occurs at the intersection of the MB curve and the
MC curve in each panel. Low-p; firms in Panel 6a have lower equilibrium credit spreads (EBPs) and
are on flatter segments of both their MB and MC curves in equilibrium compared with the high-p;
firms in Panel 6b. Appendix C.1 provides full details on the parameterization.

have lower EBPs in our framework, reproducing the motivating evidence from Section 3.

Because low-EBP firms face lower MC curves, they reach equilibrium at higher capital
and, given convex MB curves, on locally flatter segments of their MB curves than high-EBP
firms. This difference in local MB slopes is what allows the model to reproduce the contrast

between credit spread and investment responses documented in Sections 4 and 5.

6.3 Monetary Policy Comparative Statics by Firm EBPs

Within our stylized setup, we use comparative statics to interpret our empirical results from

Sections 4 and 5. In the spirit of Ottonello and Winberry (2020), we consider monetary

differences in default-risk cyclicality would be captured in the EBP component of firms’ credit spreads.
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FIGURE 7
Monetary Policy Effects on Spreads & Investment for Low- & High-EBP Firms

(A) Low-p — Low-EBP Firm (B) High-p — High-EBP Firm
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Note. Figure 7 presents the comparative statics to a monetary policy easing, modeled as a uniform
increase in financial intermediaries’ net worth IV and a decline in the risk-free interest rate R across
both islands. These shocks (i) shift and flatten firms’ MC curves, from MC; to MCaq, and (ii) shift
firms’ MB curves, from MB; to MBs, respectively. We set the relative size of these shifts so that
credit spreads decline and investment increases on both islands, as in the data. Panel 7a shows the
response of the low-p — low-EBP firm, while Panel 7b shows the response of the high-p — high-EBP
firm. Appendix C.1 provides details on the parameterization.

policy easings as both (i) a rightward shift and flattening of firms” MC curves, due to an
increase in intermediaries’ net worth N; and (ii) an outward shift in firms’ MB curves, due
to a reduction in the risk-free rate R. We consider the two economic channels in turn, with
changes in R and N common across islands in our baseline, and then discuss heterogeneous
movements in firms’ curves, which might result from general equilibrium price effects that
we do not explicitly model. The exercise asks which movements in firms’ capital supply
and demand curves are consistent with the contrast we document: easings compress credit

spreads more for higher-EBP firms, yet raise investment more for lower-EBP firms.

We first consider the effects of movements in firms” MC curves. In response to an
expansionary monetary policy shock that increases intermediary net worth (N) uniformly

across islands, firms’ MC curves shift rightward and flatten.?® Crucially, because low-EBP

23Firms’ MC curves flatten in the sense that, at any given spread, the slope of the MC curve falls in
proportion to the increase in N.
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firms are on flatter portions of their convex MB curves at their initial equilibrium (A),
movements in MC curves alone generate larger investment increases and smaller spread
reductions for low-EBP firms compared to high-EBP firms. This result is consistent with
the empirical evidence from Section 4, and is illustrated by comparing the transition from

equilibrium (A) to (B) in Panels 7a and 7b.

We then consider shifts in firms” MB curves. For low-EBP firms, MB-curve shifts trace
along flatter MC curves, inducing a larger increase in investment but a smaller increase
in credit spreads relative to high-EBP firms—the transition from equilibrium (B) to (C)
in Panels 7a and 7b. MB-curve shifts therefore reinforce the investment heterogeneity pro-
duced by MC-curve shifts but work against the heterogeneity in spreads. Observing both
patterns in the data thus requires monetary policy to move firms’ MC curves more than

their MB curves, as in the transition from (A) to (C) in Figure 7.

The average response of firms in the data points to the same requirement, and does so
without using the cross-section: monetary easings lower credit spreads and raise investment.
These responses are possible only if MC curves react more than MB curves. Changes in
capital supply are therefore key to monetary policy’s heterogeneous effects, consistent with

their role in its overall transmission (e.g., Bernanke and Gertler, 1995).%4

Credit supply shocks discipline the role of MB convexity. Through the lens of our
model, they correspond to a uniform increase in intermediaries’ net worth N, which shifts
and flattens firms” MC curves while leaving their MB curves unchanged. The contrast
between spread and investment responses documented in Section 5 must therefore arise
from movements in capital supply alone in our setup, which requires low-EBP firms to sit
on locally flatter portions of convex MB curves. To the extent that MB curves may also
shift—for instance, due to general equilibrium effects we do not model—such shifts must

again be smaller than the movements in firms’ MC curves.

The data also restrict how much firms” MC curves can move asymmetrically. Starting

from equilibrium (C), a further rightward shift or flattening of one firm’s MC curve—due,

240f note, since credit spreads adjust due to changes in N and R, and not default risk, it is the EBP
component of firms’ credit spreads that moves, consistent with our empirical results. In addition, firms’
investment is financed by issuing debt, as in the data.

27



for instance, to a larger increase in its intermediaries’ net worth—lowers that firm’s credit
spread and raises its investment. Sizable asymmetries would therefore undo either low-EBP
firms’ smaller spread reduction or high-EBP firms’ smaller investment increase. Observing

both patterns thus requires asymmetric MC movements to be small.

Finally, the data speak to whether monetary policy shifts low-EBP firms’ MB curves by
more than high-EBP firms’—due, for instance, to greater exposure to unmodeled changes
in demand. Such asymmetric shifts raise low-EBP firms’ investment further while damp-
ening the decline in their credit spreads, and can therefore account for part of our results.
Appendix B.6 finds little support for this using sales growth to proxy for such demand ef-
fects: low-EBP firms’ sales increase only marginally relative to high-EBP firms’ following a
monetary easing. The contrast between spread and investment responses therefore reflects

primarily movements in their MC curves along locally differently-sloped MB curves.

Taken together, our empirical moments discipline the model along three margins: the
average response of spreads and investment requires capital supply to move more than
demand; the price-quantity contrast requires firms to sit on differently sloped portions of
their convex demand curves; and the muted sales response argues against capital demand
shifting disproportionately for low-EBP firms. None of these requires asymmetric curve
movements. The heterogeneity instead follows from where firms’ capital supply curves sit,

with low-EBP firms sitting on flatter segments of their convex demand curves.

7 Firm EBPs & Monetary Policy’s Aggregate Effects

In this section, we provide evidence that firms’ EBPs may also shape monetary policy’s
aggregate effects. Our firm-level results of Section 4 and the framework of Section 6 imply
that when firms in the economy have lower EBPs—as proxied by a lower median or a
left-skewing of the cross-sectional EBP distribution—monetary policy should have larger

effects on aggregate investment.

To test these predictions, we run time-series local projections of a similar form to
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regression (6) from Section 4, but with two main modifications: (i) we use U.S. aggregate
investment as our dependent variable, and (ii) we use the first three cross-sectional moments
of the EBP distribution as state variables. Specifically, we estimate the following local

projections at a quarterly frequency for a series of horizons h:

400 <1t+h
log

o IH) =00 + Bl + B (e X Mia) +8Y 1 + e, (14)

where [; is aggregate investment; M, ; is a vector that contains the median, dispersion
and Kelly-skewness of the bond-level cross-sectional EBP distribution, normalized to have
zero mean and unit variance; and Y;_; includes the aggregate controls of Section 2.3 along
with the vector M,_;.?> We measure dispersion and skewness using the 20th and 80th

percentiles and use Newey-West standard errors with 12 lags for inference.

Figure 8 shows the results from these regressions. First, Panel 8a shows that, on aver-
age, a surprise 1pp monetary policy easing raises aggregate investment growth by around
15pp within 3 quarters of the shock. Second, a more right-skewed EBP distribution is as-
sociated with weaker pass-through from monetary policy to aggregate investment (Panel
8b), with a l-standard-deviation increase in skewness predicted to reduce this response
by roughly 15pp after 6 quarters. A higher median EBP also predicts a significantly
weaker transmission of monetary policy (Panel 8c), although the effects are short-lived.
Finally, a more dispersed EBP distribution predicts a stronger pass-through (Panel 8d), a
moment for which our framework offers no clear prediction. These conditioning effects—
particularly those of skewness—are robust to controlling for interactions between monetary
policy shocks and recession indicators similar to those of Tenreyro and Thwaites (2016),

and to using the mean rather than the median EBP (Appendix B.11).

Overall, the findings of this section indicate that the same conditioning variable that
sorts firm-level responses also predicts the aggregate potency of monetary policy. As shown
in Section 6.1 our framework reproduces Gilchrist and Zakrajsek (2012)’s interpretation

of the average EBP as the financial sector’s aggregate risk-bearing capacity, and adds a

25For consistency, we include interactions between monetary policy and the moments of the cross-
sectional predicted spread distribution in Y;_;. We also substitute GDP growth for investment growth
in the aggregate controls to align ourselves with the existing forecasting literature (e.g., Ferreira, 2024).
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FIGURE 8
Monetary Policy’s Effect on Aggregate Investment Growth By EBP Moments

(A) Unconditional (B) Conditional on EBP Skewness
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Note. Figure 8 reports the dynamic response of annualized aggregate investment growth to a 1
percentage point monetary policy easing shock £}, which we estimate using regression (14). Panel
8a shows unconditional effects, 37. Panels 8b, 8c and 8d show the effects conditional on the skewness,
median and dispersion of the EBP distribution, measured in standard deviations, which are three of
the elements in ﬂg . Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals
constructed using Newey-West standard errors with 12 lags.

cross-sectional dimension. Our results are consistent with that distinction: the skewness of

the EBP distribution conditions monetary policy’s effects beyond the average EBP alone.
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8 Conclusion

This paper studies how firms’ financial conditions shape the transmission of monetary
policy, measuring those conditions with firms’ excess bond premia (EBPs). Firms’ EBPs
price the frictions they face when borrowing to invest: firms with lower EBPs have default
risk that co-moves less with aggregate risk, though this is one of several frictions EBPs
embed. Sorting firms on this measure, we find that monetary easings compress low-EBP
firms’ credit spreads by less while raising their investment by more—differentials compara-
ble to the average responses, and robust to controlling for other firm characteristics. Credit
supply shocks produce the same contrast. Matching these moments requires monetary pol-
icy to move firms’ capital supply curves more than their demand curves, with low-EBP
firms sitting on flatter portions of convex demand. We also show that the cross-sectional

distribution of EBPs conditions how much monetary policy moves aggregate investment.

Policymakers and researchers often discuss three key aspects of the transmission of
monetary policy: its distributional effects, its aggregate potency, and the channels through
which it operates. Our paper touches on these three aspects. On the distributional front,
we show that monetary policy is more effective at stimulating the investment of firms with
lower EBPs. On the aggregate front, our paper offers a specific observable—the moments of
the cross-sectional EBP distribution—to monitor monetary policy’s time-varying aggregate
effects. On the channels front, the combination of our empirical results and stylized model
restricts how monetary policy moves firms’ capital supply and demand curves—restrictions

that should guide the construction of richer models of capital markets.

31



References

Abel, Andrew B, Investment and the Value of Capital number 65, Dissertations-G, 1979.

Acosta, Miguel and Joe Saia, “Estimating the effects of monetary policy via high
frequency factors,” Unpublished working paper. Columbia University, 2020.

Altman, Edward, Andrea Resti, and Andrea Sironi, “Default recovery rates in credit
risk modelling: a review of the literature and empirical evidence,” Economic notes, 2004,

33 (2), 183-208.

Anderson, Gareth and Ambrogio Cesa-Bianchi, “Crossing the credit channel: credit
spreads and firm heterogeneity,” American Economic Journal: Macroeconomics, 2024,

16 (3), 417-446.

Bahaj, S., A. Foulis, G. Pinter, and P. Surico, “Employment and the residential
collateral channel of monetary policy,” Journal of Monetary Economics, 2022, 151, 26—

44.

Baker, Scott R, Nicholas Bloom, and Steven J Davis, “Measuring economic policy

uncertainty,” The Quarterly Journal of Economics, 2016, 131 (4), 1593-1636.

Bauer, Michael D and Eric T Swanson, “The Fed’s response to economic news explains
the” Fed information effect”,” Technical Report, National Bureau of Economic Research

2020.

Bernanke, Ben S and Mark Gertler, “Agency Costs, Net Worth, and Business Fluc-
tuations,” The American Economic Review, 1989, 79 (1), 14-31.

_ and _ , “Inside the black box: the credit channel of monetary policy transmission,”

Journal of Economic Perspectives, 1995, 9 (4), 27-48.

_, _ , and Simon Gilchrist, “The financial accelerator in a quantitative business cycle

framework,” Handbook of Macroeconomics, 1999, 1, 1341-1393.

Bharath, Sreedhar T and Tyler Shumway, “Forecasting default with the Merton
distance to default model,” The Review of Financial Studies, 2008, 21 (3), 1339-1369.

32



Black, Fischer and Myron Scholes, “The pricing of options and corporate liabilities,”

Journal of Political Economy, 1973, 81 (3), 637-654.

Bu, Chunya, John Rogers, and Wenbin Wu, “A unified measure of Fed monetary
policy shocks,” Journal of Monetary Economics, 2021, 118, 331-349.

Caglio, Cecilia R, R Matthew Darst, and Sebnem Kalemli-Ozcan, “Risk-taking
and monetary policy transmission: Evidence from loans to smes and large firms,” Tech-

nical Report, National Bureau of Economic Research 2021.

Carvalho, Vasco M and Basile Grassi, “Large firm dynamics and the business cycle,”

American Economic Review, 2019, 109 (4), 1375-1425.

Chauvet, Marcelle, “An Econometric Characterization of Business Cycle Dynamics with
Factor Structure and Regime Switching,” International Economic Review, 1998, 39 (4),

969-96.

Chava, Sudheer and Alex Hsu, “Financial constraints, monetary policy shocks, and
the cross-section of equity returns,” The Review of Financial Studies, 2020, 33 (9), 4367—
4402.

Chernenko, Sergey and Adi Sunderam, “The real consequences of market segmenta-

tion,” The Review of Financial Studies, 2012, 25 (7), 2041-2069.

Clark, John Bates, The Distribution of Wealth: A Theory of Wages, Interest and Profits,
Macmillan, 1899.

Cloyne, James, Clodomiro Ferreira, Maren Froemel, and Paolo Surico, “Mone-
tary policy, corporate finance and investment,” Journal of the European Economic As-

sociation, 2023, p. jvad009.

Crouzet, Nicolas and Neil R Mehrotra, “Small and large firms over the business

cycle,” American Economic Review, 2020, 110 (11), 3549-3601.

David, Joel M. and David Zeke, “Risk-Taking, Capital Allocation and Monetary Pol-
icy,” Working Paper 2021-01, Federal Reserve Bank of Chicago 2024.

33



Durante, A., A. Ferrando, and P. Vermeulen, “Monetary policy, investment and firm

heterogeneity,” European Economic Review, 2022, 1/8.

Emery, Kenneth, Sharon Ou, Jennifer Tennant, Adriana Matos, and
Richard Cantor, “Moody’s Global Credit Policy: Corporate Default and Re-
covery Rates, 1920-2008,” Moody’s. Awvailable at Moody’s: http://www. moodys.
com/sites/products/Default Research/2007400000578875. pdf, 2009.

Fernald, John, “A quarterly, utilization-adjusted series on total factor productivity,” in

“in” Federal Reserve Bank of San Francisco 2014.

Ferreira, Thiago RT, “Cross-sectional financial conditions, business cycles and the lend-

ing channel,” Journal of Monetary Economics, 2024, p. 103597.

Fisher, Irving, Theory of interest: as determined by impatience to spend income and

opportunity to invest it, Augustusm Kelly Publishers, Clifton, 1930.

Gertler, Mark and Nobuhiro Kiyotaki, “Financial intermediation and credit policy in
business cycle analysis,” in “Handbook of Monetary Economics,” Vol. 3, Elsevier, 2010,

pp. 547-599.

_ and Peter Karadi, “A model of unconventional monetary policy,” Journal of Monetary

Economics, 2011, 58 (1), 17-34.

_ and Simon Gilchrist, “Monetary Policy, Business Cycles, and the Behavior of Small

Manufacturing Firms,” Quarterly Journal of Economics, 1994, 109 (2), 309-340.

Gilchrist, Simon and Egon Zakrajsek, “Investment and the cost of capital: New evi-

dence from the corporate bond market,” 2007.

_ and _ , “Credit spreads and business cycle fluctuations,” American Economic Review,

2012, 102 (4), 1692-1720.

_ ,Jae W Sim, and Egon Zakrajsek, “Uncertainty, financial frictions, and investment

dynamics,” Technical Report, National Bureau of Economic Research 2014.

34



Gonzalez, B., G. Nuno, D. Thaler, and S. Albrizio, “Firm Heterogeneity, Capital
Misallocation and Optimal Monetary Policy,” Technical Report, CESifo, Munich 2021.

Giirkaynak, Refet, Hatice Gokge Karasoy-Can, and Sang Seok Lee, “Stock mar-
ket’s assessment of monetary policy transmission: The cash flow effect,” The Journal of

Finance, 2022, 77 (4), 2375-2421.

Giirkaynak, Refet S, Brian Sack, and Jonathan H Wright, “The US Treasury yield
curve: 1961 to the present,” Journal of Monetary Economics, 2007, 54 (8), 2291-2304.

Hayashi, Fumio, “Tobin’s marginal q and average q: A neoclassical interpretation,”

Econometrica, 1982, pp. 213-224.
Hayek, Friedrich August, The pure theory of capital, Routledge, 1941.

He, Zhiguo and Arvind Krishnamurthy, “Intermediary asset pricing,” American Eco-

nomic Review, 2013, 103 (2), 732-770.

_ , Bryan Kelly, and Asaf Manela, “Intermediary asset pricing: New evidence from

many asset classes,” Journal of Financial Economics, 2017, 126 (1), 1-35.

Ippolito, Filippo, Ali K Ozdagli, and Ander Perez-Orive, “The transmission of
monetary policy through bank lending: The floating rate channel,” Journal of Monetary
Economics, 2018, 95, 49-T1.

Jarocinski, Marek and Peter Karadi, “Deconstructing monetary policy surprises—the
role of information shocks,” American Economic Journal: Macroeconomics, 2020, 12 (2),

1-43.

Jeenas, Priit, “Monetary policy shocks, financial structure, and firm activity: A panel
approach,” Financial Structure, and Firm Activity: A Panel Approach (January 5, 2018),
2018.

_, “Firm Balance Sheet Liquidity, Monetary Policy Shocks, and Investment Dynamics,”
working paper, Pompeu Fabra, 2019.

35



_ and Ricardo Lagos, “Q-Monetary Transmission,” Technical Report, National Bureau

of Economic Research 2022.

Jorda, Oscar, “Estimation and inference of impulse responses by local projections,” Amer-

ican Economic Review, 2005, 95 (1), 161-182.

_ , Moritz Schularick, and Alan M Taylor, “The effects of quasi-random monetary

experiments,” Journal of Monetary Economics, 2020, 112, 22—40.

Jorgenson, Dale Weldeau, “Investment: Capital theory and investment behavior,”

American Economic Review, 1963, 53.

Kashyap, Anil K and Jeremy C Stein, “What do a million observations on banks say
about the transmission of monetary policy?,” American Economic Review, 2000, 90 (3),

407-428.

_ , Owen A Lamont, and Jeremy C Stein, “Credit conditions and the cyclical behavior

of inventories,” The Quarterly Journal of Economics, 1994, 109 (3), 565-592.

Keynes, J. M., The General Theory of Employment, Interest and Money, Macmillan,
1936. 14th edition, 1973.

Kiyotaki, Nobuhiro and John Moore, “Credit cycles,” Journal of Political Economy,
1997, 105 (2), 211-248.

Lakdawala, Aeimit and Timothy Moreland, “Monetary policy and firm heterogeneity:
The role of leverage since the financial crisis,” Awvailable at SSRN 3405420, 2021.

Lerner, Abba P, “On the marginal product of capital and the marginal efficiency of
investment,” Journal of Political Economy, 1953, 61 (1), 1-14.

Lian, Chen and Yueran Ma, “Anatomy of corporate borrowing constraints,” The Quar-

terly Journal of Economics, 2021, 136 (1), 229-291.

Lucas, Robert E and Edward C Prescott, “Investment under uncertainty,” Econo-

metrica, 1971, pp. 659-681.

36



Manconi, Alberto, Massimo Massa, and Ayako Yasuda, “The role of institutional
investors in propagating the crisis of 2007-2008,” Journal of Financial Economics, 2012,

104 (3), 491-518.

McKay, Alisdair and Johannes F Wieland, “Lumpy durable consumption demand
and the limited ammunition of monetary policy,” Econometrica, 2021, 89 (6), 2717-2749.

Merton, Robert C, “On the pricing of corporate debt: The risk structure of interest
rates,” The Journal of finance, 1974, 29 (2), 449-470.

Miranda-Agrippino, Silvia, “Unsurprising shocks: information, premia, and the mone-

tary transmission,” 2016.

Nakamura, Emi and Jén Steinsson, “High-frequency identification of monetary non-
neutrality: the information effect,” The Quarterly Journal of Economics, 2018, 133 (3),
1283-1330.

Ottonello, Pablo and Thomas Winberry, “Financial Heterogeneity and the Investment

Channel of Monetary Policy,” Econometrica, 2020, 88 (6), 2473-2502.

_ and Wenting Song, “Financial intermediaries and the macroeconomy: Evidence from

a high-frequency identification,” The Economic Journal, 2025, p. ueaf119.

Ozdagli, Ali K, “Financial frictions and the stock price reaction to monetary policy,” The

Review of Financial Studies, 2018, 31 (10), 3895-3936.

Palazzo, Berardino and Ram Yamarthy, “Credit risk and the transmission of interest

rate shocks,” Journal of Monetary Economics, 2022, 130, 120-136.

Philippon, Thomas, “The bond market’s q,” The Quarterly Journal of Economics, 2009,
124 (3), 1011-1056.

Ramey, Valerie A, “Macroeconomic shocks and their propagation,” Handbook of Macroe-

conomics, 2016, 2, 71-162.

Sharpe, William F, “Capital asset prices: A theory of market equilibrium under condi-

tions of risk,” The journal of finance, 1964, 19 (3), 425-442.

37



Tenreyro, Silvana and Gregory Thwaites, “Pushing on a string: US monetary policy
is less powerful in recessions,” American Economic Journal: Macroeconomics, 2016, 8

(4), 43-74.

Tobin, James, “A general equilibrium approach to monetary theory,” Journal of Money,

Credit and Banking, 1969, 1 (1), 15-29.

Vassalou, Maria and Yuhang Xing, “Default risk in equity returns,” The Journal of

Finance, 2004, 59 (2), 831-868.

Vavra, Joseph, “Inflation dynamics and time-varying volatility: New evidence and an ss

interpretation,” The Quarterly Journal of Economics, 2014, 129 (1), 215-258.

Wu, Wenbin, “The credit channel at the zero lower bound through the lens of equity
prices,” Journal of Money, Credit and Banking, 2018, 50 (2-3), 435-448.

38



Internet Appendix (for online publication only)

Firm Risk Premia and

Monetary Policy Transmission

by T. Ferreira and D. Ostry

September 11, 2026

A Data Summary

A.1 Monetary Policy Shocks
A.2 Variable Definitions and Sample Selection
A.3 Calculating Distance to Default and the EBP

A.4 Summary Statistics

B Additional Empirical Results and Robustness

B.1 Firm EBPs and Cyclicality of Default Risk

B.2 Heterogeneous Effects by EBP vs. other Characteristics
B.3 Heterogeneous Effects with Alternative EBP Percentiles
B.4 Heterogeneous Effects on Bond-Level EBPs

B.5 Heterogeneous Effects on Firm-Level Debt Growth

B.6 Heterogeneous Effects on Firm-Level Sales Growth

B.7 Alternative Credit Spread Specifications

B.8 Heterogeneous Effects with Alternative EBP Functional Forms



B.9 Heterogeneous Effects with Alternative Monetary Policy Shocks

B.10 Monetary Policy’s Effects excluding Zero-lower-bound Period

B.11 Robustness of Aggregate Implications of EBP Heterogeneity
C Model Appendix

C.1 Model Parameterization

C.2 Model Extensions

C.3 Alternative Haircut Form



A Data Summary

In this section, we present further details on our baseline monetary policy shock series
(Appendix A.1), provide variable definitions and outline our sample (Appendix A.2), discuss
in more detail the EBP and distance to default calculations (Appendix A.3), and provide

summary statistics for our main variables of interest (Appendix A.4).

A.1 Monetary Policy Shocks

This section provides more details about the Bu, Rogers and Wu (2021) monetary policy
shocks, which we use in our baseline specifications throughout the paper. The start-date of
our sample is January 1985, while the end-date is July 2021. Figure A.1 shows the times
series of shocks at a monthly frequency. This “extended” series is longer than the original

series of the paper, which runs from January 1994 to September 2019.

As discussed in the original paper, the Bu et al. (2021) monetary policy shocks are
constructed using a two-step Fama-Macbeth procedure with identification achieved via a
heteroskedasticity-based instrumental variable approach. The resulting shocks display a
moderately high correlation with other shock series in the literature, but have a number
of notable properties: (i) they stably bridges periods of conventional and unconventional
policy, providing us with a longer sample than many other papers in this area; (ii) they
are devoid of the central bank information effects; and (iii) they are unpredictable from
the information set available at the time of the shock. That said, as shown in Appendix
B.9, our results are robust to using monetary policy shocks constructed as high-frequency
changes in Federal Funds futures rates around FOMC announcements, as in Ottonello and
Winberry (2020). For more details on the calculation of the Bu et al. (2021) shock series,
see the original paper. Summary statistics for the Bu et al. (2021) monetary policy shock

series are presented in Appendix A.4.



FIGURE A.1
Monetary Policy Shocks
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Note. Figure A.1 plots the time series of Bu et al. (2021) monetary policy shocks at a monthly
frequency from January 1985 to July 2021. Positive values here represent tightenings; for regressions,
we then normalize positive values to represent easings. Shaded columns represent periods classified
as recessions by the National Bureau of Economic Research.

A.2 Variable Definitions and Sample Selection

In this subsection, we first define the variables used in our paper and then discuss our

sample. All variable definitions are standard in the literature; we draw particularly on

those used in Ottonello and Winberry (2020) and Gilchrist and Zakrajsek (2012). The

variables are:

Real Investment: defined as log(%) for h = 0,1,2..., where K;;_; denotes the book
value of the nominal capital stock of firm 7 at the end of period t — 1 deflated by the BLS
implicit price deflator (IPDNBS in FRED database). This is the same timing convention
as Ottonello and Winberry (2020), although they label the real capital stock of firm i at
the end of period ¢t —1 as Kj;. As in Ottonello and Winberry (2020), for each firm, we set

the first value of their nominal capital stock to be the level of gross plant, property, and

equipment (ppegtq in Compustat) in the first period in which this variable is reported



in Compustat. From this period onwards, we compute the evolution of the capital stock
using the changes of net plant, property, and equipment (ppentq in Compustat), which
is a measure of net of depreciation investment with significantly more observations than
ppegtq. If a firm has a missing observation of ppentq located between two periods with
non-missing observations we estimate its value by linear interpolation. We consider only
investment spells of 15 quarters or more and we winsorize the top and bottom 0.5% of

investment observations per period to remove outliers.

Credit spread: defined as Sji; = Yixr — yf , where y;;; is the yield quoted in the secondary
market of corporate bond k issued by firm ¢ in month ¢ from the Lehman-Warga and
ICE databases and y! is the yield on a U.S. Treasury with the exact same maturity as
the corporate bond k, using estimates from Giirkaynak et al. (2007). We winsorize the
top and bottom 0.5% of (changes in) credit spread observations per period to remove

outliers.

Distance to default: firm’s expected default risk defined in the Merton (1974) model.
Calculated as in Gilchrist and Zakrajsek (2012); see Appendix A.3 for further details.

EBP: defined as EBPj; = Sipe — S'Z-kt where S’ikt is the predicted value of firm i’s bond
k credit spread at time t, which as in Gilchrist and Zakrajsek (2012), is calculated from
a regression of log(Sy;) on firm i’s distance to default and bond k’s characteristics. See

Appendix A.3 for further details.

Leverage: defined as the ratio of total debt (sum of dlcq and dlttq in Compustat) to

total assets (atq in Compustat).

Share of liquid assets: defined as the ratio of cash and short-term investments (cheq in

Compustat) to total assets (atq in Compustat), as in Jeenas (2019).

Size: measured as log total assets (atq in Compustat) deflated using the BLS implicit
price deflator (IPDNBS in FRED database).

Sales growth: measured as the log-difference of sales (saleq in Compustat) deflated using

the BLS implicit price deflator (IPDNBS in FRED database).



10.

11.

12.

13.

Age: defined as age since initial public offering (begdat in Compustat).

Tobin’s (average) Q: defined as the ratio of the market value of assets to book value of
assets. Market value of assets is equal to (i) book value of assets (atq in Compustat) plus
(ii) market capitalization (share price times oustanding shares) minus common equity
plus deferred taxes ((prceq * cshoq) - ceqq + txditcq, in Compustat), as in Cloyne et
al. (2023). Since txditcq is sparsely available and is also a relatively small component of

Tobin’s ¢, we impute the value to be zero if an observation is missing.

Short-Term Assets: defined as the ratio of current assets (actq in Compustat) to total

assets (atq in Compustat).

Sectors: we consider 8 sectors based on 4-digit SIC codes: 1. SIC € [0,999] (agriculture,
forestry, and fishing); 2. SIC € [1000,1499] (mining); 3. SIC € [1500,1799] (construction);
4. SIC € [2000,3999] (manufacturing); 5. SIC € [4000,4999] (transportation, communi-
cations, electric, gas, and sanitary services); 6. SIC € [5000,5199] (wholesale trade) 7.
SIC € [5200,5999] (retail trade); 8. SIC € [7000,8999] (services).

GDP, Aggregate Investment, CPI and Unemployment Rate: measured as real chained
gross domestic product (GDPC1 in FRED), real chained investment (RINV in FRED),
consumer price index for cities (CPIAUCSL in FRED) and unemployment rate (UN-
RATE in FRED), respectively. Growth rates calculated as log-differences.

Sample selection: we focus on the non-financial firms whose equity prices are available
in the Center for Research in Security Prices (CRSP) database, whose balance sheets are
available from the CRSP/Compustat Merged Database, Wharton Research Data Services
and whose bond yields data are available in the Arthur D. Warga, Lehman Brothers Fixed
Income Database and the Interactive Data Corporation, ICE Pricing and Reference Data.
To clean the data, similar to Gilchrist and Zakrajsek (2012), we first drop bond-time ob-
servations that display any of the following characteristics: they are puttable; they have
spreads larger than 35% or below 0%; they have a residual maturity of less than 6 months or
more than 30 years. After this, we drop bonds that have no spells of at least one year of con-

secutive observations. We then merge this bond-level dataset with the firm-level Compustat



FIGURE A.2
Credit Spreads: Comparison with Gilchrist and Zakrajsek (2012)
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Note. Figure A.2 compares the mean credit spread calculated in this paper, in red, with the mean
credit spread calculated by Gilchrist and Zakrajsek (2012), in blue. Shaded columns represent periods
classified as recessions by the National Bureau of Economic Research.

and CRSP databases for non-financial firms. To determine whether a firm is non-financial,
we make use of both their NAICS/SIC code as well as the classification scheme internal
to the Lehman-Warga /ICE databases. Specifically, if the NAICS/SIC code is available, we
exclude those firms classified as financial according to their NAICS/SIC code; otherwise,

we exclude firms classified as financial according to the Lehman-Warga/ICE databases.

A.3 Calculating Distance to Default and the EBP

Our starting point is the credit spread S;;; for bond k issued by firm 7 at time ¢. Figure A.2
plots the time series of our mean credit spread and that of Gilchrist and Zakrajsek (2012)
and highlights that the correlation is 96%.

To derive each bond’s E B Py, we follow Gilchrist and Zakrajsek (2012) by estimating:

log Sixt = BDD; + VIXikt + Uikt (A1)



where DD, is firm ¢’s distance to default (Merton, 1974), and X;;; includes: (i) the bond’s
duration, age, par value, coupon rate (all in logs); (ii) a dummy for if the bond is callable;
(iii) interactions between the characteristics listed in (i) and the call dummy in (ii); (iv)
interactions between the call dummy in (ii) and DDy, the first three principal components
of the U.S. Treasury yield curve, and the volatility of the 10-year Treasury yield; and (v)
industry and credit rating fixed effects. Table A.1 provides the results from estimating
regression (A.1). Moreover, while the regression model is simple, it explains a significant
share of the variation in credit spreads—the R? is 0.68—driven largely by firms’ default

risk. We discuss how we calculate DD;; later in this section.

Assuming the error term is normally distributed, the predicted spread Si is given by:

~2

. R , o
Sike = exp|BD Dy + v Xipy + 5 (A.2)

where 3 and 4 denote the OLS estimated parameters and 62 denotes the estimated variance

of the error term. Finally, we define the excess bond premium as

Implementing this procedure for the bonds in ICE and Lehman-Warga whose firm’s balance
sheet data and equity prices are available from Compustat and CRSP, respectively, yields,
after data cleaning as described in Appendix A.2, a sample of monthly EBPs for 10,061
bonds from 1,630 firms. Figure A.3 plots the time series of our mean EBP and that of
Gilchrist and Zakrajsek (2012) and highlights that the correlation is 86%.

The key predictor in the Gilchrist and Zakrajsek (2012) credit spread model is the
firm’s Merton (1974) distance to default (DD), an indicator of the firm’s expected default
risk. The DD framework assumes that the total value of the firm, denoted by V', is governed

by following the stochastic differential equation:
dV = pyVdt + oy VdZ, (A.4)

where py is the expected growth rate of V', oy is the volatility of V', and Z; denotes the



TABLE A.1
Bond-Level Credit Spreads and Firm Default Risk

log(Sikt) Est. S.E. T-stat
DDy -0.022 0.002 -13.37
log(Durix;) 0.170 0.018 9.47
log(Ageir) 0.094 0.010 9.51
log(Parix) 0.085 0.014 6.25
log(Couponx) 0.040 0.043 0.94
1ean,, 0.057 0.149  0.39
DDy % 1can,, 0.010 0.001 7.27
log(Durikt) X Lo, 0.030 0.018 1.65
log(Ageirt) X 1can,,, -0.110 0.011 -9.89

-0.094 0.015 -6.05
0.503 0.045 11.28
-0.042 0.007 -6.07
-0.009 0.029 -0.29
0.191 0.087 2.17

log(Parke) X Leai,,
log(Coupong) X 1can
LEV; X 1oan
SLP; X 1can,,

CRV; X 1oau

ikt

ikt

ikt

VOL, x 1cau,, 0.002 0.000 8.37
Adj. R? 0.679
Industry Fixed Effects Yes
Credit-Rating Fixed Effects Yes

Note. Table A.1 present the estimated coefficients, standard errors and T-statistics from estimating
regression (A.1) by OLS. The sample period is October 1973 to December 2021 and includes 682,316
observations. LEV;, SLP,, CRV; refer to the level, slope and curvature (first three principal com-
ponents) of the U.S. Treasury Yield Curve (Giirkaynak et al., 2007); VOL; refers to the realized
volatility of daily 10-year Treasury yield. Standard errors are two-way clustered by firm and month.

standard Brownian motion. Assuming that the firm issues a single bond with face-value D
that matures in T periods, Merton (1974) shows that the value of the firm’s equity £ can
be viewed as a call option on the underlying value of the firm V', with a strike price equal

to the face-value of the firm’s debt D maturing at 7.

Using the Black and Scholes (1973) pricing formula for a call option, the value of the



FIGURE A.3
Excess Bond Premium: Comparison with Gilchrist and Zakrajsek (2012)
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Note. Figure A.3 compares the mean EBP calculated in this paper, in red, with the mean EBP
calculated by Gilchrist and Zakrajsek (2012), in blue. Shaded columns represent periods classified as
recessions by the National Bureau of Economic Research.

firm’s equity is then
E=V®(5,) — e "Dd(5) (A.5)

where r denotes the risk-free interest rate, ®(.) denotes the cdf of standard normal distri-

bution, and

_log(V/D) + (r +0.507)T
N ovVT

51 and 52 = 51 - O'vﬁ.

Using equation (A.5), by Ito’s lemma, one can relate the volatility of the firm’s value to

the volatility of the firm’s equity

V
Ofp = E(D((Sl)O'V (AG)

Assuming a time to maturity of one year (7" = 1) and daily data on one-year Treasury

yields r, the face value of firm debt D, the market value of firm equity £, and its one-year



historical volatility o, equations (A.5) and (A.6) provide a two equation system that can
be used to solve for the two unknowns V and oy.2® Due to the issues raised in Vassalou
and Xing (2004), we follow Gilchrist and Zakrajsek (2012) by implementing the two-step
iterative procedure of Bharath and Shumway (2008). First, we set o = o for each day in a
one-year rolling window and then substitute oy into equation (A.5) to solve for the market
value V' for each of these days. Second, from our new estimated V series, we calculate
a year-long series of daily log-returns to the firm’s value, Alog V', which we then use to

compute a new estimate for oy as well as for py.2” We then iterate on oy until convergence.

Given solutions (V) oy, uy) to the Merton DD model, we are able to calculate the

firm’s Distance to Default over a one-year horizon as

_ log(V/D) + (pv — 0.50%)

Oy

DD

(A7)

Since default at T occurs when a firm’s value falls below the value of its debt (log(V/D) <
0), the DD captures the expected distance a firm is above default, given an expected asset

growth rate puy and volatility oy until T, in units of standard deviations.

A.4 Summary Statistics

In this section, we provide summary statistics for our main monthly bond-level and quar-
terly firm-level variables of interest, as well as for the monetary policy shocks at both a

monthly and quarterly frequency. These are displayed in Table A.2.

The first columns in Panels A.2a and A.2b report summary statistics for bond-level
EBPs at a monthly frequency and firm-level EBPs at a quarterly frequency, respectively.
The quarterly firm-level EBP series is constructed by averaging the bond-level EBP series
across a firm’s outstanding bonds in a given month and then across the months in a given

quarter.?® The summary statistics for the monthly bond-level and quarterly firm-level EBPs

26Daily data for E is from CRSP (prexshrout) and is used to calculate a daily 252-day historical rolling-
window equity volatility og. Quarterly data on firm debt D = Current Liabilities+ %Long—Term Liabilities
is from Compustat (dlcg + 0.5 * dlttq) and is linearly interpolated to form a daily series.

2TUsing the formulas oy = /252 * o0(Alog V) and puy = 252 * u(Alog V).

28The difference in the number of observations between the quarterly firm-level EBP series and the
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TABLE A.2
Monthly Bond-level and Quarterly Firm-level Summary Statistics

(A) Monthly Variables (B) Quarterly Variables
EBPy, Skt e EBP;, Alog(Ky) e
Mean 076 2.04  -.003 Mean 160 496 -.008
Median -.065 1.30 0 Median -.067 -.024 -.007
S.D. 1.58 2.37  0.028 S.D. 2.04 6.93 048
5" Perc. -1.39 371 -.045 5" Perc.  -1.84 -3.87 -.091
95t Perc. 1.79 5.84 .042 95" Perc.  2.62 6.35 072
# Obs. 581,845 638,717 439 # Obs. 59,471 52,052 147

Note. Table A.2 presents summary statistics for our main monthly bond-level variables and the monetary
policy shock series at a monthly frequency (Panel A.2a) and for our main quarterly firm-level variables
and the monetary policy shock series at a quarterly frequency (Panel A.2b) from 1973 to 2021 (1985 to
2021 for the monetary policy shocks). Values are in percentage points, except for investment Alog(Kj;;)
which is in percent, and are calculated from the fully cleaned and merged dataset (see Appendix A.2).
The monthly monetary policy shock series is summed within each quarter to generate the quarterly series.
Of note, the mean absolute value of the monthly (quarterly) monetary policy shock series is 1.7 (3.6) basis
points, which is an order of magnitude larger than the mean values reported above. For each firm, the
monthly bond-level EBP is averaged across the firm’s bonds in a given quarter to generate the quarterly
firm-level series. The monthly bond-level EBP (spread) panel includes 10061 (11319) bonds issued by
1630 (1913) non-financial firms. The quarterly firm-level EBP (investment) series includes 1630 (1149)
non-financial firms.

are broadly in line with one another. Further, unsurprisingly given the results documented

in Appendix A.3, our mean monthly bond-level EBP is very similar to the corresponding

mean value from Gilchrist and Zakrajsek (2012).

The second columns in Panels A.2a and A.2b report summary statistics for our depen-
dent variables of interest, monthly bond-level credit spreads and quarterly firm-level invest-
ment, respectively. As with the EBP, the value of our mean bond-level credit spread—about
2 percentage points—is very similar to the corresponding mean value from Gilchrist and
Zakrajsek (2012). Similarly, the average level of firms’ investment in our sample—about
0.5 percent—is nearly identical to the corresponding mean value documented by Ottonello

and Winberry (2020). The remainder of our summary statistics for firms’ investment are

monthly bond-level EBP series reflects these two levels of averaging.
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also consistent with those documented by Ottonello and Winberry (2020), but with a mod-

erately lower standard deviation and tighter tails.

As mentioned previously, our analysis focuses on publicly listed U.S. firms who issue
debt in corporate bond markets. While this tilts our sample towards large firms relative to
Ottonello and Winberry (2020)’s sample, data on both prices and quantities are crucial to
inspect the transmission of monetary policy. Further, large firms have been shown to play
an outsized role in driving the U.S. business cycles (e.g., Carvalho and Grassi, 2019). Still,
relative to both the literatures on monetary policy’s effects on firm-level investment (e.g.,
Ottonello and Winberry, 2020) and on bond-level credit spreads (e.g., Anderson and Cesa-
Bianchi, 2024), our use of the Lehman-Warga database and a monetary policy shock series
that spans periods of conventional and unconventional policy affords us a longer sample

than most studies.

This longer sample is made evident by the large number of observations we have for
the monetary policy shock series, whose summary statistics at a monthly and quarterly
frequency are tabulated in the third columns of Panels A.2a and A.2b, respectively. The
quarterly monetary policy shock series is generated by summing the monthly series within
each quarter. Of note, the mean absolute value of the monthly (quarterly) monetary policy
shock series is 1.7 (3.6) basis points, which is an order of magnitude larger than the mean

values reported in the table.
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B Additional Empirical Results and Robustness

In this section, we provide additional empirical results and robustness to complement our
findings from the main text. In Section B.1, we provide robustness to our results from
Section 3 linking firms’ EBPs to the cyclicality of their default risk. We then turn to the
empirical results from Sections 4 and 5. Specifically, in Section B.2, we highlight that the
heterogeneous responses we document are robust to controlling for heterogeneity according
to other firm characteristics. In Section B.3, we show that our results are robust to using
alternative percentiles of the EBP distribution to define 1EBPil(°,§3’t_1. In Section B.4, we
show that it is the EBP-component of firms’ credit spreads that reacts heterogeneously to
monetary policy and credit supply shocks. In Section B.5, we document the heterogeneous
effects on firm debt growth of both monetary policy and credit supply shocks. Section B.6
does the same for firms’ sales growth. In Section B.7, we consider alternative forms for
our credit spread regressions. In Section B.8, we show that our results are robust to using
alternative functional forms to define the EBP interactions. In Section B.9, we re-estimate
our main specifications with alternative monetary policy shocks, while Section B.10 re-
estimates our monetary policy shock regressions excluding the zero-lower-bound period.
Finally, in Section B.11, we showcase the robustness of our results from Section 7 linking

the moments of the EBP distribution to the aggregate effectiveness of monetary policy.

B.1 Firm EBPs and Cyclicality of Default Risk

In Section 3, we showed empirically that low-EBP firms’ default risk co-moves less with
aggregate risk, as proxied by the U.S. S&P500 index return and the intermediary capital
risk factor of He et al. (2017). In this section, we highlight the robustness of this empirical
result along four dimensions: (i) using the level-change in distance-to-default rather than
log-change as the dependent variable; (ii) interacting the aggregate risk factors simultane-
ously with other firm characteristics in a horserace with the EBP; (iii) using alternative
percentiles of the EBP distribution to define 1EBP/%; and (iv) using alternative functional

forms to construct the interaction terms.
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TABLE B.1

Firm Default Risk and Aggregate Risk Factors: Low- vs. High-EBP Firms

ADD;, (1) (2) (3) (4) (5) (6)
Low-EBP High-EBP Relative Low-EBP High-EBP Relative
RM¥ 677 1.04%
(.127) (.222)
RMK x 1EBPYY, -.245%*
(.066)
nA 0265 0427
(.007) (.012)
n® x 1EBPY -011%
(.004)
N 28,529 112,578 155,939 28,529 112,578 155,939
Adj. R? 13 11 .29 12 11 .29
Macro-Financial Controls Yes Yes No Yes Yes No
Firm FE Yes Yes Yes Yes Yes Yes
SectorxMonth FE Yes Yes No Yes Yes No
SectorxTime FE No No Yes No No Yes

Note: Table B.1 reports the loadings of level-changes in firms’ default risk on the U.S. S&P500

index return (RM**

) and the intermediary capital risk factor (nf). Columns (1), (2), and (4),

(5) report 499 from estimating regression (2) separately for low- and high-EBP firms, using
RMFt and n?, respectively, as the aggregate risk factor. Columns (3) and (6) report 54997l
from regression (3), which measures how low-EBP firms’ (LEBP/?%, = 1) default risk loads
on a given aggregate risk factor relative to high-EBP firms’, using RM** and n?, respectively,
as the aggregate risk factor. Standard errors are two-way clustered by firm and month. ***
denotes statistical significance at the 1% level.

Table B.1 present results from re-estimate our baseline regressions using AD D;; rather

than Alog DD;; as the dependent variable. Columns (1) and (4) present results from es-

timating regression (2) separately for low-EBP firms, using the U.S. S&P500 index return

(RM*) and intermediary capital risk factor (n2) as the aggregate risk factor, respectively.

Columns (2) and (5) do the same for high-EBP firms. Columns (3) and (6) estimate regres-

sion (3), which measures the relative loading of low-EBP firms, using the two risk factors,

respectively. The results are qualitatively consistent with our baseline, and, quantitatively

larger, with changes low-EBP firms’ distance to default loading up to 40% less on aggregate

risk than high-EBP firms’.

Tables B.2 and B.3 present results from re-estimating regression (3) while also con-

trolling for how other firm characteristics may explain default-risk loadings on aggregate
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risk. That is, we add to regression (3) the interactions Risk_Factor;%? x 1Ziﬁ§hi9h), where

1Zé?_”§high) is a vector of indicator variables based on other firm characteristics, namely,
distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets,
and Tobin’s Q. We define each indicator variable 17;;_; € 1Z§ﬁ§hi9h) in three ways: (1)
1th"1”1 = 1 if the value of a firm’s characteristic Z;;_; is below the 20" percentile of the
firm-level distribution of Z;_1, and 0 otherwise; (2) 1Z%¢% = 1 if the value of a firm’s
characteristic Z;;_; is below the 50" percentile of the firm-level distribution of Z;_;, and
0 otherwise; and (3) lZzi;q? = 1 if the value of a firm’s characteristic Z;;_; is above the
80" percentile of the firm-level distribution of Z;_;, and 0 otherwise. Columns (1), (2) and
(3) of Table B.2 present the estimated coefficients for RM* x 1EBPYY with 1Zo "
defined using the 20**, 50 and 80 percentiles, respectively, while Table B.3 does the
same for n2M* x 1EBPYPY . The results highlight that, across percentiles and risk factors,
the significant association between firms’ EBPs and the cyclicality of their default risks

remains.

TABLE B.2
Firm’s EBP, Default Risk and Market Risk Factor: Controlling for Firm Characteristics

Control for < 20" Control for < 50" Control for > 80"
Alog DD, Perc. Characteristics  Perc. Characteristics  Perc. Characteristics
RMM x 1EBPRY -.090*** -.100*** -.089***
(.022) (.021) (.022)
N 157,647 157,647 157,647
Adj. R? .39 .39 .38
Firm FE Yes Yes Yes
Sectorx Time FE Yes Yes Yes

Note: Table B.2 reports fMktEel from a modified regression (3) that controls for RMF x
1Z%,, where 1ZY%, is a vector of indicator variables based on other firm characteristics,
namely, distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets,
and Tobin’s Q. In Column (1), each indicator variable 1Z;_; € 1ZY", is equal to 1 if the
value of a firm’s characteristic Z;;_1 is below the 20" percentile of the firm-level distribution
of Z;j;—1, and 0 otherwise. In Column (2), each indicator variable 17;;_; € IZé‘t”_”1 is equal
to 1 if the value of a firm’s characteristic Z;_; is below the 50" percentile of the firm-level
distribution of Z;;_1, and 0 otherwise. In Column (3), each indicator variable 17Z;; 1 € 1Zéfﬁ’1
is equal to 1 if the value of a firm’s characteristic Z;;_; is above the 80" percentile of the
firm-level distribution of Z;;_1, and 0 otherwise. *** denotes statistical significance at the 1%
level.

Next, Tables B.4 and B.5 present results from re-estimating (3)—which measures the

relative loading of low-EBP firms’ default risk on aggregate risk factors (S&P500 return and
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TABLE B.3
Firm’s EBP, Default Risk & Intermediary Capital Risk Factor: Controlling for Firm Char-
acteristics

Control for < 20 Control for < 50t Control for > 80
Alog DD, , Perc. Characteristics  Perc. Characteristics  Perc. Characteristics
ntA x 1EBPYY -.005*** -.005*** -.005***
(.001) (.001) (.001)
N 157,647 157,647 157,647
Adj. R? .38 .38 .38
Firm FE Yes Yes Yes
Sectorx Time FE Yes Yes Yes

Note: Table B.3 reports BM*:Rel from a modified regression (3) that controls for n Mk x

1Z",, where 1Z%", is a vector of indicator variables based on other firm characteristics,

namely, distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets,

and Tobin’s Q. In Column (1), each indicator variable 1Z;_; € 1Z}", is equal to 1 if the

value of a firm’s characteristic Z;;_1 is below the 20** percentile of the firm-level distribution

of Z;+—1, and 0 otherwise. In Column (2), each indicator variable 17;;_1 € 1Z§§’_“1 is equal

to 1 if the value of a firm’s characteristic Z;;_; is below the 50** percentile of the firm-level

distribution of Z;;_1, and 0 otherwise. In Column (3), each indicator variable 1Z;;_; € 1Z§‘£1

is equal to 1 if the value of a firm’s characteristic Z;;_, is above the 80" percentile of the

firm-level distribution of Z;;_1, and 0 otherwise. *** denotes statistical significance at the 1%

level.
intermediary capital risk factor, respectively)—using 5 different threshold percentiles (the
15t 20" [main text], 25, 33"¢ and 50") of the EBP distribution to classify low-EBP firms
(i.e., LEBPYY = 1). The results are highly significant in all cases and are consistent with
our headline result: low-EBP firms’ default risk is less cyclically sensitive than high-EBP

firms’.

Finally, Tables B.6 and B.7 re-estimate (3) using alternative functional forms to define
the EBP interaction with aggregate risk factors. In particular, it presents four alternative
functional forms: (i) a linear interaction; (ii) an interaction that isolates for within-firm
variation in EBPs a la Ottonello and Winberry (2020); (iii) and (iv) interactions with
alternative EBPs that are purged of dependence on other firm characteristics and non-
linear distance-to-default terms, respectively. Across these functional forms and risk factors,
the findings are strongly consistent with our baseline. In particular, the linear interaction
shows that the distances-to-default of higher-EBP firms loads more on aggregate risk than
lower ones. Next, focusing on the within-firm variation specification, we see that firms whose

EBPs are higher than their historical average see their default risk rise more when aggregate
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TABLE B.4
Firm’s EBP, Default Risk and Market Risk Factor: Alternate Percentiles

Dep. Var.: Alog DD, ,
Low Percentile 15t 20th 25th 3374 50th

RMM 5 1EBPR | -064 067 071" -.085"* 097"
(.024) (.022) (.024) (.019) (.017)

N 154,179 154,179 154,179 154,179 154,179
Adj. R? .38 .38 .38 .38 .38
Firm FE Yes Yes Yes Yes Yes
Sectorx Time FE Yes Yes Yes Yes Yes

Note: Table B.4 reports fM*:Rel from regression (3), which measures how low-EBP firms’
default risk loads on the S&P500 return relative to high-EBP firms’ for different threshold
percentiles for defining 1EBPY"Y,. Specifically, it presents results for 5 different threshold
percentiles: 50", 3374 25t" 20" (our baseline) and the 15", Standard errors are two-way
clustered by firm and month. *** (**) denotes statistical significance at the 1% (5%) level.

TABLE B.5
Firm’s EBP, Default Risk & Intermediary Capital Risk Factor: Alternate Percentiles

Dep. Var.: Alog DD,

Low Percentile 15th 20" 25th 337 50"
nA x 1EBP£$”1 -.004*** -.004*** -.004*** -.005%* -.005%**

(.001) (.001) (.001) (.001) (.001)
N 154,179 154,179 154,179 154,179 154,179
Adj. R? .38 .38 .38 .38 .38
Firm FE Yes Yes Yes Yes Yes
Sectorx Time FE Yes Yes Yes Yes Yes

Note: Table B.5 reports fM*:Rel from regression (3), which measures how low-EBP firms’
default risk loads on the He et al. (2017) intermediary capital risk factor relative to high-EBP
firms’ for different threshold percentiles for defining 1EBP/¢™,. Specifically, it presents results
for 5 different threshold percentiles: 50", 3374, 25t" 20" (our baseline) and the 15t". Standard
errors are two-way clustered by firm and month. *** (**) denotes statistical significance at
the 1% (5%) level.

risk rises. This highlights that firm-specific pricing of default risk can vary over time and
is captured in firms’ EBPs. Finally, constructing 1EBP/?% using alternative EBPs that
purge credit spreads explicitly of other firm characteristics (leverage, size, sales growth,
age, current asset share, and Tobin’s average Q) and non-linear distance-to-default terms
(DD?, DD3, DD*) produces similar results to our baseline, showing that it is not these

components of the EBP that drive our results.
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TABLE B.6
Firm’s EBP, Default Risk and Market Risk Factor: Alternate EBP Functional Forms

Alog DD (1) (2) (3) (4)
RMF  EBPy 047
(.008)
RM¥ x (EBPy_, — EBP;) 051
(.009)
RV x 1EBP cxChar, 067
(.021)
RV x 1EBP exDD. | 057
(.024)
N 154,179 154,179 154,179 154,179
Adj. R? .39 .38 .38 .38
Firm FE Yes Yes Yes Yes
SectorxTime FE Yes Yes Yes Yes

Note: Table B.6 reports 3499:¢l from regression (3), which measures how low-EBP firms’
default risk loads on the market return relative to high-EBP firms’ using different functional
forms to define the interaction. Column (1) uses a linear interaction; Column (2) uses a within-
firm linear interaction as in Ottonello and Winberry (2020); Column (3) presents the relative
loading of firms whose EBPs purged of the firm characteristics in Z;;_; are in the bottom
quintile of the distribution; and Column (4) uses an alternative EBP that has purged spreads
of non-linear distance-to-default terms to construct the low-EBP indicator. Standard errors
are two-way clustered by firm and month. *** (**) denotes statistical significance at the 1%
(5%) level.

18



TABLE B.7
Firm’s EBP, Default Risk & Intermediary Capital Risk Factor: Alternate EBP Functional

Forms

Alog DDy (1) (2) (3) (4)
nA x EBPy_, .002***
(.0003)
n® x (EBPy_, — EBP;) 002+
(.0003)
0 x 1EBP cxChar, 003"
(.001)
0> x 1EBP exDD, _.004**
(.001)
N 154,179 154,179 154,179 154,179
Adj. R? .38 .38 .38 .38
Firm FE Yes Yes Yes Yes
SectorxTime FE Yes Yes Yes Yes

Note: Table B.7 reports 3499-%¢l from regression (3), which measures how low-EBP firms’
default risk loads on the He et al. (2017) intermediary capital risk factor relative to high-
EBP firms’ using different functional forms to define the interaction. Column (1) uses a linear
interaction; Column (2) uses a within-firm linear interaction as in Ottonello and Winberry
(2020); Column (3) presents the relative loading of firms whose EBPs purged of the firm
characteristics in Z;;_1 are in the bottom quintile of the distribution; and Column (4) uses an
alternative EBP that has purged spreads of non-linear distance-to-default terms to construct
the low-EBP indicator. Standard errors are two-way clustered by firm and month. *** (**)
denotes statistical significance at the 1% (5%) level.
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B.2 Heterogeneous Effects by EBP vs. other Characteristics

In this section, we show that firms’ EBPs matter for their responsiveness to monetary
policy and credit supply shocks when also conditioning on other competing firm char-
acteristics. To show this, we re-estimate our baseline regressions (5), (7) and (9), which
contain the interaction term g5"°°* x lEBIDil(Olg‘)’t_l, when also including the interaction vec-
tor eshock 5 17109 - where 1Z19"9M) s a vector of indicator variables based on other
firm characteristics, namely, distance to default, leverage, credit rating, age, size, sales
growth, share of liquid assets, and Tobin’s Q and where shock = {m} or {CS}.?® We
again define each indicator variable 1foful(high) € 1Z§?ﬁ"§hi9h) in three ways: (1) 12/, =1
if the value of a firm’s characteristic Z;_; is below the 20" percentile of the firm-level
distribution of Z;;_;, and 0 otherwise; (2) 12%% = 1 if the value of a firm’s characteristic
Zi—1 is below the 50" percentile of the firm-level distribution of Z;_;, and 0 otherwise;

and (3) 1Z2gifil — 1 if the value of a firm’s characteristic Z;;_; is above the 80" percentile

of the firm-level distribution of Z;_1, and 0 otherwise.

The results of these horserace regressions between firms” EBPs and other firm charac-
teristics are displayed in Figures B.1, B.2, B.3 and B.4. Panel (a) in each figure displays
the response of low-EBP firms—or bonds in the credit spread figures—to the shock com-
pared to high-EBP ones, controlling for the interaction "% x 1Z!”  where 1Z%", is
defined based on the 20" percentile of the cross-sectional distribution of firms’ character-
istics. Panel (b) in each figure displays the same, but with 1Z2“, defined based on the
50" percentile of the cross-sectional distribution of firms’ characteristics, while Panel (c)
in each figure displays our response of interest, but with 129" defined based on the 80"

percentile of the cross-sectional distribution of firms’ characteristics.

Across each figure and specification, we see that firms’ EBPs continue to regulate
the responsiveness of firms’ credit spreads and investment to monetary policy and credit
supply shocks. This highlights the economic relevance of firms’ EBPs for explaining firms’

heterogeneous reactions to monetary policy.

29We include these indicator variables of firm characteristics and their interactions with the shocks en
lieu of firm characteristics in levels.
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FIGURE B.1
Horserace Regressions: Relative Response of Low-EBP Firms’ Spreads to Monetary Policy

(A) Horserace with below 20" Perc. Characteristics (B) Horserace with below 50" Perc. Characteristics
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Note. Figure B.1 plots the credit spread response of low-EBP (sub 20" percentile) firms’ bonds to a
monetary policy shock relative to high-EBP firms’ using a modified regression (5) that controls for
eyt X IZEfﬂmg h), where IZé?_UY”g h) is a vector of indicator variables based on other firm characteris-
tics, namely, distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets,
and Tobin’s Q. In Panel B.1a, each indicator variable 12}, € IZéffl is equal to 1 if the value
of a firm’s characteristic Z;;—1 is below the 20" percentile of the firm-level distribution of Z;;_1,
and 0 otherwise. In Panel B.1b, each indicator variable 12 € 1Z!%"| is equal to 1 if the value
of a firm’s characteristic Z;j;—1 is below the 50" percentile of the firm-level distribution of Z;_1,
and 0 otherwise. In Panel B.lc, each indicator variable IZZZ_gf € IZ?Z_QT is equal to 1 if the value
of a firm’s characteristic Z;;_1 is above the 80" percentile of the firm-level distribution of Z;;_1,
and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals

constructed using two-way clustered standard errors by firm and month.
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FIGURE B.2
Horserace Regressions: Relative Response of Low-EBP Firms’ Investment
to Monetary Policy
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Note. Figure B.2 plots the investment response of low-EBP (sub 20" percentile) firms to a mon-
etary policy shock relative to high-EBP firms using a modified regression (7) that controls for
e X 1z§§1”§’”9h>, where IZZﬂhzgh) is a vector of indicator variables based on other firm char-
acteristics, namely, distance to default, leverage, credit rating, age, size, sales growth, share of liquid
assets, and Tobin’s Q. In Panel B.2a, each indicator variable 1210, € 1Zﬁ;’f1 is equal to 1 if the value
of a firm’s characteristic Z;;—1 is below the 20" percentile of the firm-level distribution of Z;_1,
and 0 otherwise. In Panel B.2b, each indicator variable 12/, € 1Z", is equal to 1 if the value
of a firm’s characteristic Z;;_1 is below the 50" percentile of the firm-level distribution of Z;_1,
and 0 otherwise. In Panel B.2c, each indicator variable lZZl_gf S IZZET is equal to 1 if the value
of a firm’s characteristic Z;;_1 is above the 80" percentile of the firm-level distribution of Z;;_1,
and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals
constructed using two-way clustered standard errors by firm and quarter.
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FiGure B.3
Horserace Regressions: Relative Response of Low-EBP Firms’ Spreads
to Credit Supply Shock

(a) Horserace with below 20*" Perc. Characteristics (B) Horserace with below 50¢" Perc. Characteristics
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Note. Figure B.3 plots the credit spread response of low-EBP (sub 20" percentile) firms’ bonds to a
credit supply shock relative to high-EBP firms’ using a modified regression (9) that controls for ¢¢'% x
171290 here 121997 ig a vector of indicator variables based on other firm characteristics,
namely, distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets,
and Tobin’s Q. In Panel B.3a, each indicator variable 1Z/%%, € 1Z1%", is equal to 1 if the value
of a firm’s characteristic Z;;_; is below the 20" percentile of the firm-level distribution of Zj_1,
and 0 otherwise. In Panel B.3b, each indicator variable 12/ € 1Z2"| is equal to 1 if the value
of a firm’s characteristic Z;;_1 is below the 50" percentile of the firm-level distribution of Z;_1,
and 0 otherwise. In Panel B.3c, each indicator variable 1Z/29" € 1Z"9 is equal to 1 if the value
of a firm’s characteristic Z;;_; is above the 80" percentile of the firm-level distribution of Z;_1,
and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals

constructed using two-way clustered standard errors by firm and month.
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FIiGURE B.4
Horserace Regressions: Relative Response of Low-EBP Firms’ Investment
to Credit Supply Shock

(a) Horserace with below 20*" Perc. Characteristics (B) Horserace with below 50¢" Perc. Characteristics
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Note. Figure B.4 plots the investment response of low-EBP (sub 2
supply shock relative to high-EBP firms using a modified regression (9) that controls for
1712190 here 12199 is a vector of indicator variables based on other firm characteristics,
namely, distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets,
and Tobin’s Q. In Panel B.4a, each indicator variable 1212, € 1Z19", is equal to 1 if the value
of a firm’s characteristic Z;;_; is below the 20" percentile of the firm-level distribution of Zj_1,
and 0 otherwise. In Panel B.4b, each indicator variable 12/ € 1Z?"| is equal to 1 if the value
of a firm’s characteristic Z;;_1 is below the 50*" percentile of the firm-level distribution of Z;_1,
and 0 otherwise. In Panel B.4c, each indicator variable 1Z/%9" € 1Z"9 is equal to 1 if the value
of a firm’s characteristic Z;;_; is above the 80" percentile of the firm-level distribution of Z;_1,
and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals
constructed using two-way clustered standard errors by firm and quarter.
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B.3 Heterogeneous Effects with Alternative EBP Percentiles

In this section, we show that our results from the main text are robust to using different
threshold percentiles to define low-EBP firms, i.e., firms for which 1EBP;(°,§S’1;_1 = 1. In par-
ticular, we provide results for four other threshold percentiles to complement our baseline
results using the 20" percentile from the main text, namely, the 15, 25" 337 and 50"
(median) percentiles. The results for re-estimating regression (5)—monetary policy’s effect
on bond credit spreads—with these other percentiles are shown in B.5. The results for re-
estimating regression (7)—monetary policy’s effect on firm investment—with these other
percentiles are shown in Figure B.6. The results for re-estimating regression (9)—credit
supply’s effect on bond credit spreads and firm investment—with these other percentiles
are shown in Figures B.7 and B.8, respectively. In each case, we see similar heterogeneous
responses for each of the thresholds, highlighting that our results from the main text are

not tied to the 20" percentile, but rather reflect a marked difference between low- and

high-EBP firms.
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FIGURE B.5

Relative Response of Bond Credit Spreads to Monetary Policy by EBP Percentiles
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Note. Figure B.5 plots the 37's from regression (5), which trace the credit spread response of low-EBP
firms’ bonds to a monetary policy shock relative to high-EBP firms’ bonds, using different percentiles
of the EBP distribution to define lEBPil,gg"_1 in regression (5). Panels B.5a, B.5b, B.5c, B.5d set
1EBPYY | =1 if, respectively, a bond’s EBP is below the 15", 25" 337 and 50" percentiles of
the EBP distribution, and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90%
confidence intervals constructed using two-way clustered standard errors by firm and month.



FIGURE B.6
Relative Response of Firm Investment to Monetary Policy by EBP Percentiles
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Note. Figure B.6 plots the 8's from regression (7), which trace the investment response of low-EBP
firms to a monetary policy shock relative to high-EBP firms, using different percentiles of the EBP
distribution to define 1EBP/f™, in regression (7). Panels B.6a, B.6b, B.6¢c, B.6d set 1EBP®, = 1 if,
respectively, a firm’s EBP is below the 15", 25", 3374 and 50*" percentiles of the EBP distribution,
and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals
constructed using two-way clustered standard errors by firm and quarter.



FiGure B.7
Relative Response of Bond Credit Spreads to Credit Supply Shock by EBP Percentiles
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Note. Figure B.7 plots the 87's from regression (9), which trace the credit spread response of low-EBP
firms’ bonds to a credit supply shock relative to high-EBP firms’ bonds, using different percentiles
of the EBP distribution to define 1EBP£,‘C’;”_ 1 in regression (9). Panels B.7a, B.7b, B.7c, B.7d set
1EBP/Y | =1 if, respectively, a bond’s EBP is below the 15", 25t 3374 and 50" percentiles of
the EBP distribution, and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90%
confidence intervals constructed using two-way clustered standard errors by firm and month.

28



FIGURE B.8
Relative Response of Firm Investment to Credit Supply Shock by EBP Percentiles
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Note. Figure B.8 plots the B7's from regression (9), which trace the investment response of low-
EBP firms to a credit supply shock relative to high-EBP firms, using different percentiles of the EBP
distribution to define 1EB P/, in regression (9). Panels B.8a, B.8b, B.8c, B.8d set 1LEBPYY = 1 if,
respectively, a firm’s EBP is below the 15", 25" 3374 and 50" percentiles of the EBP distribution,
and 0 otherwise. Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals
constructed using two-way clustered standard errors by firm and quarter.
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B.4 Heterogeneous Effects on Bond-Level EBPs

In this section, we re-estimate our baseline credit spread regressions (5) and (9) using as
the dependent variable the h-period change in the EBP component of firms’ credit spreads,
EBPiiyn, — EBPigy—1. These results are shown in Panel B.11a (monetary policy shock)
and B.12a (credit supply shock), respectively. We also re-run the robustness exercises from
Sections B.2 and B.3, i.e., running horse-race regressions between the EBP and other firm
characteristics (Figures B.9 and B.10) and using other percentiles of the EBP distribution
to define LEBPYY | (Figures B.11 and B.12), respectively. In all cases, the response of firms’
EBPs tracks almost identically the response of firms’ credit spreads, highlighting that it
is the EBP-component of firms’ credit spreads that reacts heterogeneously to monetary

policy and credit supply shocks.
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FIGURE B.9

Horserace Regressions: Relative Response of Low-EBP Firms” EBP
to Monetary Policy
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Note. Figure B.9 plots the 8l's from a modified regression (5) that uses the change in bonds’ EBPs

rather than their credit spreads as the dependent variable and that controls for " x IZi?ﬂhig h),

low(high) . o . -
where 1zi§f§ 9h) is a vector of indicator variables based on other firm characteristics, namely,

distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets, and Tobin’s
Q. The remaining notes from Figure B.1 apply.
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FiGUurE B.10
Horserace Regressions: Relative Response of Low-EBP Firms” EBP to
Credit Supply Shock
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Note. Figure B.10 plots the 37's from a modified regression (9) that uses the change in bonds’ EBPs
rather than their credit spreads as the dependent variable and that controls for £ x 1z§;’?§*”9 h),
where 1Z.""9") is a vector of indicator variables based on other firm characteristics, namely,
distance to default, leverage, credit rating, age, size, sales growth, share of liquid assets, and Tobin’s

Q. The remaining notes from Figure B.3 apply.
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Ficure B.11
Relative Response of Bond EBPs to Monetary Policy by EBP Percentiles
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Note. Figure B.11 plots the BP's from a modified regression (5) that uses changes in the EBP-
component of firms’ credit spreads as dependent variable and uses different percentiles of the EBP
distribution to define 1LEBP" . The remaining notes from Figure B.5 apply.

33



FiGURE B.12
Relative Response of Bond EBPs to Credit Supply Shock by EBP Percentiles
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Note. Figure B.12 plots the AP's from a modified regression (9) that uses changes in the EBP-
component of firms’ credit spreads as dependent variable and uses different percentiles of the EBP

distribution to define lEBPil,‘c’ﬁ 1- The remaining notes from Figure B.7 apply.
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B.5 Heterogeneous Effects on Firm-Level Debt Growth

In this section, we re-estimate our baseline investment regressions (7) and (9) using as
the dependent variable the h-period log change in firms’ debt, log D;;,, — log Dj;—1. These
results are shown in Panel B.15a (monetary policy shock) and B.16a (credit supply shock),
respectively. We also re-run the robustness exercises from Sections B.2 and B.3, i.e., running
horse-race regressions between the EBP and other firm characteristics (Figures B.13 and
B.14) and using other percentiles of the EBP distribution to define 1EBPYY (Figures
B.15 and B.16), respectively. In all cases, the results are in line with the heterogeneous
responses of investment: low-EBP firms increase debt relative to high-EBP firms following

expansionary monetary policy and credit supply shocks.
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FiGUrE B.13
Horserace Regressions: Relative Response of Low-EBP Firms’ Debt Growth
to Monetary Policy
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Note. Figure B.13 plots the 8's from a modified regression (7) that uses the h-period log change
in firms’ debt as the dependent variable and that controls for e x 1Z.7"9")  where 1710 ("9
is a vector of indicator variables based on other firm characteristics, namely, distance to default,
leverage, credit rating, age, size, sales growth, share of liquid assets, and Tobin’s Q. The remaining

notes from Figure B.2 apply.
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FIGURE B.14
Horserace Regressions: Relative Response of Low-EBP Firms’ Debt Growth to
Credit Supply Shock
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Note. Figure B.14 plots the 8's from a modified regression (9) that uses the h-period log change
in firms’ debt as the dependent variable and that controls for e x IZiiﬂ}”g h), where IZéfﬂ}”g ")
is a vector of indicator variables based on other firm characteristics, namely, distance to default,
leverage, credit rating, age, size, sales growth, share of liquid assets, and Tobin’s Q. The remaining

notes from Figure B.4 apply.
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FIGURE B.15
Relative Response of Firm Debt to Monetary Policy Shock by EBP Percentiles
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Note. Figure B.15 plots the Sl's from a modified regression (7) that uses the h-period log change
in firms’ debt as dependent variable and uses different percentiles of the EBP distribution to define
1EBP/?Y . The remaining notes from Figure B.6 apply.
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FiGURE B.16
Relative Response of Firm Debt to Credit Supply Shock by EBP Percentiles
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Note. Figure B.16 plots the 8's from a modified regression (9) that uses the h-period log change
in firms’ debt as dependent variable and uses different percentiles of the EBP distribution to define
1EBP/f™,. The remaining notes from Figure B.8 apply.
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B.6 Heterogeneous Effects on Firm-Level Sales Growth

In this section, we re-estimate our baseline investment regressions (7) and (9) using as the
dependent variable the h-period log change in firms’ sales, log Sale;;,, —log Sale;; 1. These
results are shown in Panel B.17 (monetary policy shock) and B.18 (credit supply shock),
respectively, for a variety of percentiles. While there is some evidence that low-EBP firms’
sales increase relative to high-EBP firms’ following expansionary monetary policy shocks,
these effects are significantly smaller in magnitude and much less significant than the results

for firms’ investment or debt. The results are even weaker for credit supply shocks.

Overall, these findings suggest that the differential transmission of monetary policy to
firms’ investment conditional on their EBPs does not primarily operate via a differential
increase in their sales and cash flows. Through the lens of our model, this suggests that
larger shifts in low-EBP firms” marginal benefit curves may play a lesser role than differ-
ences in the slopes of their marginal benefit curves around equilibrium in rationalizing our
headline empirical results. Specifically, if monetary policy easings significantly increased the
demand of low-EBP firms’ products—and hence their sales—compared to high-EBP firms’,
this would differentially increase low-EBP firms’ marginal benefit to accumulating capital,
which could explain our findings. While these results show there is some evidence of this

channel, it cannot explain the majority of our results.
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FI1GURE B.17
Relative Response of Firm Sales Growth to Monetary Policy Shock by EBP Percentiles
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Note. Figure B.17 plots the Bl's from a modified regression (7) that uses the h-period log change
in firms’ sales as dependent variable and uses different percentiles of the EBP distribution to define
1EBP/?Y . The remaining notes from Figure B.6 apply.
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FiGURE B.18
Relative Response of Firm Sales Growth to Credit Supply Shock by EBP Percentiles
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Note. Figure B.18 plots the 8's from a modified regression (9) that uses the h-period log change
in firms’ sales as dependent variable and uses different percentiles of the EBP distribution to define
1EBP/f™,. The remaining notes from Figure B.8 apply.
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B.7 Alternative Credit Spread Specifications

In this section, we present results to 2 adjustments to our baseline credit spread regres-
sions. First, Figure B.19 presents results based on using firm-level average EBPs rather than
bond-level EBPs to construct the indicator variable in regressions (5) and (9)—specifically:
g; Xx LEBPYY. This draws a parallel between our investment specification. Figure B.20 in-
stead uses h-period log-change in credit spreads, rather than the raw change, to define the
dependent variable—specifically: log(1+ Sixin) — log(1 + Sire—1). This specification, if any-
thing, should dampen our results, since high-EBP firms tend to have higher credit spreads.

In both cases, however, the results are similar to those from our baseline specification.

FIGURE B.19
Heterogeneous Effects by EBP on Firm-Level Spreads
(A) Monetary Policy Shocks (B) Credit Supply Shocks
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Note. Figure B.19 plots the 37's from modified regressions (5) and (9), respectively, that use firm-level
(average) EBP rather than bond-level EBPs to construct the indicator variable: &, x 1LEBP/™,. The
remaining notes from Figures 3 and 5 apply.
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Ficure B.20
Heterogeneous Effects by EBP on Log(Spreads)
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Note. Figure B.20 plots the 3's from modified regressions (5) and (9), respectively, that uses the
log-change in gross credit spreads, rather than the raw change, to define the outcome variable. The
remaining notes from Figures 3 and 5 apply.
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B.8 Heterogeneous Effects with Alternative EBP Functional Forms

In this section, we re-estimate our baseline regressions (5), (7) and (9) using alternative
functional forms to estimate the heterogeneous effects of monetary policy and credit supply
shocks conditional on firms’ EBPs. Specifically, we consider 4 functional forms, where s =
{m, CS}: (1) linear interaction between the shock and firms’ lagged EBPs (€7 X EBPjy—1);
(2) a linear interaction that isolates for within-firm variation in EBPs a la Ottonello and
Winberry (2020) (gf x (EBPgyu-1 — EBPis)); (3) a modified low-EBP indicator that
equals 1 if a firm’s EBP, purged of the firm characteristics in Z;_1, is in the bottom
quintile of this ‘new’ EBP distribution, and zero otherwise (e x 1EBP/,e\m/Char::)t_1) ;
and (4) a second modified low-EBP indicator that equals 1 if a firm’s EBP, purged of
higher-order distance-to-default terms (DD?, DD? and DD?), is in the bottom quintile of

w

—_— lo
this ‘new’” EBP distribution, and zero otherwise (¢j X 1EBP_exDD, ., ;).

The results are presented in Figures B.21 and B.22 (monetary policy shock) and Figures
B.23 and B.24 (credit supply shock), alongside our baseline interaction coefficients (in Panel
(a) of each Figure). Panel (b) in each figure showcases that firms with higher ex-ante EBPs
see a greater reduction in their credit spreads and increase investment more following
expansionary monetary policy or credit supply shocks.?® This highlights that our results
are generally robust to considering a linear interaction functional form, as opposed to the
indicator variable approach we use in our baseline. Panel (¢) in each figure shows that
our results are significantly driven by within-firm variation, consistent with Ottonello and
Winberry (2020). Panel (d) in each figure shows that our results are robust to sorting firms
based on an alternative EBP purged of firm characteristics. The similarity of these results
to our baseline highlights that the information in firms” EBPs that is relevant for firms’
heterogeneous effects of monetary policy and credit supply shocks is distinct from these
other firm characteristics. Finally, panel (e) showcases the relative response of low-EBP
firms based on EBPs that have additionally been purged of higher-order dependence on
firms’ distances-to-default. Again, the similarity with our baseline specification shows that

our results are not driven by these potential non-linearities, with this alternative EBP

30The results in panels (b) and (c) are not statistically significant for the effects of credit supply shocks
on credit spreads, although the point estimates are persistently in the right direction.
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construction potentially helping to better isolate for the risk-premium component of credit

spreads.
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FIGURE B.21

Monetary Policy and Credit Spreads: Alternative EBP Functional Forms
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Note. Figure B.21 plots the s from a modified regression (5) that uses different functional forms
for the EBP interaction term. Panel B.21a presents the baseline result (from Figure 3b). Panel
B.21Db uses a linear interaction; panel B.21c uses a within-firm linear interaction as in Ottonello and
Winberry (2020); Panel B.21d presents the relative response of firms whose EBPs purged of the
firm characteristics in Z;;_; are in the bottom quintile of the distribution; and Panel B.21e uses an
alternative EBP that has purged spreads of non-linear distance-to-default terms to construct the
low-EBP indicator. The remaining notes from Figure 3 apply.



FIGURE B.22

Monetary Policy and Investment: Alternative EBP Functional Forms
(A) Baseline: e x 1EBPY™,
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Note. Figure B.22 plots the ;s from a modified regression (7) that uses different functional forms
for the EBP interaction term. Panel B.22a presents the baseline result (from Figure 4b). Panel
B.22b uses a linear interaction; panel B.22¢ uses a within-firm linear interaction as in Ottonello and
Winberry (2020); Panel B.22d presents the relative response of firms whose EBPs purged of the
firm characteristics in Z;;_1 are in the bottom quintile of the distribution; and Panel B.22e uses an
alternative EBP that has purged spreads of non-linear distance-to-default terms to construct the
low-EBP indicator. The remaining notes from Figure 4 apply.



Ficure B.23
Credit Supply Shocks and Credit Spreads: Alternative EBP Functional Forms
(A) Baseline: ¢S x 1EBPYY |
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Note. Figure B.23 plots the f1s from a modified regression (9) that uses different functional forms for
the EBP interaction term. Panel B.23a presents the baseline result (from Figure 5). Panel B.23b uses
a linear interaction; panel B.23c uses a within-firm linear interaction as in Ottonello and Winberry
(2020); Panel B.23d presents the relative response of firms whose EBPs purged of the firm character-
istics in Z;;—1 are in the bottom quintile of the distribution; and Panel B.23e uses an alternative EBP
that has purged spreads of non-linear distance-to-default terms to construct the low-EBP indicator.
The remaining notes from Figure 5 apply. 49



FiGure B.24
Credit Supply Shocks and Investment: Alternative EBP Functional Forms
(A) Baseline: €% x 1EBPYY,
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Note. Figure B.24 plots the 81s from a modified regression (9) that uses different functional forms for
the EBP interaction term. Panel B.24a presents the baseline result (from Figure 5). Panel B.24b uses
a linear interaction; panel B.24c uses a within-firm linear interaction as in Ottonello and Winberry
(2020); Panel B.24d presents the relative response of firms whose EBPs purged of the firm character-
istics in Z;;_1 are in the bottom quintile of the distribution; and Panel B.24e uses an alternative EBP
that has purged spreads of non-linear distance-to-default terms to construct the low-EBP indicator.
The remaining notes from Figure 5 apply. 50



B.9 Heterogeneous Effects with Alternative Monetary Policy Shocks

In this section, we show our results for the heterogeneous responses of firms’ investment
and credit spreads are robust to using an alternative monetary policy shock series. For
comparability with Ottonello and Winberry (2020), we re-estimate our results with high-
frequency monetary policy shocks constructed from changes in the expected Federal Funds
Rate around FOMC announcements, as implied by current-month Federal Funds future
contracts (FF0). We take these shocks from Acosta and Saia (2020), who extend the shocks
of Nakamura and Steinsson (2018) to cover the period from 2000 to 2019. We normalize
the shock series so that positive values refer to monetary easings and to have the same

variance as the Bu et al. (2021) series we use in our baseline.

The results for credit spreads—which come from re-estimating regression (5) with the
FFO0 shock—and for investment—which come from re-estimating regression (7) with the
FFO shock—are displayed in Figure B.25, respectively. In both cases, we document the
same pattern as for the Bu et al. (2021) shock series in the main text. Specifically, low-
EBP firms’ credit spreads fall by less following an expansionary monetary policy shock
(Panel B.25a), although these low-EBP firms invest relatively more than high-EBP firms
(Panel B.25b). Further, as in the main text, the impulse responses are hump shaped and

are of a comparable magnitude.
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FIGURE B.25
High-Frequency FF0O Monetary Policy Shocks on Firms’ Spreads and Investment

(A) Relative Response of Low-EBP Firms’ Spreads (B) Relative Response of Low-EBP Firms’ Investment
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Note. Figure B.25 reports the dynamic responses of bond-level credit spreads and firm-level invest-
ment to high-frequency FF0O monetary policy shocks, as calculated by Acosta and Saia (2020) and
Nakamura and Steinsson (2018). Panel B.25a plots the 31's from regressions (5) with the FF0 shocks,
which trace the credit spread Siki+n — Sikt—1 response of low-EBP firms’ bonds (LEBPYY | = 1)
relative to high-EBP firms’ bonds (1EBP/® | = 0). Panel B.25b plots the SI's from regressions (7)
with FFO shocks, which trace the investment log(K;s1p/K;t—1) response of low-EBP firms relative
to high-EBP firms. Inner and outer shaded areas are, respectively, 68% and 90% confidence intervals
constructed using two-way clustered standard errors by firm and month/quarter.
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B.10 Monetary Policy’s Effects ex. Zero-lower-bound Period

In this section, we re-estimate our baseline regressions from Section excluding the zero-
lower-bound periods (2009-2015 and 2020-2021). This aligns with the timing studied in
Ottonello and Winberry (2020). The results are presented in Figure B.26 and highlight very
similar results to our full-sample baseline: low-EBP firms’ spreads decline less following a

monetary easing, whereas they increase their investment by relatively more.

FIGURE B.26
Response of Firms’ Spreads & Investment to Monetary Policy Shocks excluding ZLB period

(A) Relative Response of Low-EBP Firms’ Spreads (B) Relative Response of Low-EBP Firms’ Investment
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Note. Figure B.26 reports the dynamic responses of bond-level credit spreads (Panel a) and firm-level
investment (Panel b) to our baseline monetary policy shock series (Bu et al. (2021)) excluding the
zero-lower-bound periods (2009-2015 and 2020-2021). The remaining notes from Figures 3 and 4,

respectively, apply.
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B.11 Robustness: Aggregate Implications of EBP Heterogeneity

In this section, we show that our results from Section 7, where we documented that the
cross-sectional EBP distribution is an important empirical driver of the aggregate effective-
ness of monetary policy, are robust to a horserace with monetary policy’s interaction with
various recession indicators, as well as to using the mean rather than median of the EBP

distribution.

First, we consider interactions between monetary policy shocks and two types of
(lagged) recession indicators: (i) the smoothed U.S. recession probability measure from
Chauvet (1998); (ii) a dummy variable for NBER-classified U.S. recessions. In particular,
the Chauvet (1998) measure very closely tracks the recession measure used in Tenreyro and
Thwaites (2016). We include these additional interaction terms in regression (14) from the

main text.

The results are displayed in Figures B.27 and B.28, respectively. We find that the
conditioning power of EBP skewness is unaffected by including the recession indicator
interactions, with a right-skewing of the EBP distribution associated with a dampening of
the effects of monetary policy shocks on aggregate investment growth. Interestingly, the
results for the conditioning power of the median and dispersion of the EBP distribution
are weakened when accounting for the well-documented weaker effects of monetary policy
in recessions (Tenreyro and Thwaites (2016)), although they are still significant at some
horizons. Overall, our findings highlight that the importance of the skewness of the EBP

distribution for monetary policy’s aggregate potency holds both in and out of recessions.

Second, we re-estimate our baseline specification but replace the interaction between
the monetary policy shock and the median EBP with one using the mean EBP (and same
for the predicted spread). The results are presented in Figure B.29, and reveal very similar

results to our baseline specification.
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FIGURE B.27
Monetary Policy’s Effect on Aggregate Investment Growth:
Horserace between EBP moments and Recession Probability Variable

(A) Unconditional (B) Conditional on EBP Skewness
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Note. Figure B.27 reports the regression results from estimating a modified regression (14) that
includes the interaction between the monetary policy shock and the Chauvet (1998) recession prob-
ability variable. Panel B.27a shows unconditional effects, 8. Panels B.27b, B.29¢ and B.29d show
the effects conditional on the skewness, median and dispersion of the EBP distribution, measured
in standard deviations, which are three of the elements in ﬁg Inner and outer shaded areas are,
respectively, 68% and 90% confidence intervals constructed using Newey-West standard errors with
12 lags.
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FiGURE B.28
Monetary Policy’s Effect on Aggregate Investment Growth
Horserace between EBP moments and NBER Recession Indicator

(A) Unconditional (B) Conditional on EBP Skewness
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Note. Figure B.28 reports the regression results from estimating a modified regression (14) that
includes the interaction between the monetary policy shock and the NBER-recession indicator vari-
able. Panel B.28a shows unconditional effects, 8. Panels B.28b, B.28c and B.28d show the effects
conditional on the skewness, median and dispersion of the EBP distribution, measured in standard
deviations, which are three of the elements in 5’; Inner and outer shaded areas are, respectively,
68% and 90% confidence intervals constructed using Newey-West standard errors with 12 lags.
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FIGURE B.29

Monetary Policy’s Effect on Aggregate Investment Growth:

Mean in lieu of Median EBP

(A) Unconditional
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Note. Figure B.29 reports the regression results from estimating a modified regression (14) that
includes the interaction between the monetary policy shock and the mean EBP in lieu of the median
EBP. Panel B.27a shows unconditional effects, 3. Panels B.27b, B.29¢ and B.29d show the effects
conditional on the skewness, mean and dispersion of the EBP distribution, measured in standard
deviations, which are the three elements in ﬁg . Inner and outer shaded areas are, respectively, 68%
and 90% confidence intervals constructed using Newey-West standard errors with 12 lags.



C Model Appendix

C.1 Model Parameterization

In this section, we discuss the parameterization we use for the model in Section 6. We stress
that the model is not designed to quantitatively match our empirical results. Instead, our
aim is to use a stylized supply-demand model of capital markets that can transparently
illustrate different transmission mechanisms—shifts and tilts in the supply and demand
curves—and discipline the relative sizes of these shifts and tilts so as to qualitatively match

the heterogeneous effects we document in the data. The below parameterization offers one

example.
TABLE C.1
Model Parameterization
Parameter Value Description
D 0.012 Expected Default Loss (excluding covariance)
oL 0 Covariance between p and p for Low-EBP firm
PH 0.047 Covariance between p and p for High-EBP firm
o 0.97 Firm Capital Elasticity
z 1.012 Expected Productivity
0 0.08 Intermediary Agency Friction Parameter
Ny 0.0003 Intermediary Net-Worth Pre-Shock
Ny 0.0008 Intermediary Net-Worth Post-Shock
Ry 1.06 Interest Rate Pre-Shock
Ry 1.05 Interest Rate Post-Shock

Table C.1 presents our model’s parameterization. The first parameter is the ‘risk-
neutral’ expected default loss on firms’ debt, p- 7z, which we set to 1.20%.3! This is between
the range of values used in Ottonello and Winberry (2020) (1.38%, the product of a 3%
default rate and a 46% loss share) and the average corporate credit-loss rate in Emery et al.
(2009) (0.91%). Next, we turn to the covariance between firms’ probability of default and

the default loss share p. We normalize this covariance to be 0 (pr, = 0) for the less cyclical

31The model does not require us to individually specify firms’ expected default probability p and firms’
expected loss share given default . There are many potential decompositions of p - i consistent with a
well-defined joint distribution of p and pu.
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firm and set the covariance to be 0.047 (pg = 0.047) for the more cyclical firm. Thus,
while the expected loss share for low-EBP firms remains 1.2%, the loss share inclusive of
this covariance rises to 5.9% for high-EBP firms. Given the other parameters of the model,
this covariance differential allows us to match that low-EBP (i.e., firms in the bottom
quintile of the cross-sectional EBP distribution) firms have on-average about a 1.8pp lower
EBP than high-EBP firms do. Of course, differences in EBPs across firms are not solely
driven by p, but using default-risk cyclicality can serve as a stand-in for various premia
and convenience yields as shown in Appendix C.2. However, it requires a large quantity of

default risk cyclicality to achieve it.

Turning to the production function parameters, we set o = 0.97, in line with the
parameterization in Anderson and Cesa-Bianchi (2024), which ensures, given the other
model parameters, that low-EBP firms sit on materially flatter segments of their MB curves
in equilibrium compared to high-EBP firms. We set expected productivity to be 1.2%
(z = 1.012), similar to the average value of TFP growth according to Fernald (2014). In
addition, we set the fraction of intermediaries’ revenue that they can abscond with to 8%

(0 = 0.08), also similar to the value used in Anderson and Cesa-Bianchi (2024).

Finally, we turn to the parameters that we use for the comparative statics. On the
demand side, we study a lpp reduction in the risk-free benchmark rate from R; = 1.06
to Ry = 1.05—with these values bracketing the average 10Y U.S. Treasury yield over our
sample. On the supply side, motivated by the financial accelerator mechanism of monetary
policy transmission, we study an increase in intermediary net worth from N; = 0.0003 to
Ny = 0.0008 for intermediaries on both islands.?? Crucially, the increase in net worth is
large enough relative to the reduction in the risk-free rate so that firms’ credit spreads
decline when changes in N and R are studied in the model together, in line with the
empirical evidence. This, in turn, allows us to match the heterogeneous effects of monetary

policy and credit supply shocks as well.

32These levels of intermediary net worth ensure that equilibria occur along the upward sloping region of
firms’ MC curves. They are consistent with a leverage (debt/asset) ratio for the financial intermediaries of
between 92% — 97% in equilibrium.
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C.2 DModel Extensions

In Section 6.1, we outlined a stylized model featuring risk-neutral intermediaries, idiosyn-
cratic firm default risk, and aggregate risk in the form of a state-dependent loss share given
default. In this appendix, we extend the model along three dimensions. First (i), we show
that the model with a state-dependent loss share given default and risk-neutral interme-
diaries is isomorphic to one with a constant loss share and risk-averse intermediaries that
price firms’ debt. Second (ii), we generalize idiosyncratic risk in the model to go beyond
firm default risk. Third (iii), we show how non-pecuniary convenience yields, i.e., compensa-
tion/discounts uncorrelated with aggregate risk/intermediaries’ stochastic discount factor
(SDF) can be mapped into the model. Altogether, these generalizations show how firms’
EBPs can reflect multidimensional borrowing premia in the model, and that these premia
and convenience yields affect firms’ MC curves similarly to how default-risk cyclicality does

in the main text.

Beginning with (i), assume that the loss share is no-longer state contingent, and is

given by 7z, and define the intermediaries’ stochastic discount factor as:

M= M>0  EM=1, (C.1)

==

where g is a relabeled version of the earlier aggregate state that takes on higher values
when intermediaries value returns more, e.g., when their equity capital is low, as in the
intermediary asset pricing literature (e.g., He and Krishnamurthy, 2013).33 As before, u

and p; are drawn from a joint probability distribution Fj (p;, i) that carries the covariance

Pj

The expected discount on the return R* per unit of capital K that intermediaries

require given M is then:

E[M(1 - p;j1)] = E[M] — FE[Mp,] = 1 = Ji[p + Cov(M.p;)| = 1 =Pi— py.  (C:2)

Since the deposit side of the intermediaries’ problem R(K; — N) is non-stochastic, these

33The normalization E[M] = 1 implies that riskless payoffs are priced at face value.
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risk-averse intermediaries’ problem with a constant loss share in default is identical to
the one given by equations (11) and (12) in Section 6.1, and yields therefore the same
marginal cost curve as given in equation (13). Specifically, define V; = 1 — p — p;, then

the intermediaries’ problem becomes:
max ViREK; — R(K; — N) st (1-0)V;RFK; > R(K; — N), (C.3)

which gives the marginal cost curve:

RE L K; <&
Tg - 1] o N (C.4)
ijjja—e) K; > R

Thus, firms whose default risks are higher in states where intermediaries value returns more
highly p; T = Vj; | have upward shifted and steeper MC curves, reproducing the result

from the main text with the same exact functional form.

Next, we move to (ii) and consider generalized premia beyond simply firm default
risk. To begin, notice that the expected discount in equation (C.2) can be rewritten in the

generalized form:
E[M(1—-1;)] =1—-E[l,] — Cov(M,1;) (C.5)

where [; is any idiosyncratic cost borne by intermediaries when investing in firms’ debt that

covaries with intermediaries’ SDF and hence the aggregate state. In the baseline (C.2),

this loss is the probability of default times the loss given default: [; = p;u. In practice,

intermediaries may price an array of state-dependent costs when investing, beyond vanilla

default risk—e.g., fire-sale/liquidation costs in the event that intermediaries need to sell

firms’ debt to meet some obligations in adverse states. Thus, let I; = > I, where each [
k

is a distinct source of risk for intermediaries when investing in island-j debt. In this case,

V! =E[M(1 - 1;) ZE i) — Y Cou(M, 1) (C.6)
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and a generalized marginal cost curve for an arbitrary set of priced risk factors:

Kj <
(C.7)
K; > &

Importantly, this marginal cost curve has the same structure as the one in the main text,
highlighting how different risk factors beyond firm default risk can be summarized into
the same MC curve faced by firms. Thus, while EBPs will likely embed many sources of
premia, focusing on firms’ default risk cyclicality in the main text allows us to cleanly study
monetary policy transmission in our capital supply and demand framework without loss of

generality:.

Finally, we turn to (iii), where we allow intermediaries to have a ‘taste’ or ‘preference’
for a firms’ debt that does not co-vary with its SDF M. If these tastes can be expressed
per unit of return R*, then the covariance term simply drops out of (C.5), but there is not
change to the structure of the MC curve. Often, however, such tastes—i.e., non-pecuniary
convenience yields due to, e.g., relationships or mandates—are expressed per unit of capital.

In this case, the generalized version of the intermediaries’ problem in (C.3) becomes:

(C.8)
where 0;K; is the non-pecuniary benefit intermediaries earn from investing K; in island-j

debt, which we have assumed is non-divertable.®* In this case, the marginal cost curve

becomes:

119 . S S

RY v w K < g1,z a9
1| KN 4G s N1
vii-6)| K, R J = 0 1-6;/R>

Relative to the baseline, the form of the MC curve differs in 3 ways: (i) a parallel downward

34The intuition for 6, K; being divertable is that, e.g., absconding intermediaries can also make off with
a fraction of the ‘relationship’ as well. This results in a pure downward translation of the MC curve when
d; > 0, as we discuss in Appendix C.3 .
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shift in the flat region of the MC curve by %; (ii) a parallel downward shift in the upward

sloping region of the curve by ¢ (6 but with no change in the curve’s slope in this
J

VAR
region; and (iii) a rightward shift (extending the flat region) due to a relaxation of the
intermediaries’ incentive to divert.*® Thus, like a priced risk premium, a convenience yield
affects the intercept(s) of the curve, but, unlike a risk premium, it does not influence the

slope of the curve.

The key takeaway, however, is that, while a non-pecuniary convenience yield is not
isomorphic to a priced risk premia in its effect on firms’ MC curves, lower risk-premia
and higher-convenience yield firms both imply MC curves that place these firms on flatter
segments of their MB curves in equilibrium, although the convenience yield mechanism
operates only by adjusting the intercept. Thus, the channel advocated in the main text
holds even if a portion of firms’ EBPs arise due to convenience yields rather than risk
premia. Of note, a key difference is that shifts in MB curves may induce more homogeneous
effects conditional on firms” EBPs when differences in EBPs reflect mostly differences in

tastes rather than premia, since the resulting MC curves will have similar slopes.

C.3 Alternative Haircut Form

The recovery value conditional on firm default in Section 6 is specified as a fraction 1 —
of firms’ promised return on capital R¥K, whereas in, e.g., Bernanke et al. (1999) it is
specified as a fraction of the principle K. In this section, we show that our results are little
changed if we move to this form. In particular, the difference is analogous to the distinction
between priced risk premia and convenience yields: the former and the haircut on returns
both shift and tilt firms” MC curves, while the latter and haircuts on principle only shift
them.?® As a result, while these two haircut forms are not exactly equivalent, they both
have similar implications for the slope of firms’ MB curves around equilibrium, i.e., flatter

for firms with greater default-risk cyclicality.

35 Adjustment (iii) is not present when intermediaries can divert the non-pecuniary convenience yield,
and adjustment (ii) becomes a shift of % rather than ﬁ.
368pecifically, the analogue is the case where the convenience yield is divertable.
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In particular, the intermediaries expected return per unit of capital when intermedi-

aries recover (1 — p)Kj is:

W; = (1 - Elp))R" + E[p;(1 — )] = (1 =p)R" + 1 - — p; (C.10)
such that intermediaries problem becomes:

n}%x W;K; — R(K; —N) st. (1-0)W,K; > R(K; —N), (C.11)

which gives the marginal cost curve:

1 p(1—)—p; N
RF ﬁ(l_Tj> K <74 (C12)
R 1 K;j—N p(1—p)—p; N .
175(1(1](179) B R J) KJ’ > 9

Relative to the baseline MC curve, p; no longer affects the slope of the upward sloping
region, but lower p; firms continue to have more downward-shifted MC curves. This shift
implies that low-p; firms have lower EBPs and their MC curves intersect their MB curves

at flatter regions, preserving the intuition form the main text.
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