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Abstract
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shocks. A striking empirical finding is that investment of large firms is more sensitive

to industry-specific shocks compared to that of smaller firms, whereas small firms

exhibit greater investment sensitivity to aggregate shocks compared to large firms.

Our empirical results are consistent with optimal investment and financing behavior

of firms in a dynamic model of investment and financing that accounts for the growth

potential of industry-specific shocks separately from the general impact of aggregate
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1. Introduction

A long-standing literature in industrial economics links the evolution of industries to the

arrival and exploitation of industry-specific growth shocks (e.g., product and process inno-

vations), and emphasizes the advantages of firm size in exploiting these shocks (Gort and

Klepper (1982); Jovanovic (1982); Klepper (1996); Cohen and Klepper (1996b)). Industry-

specific growth shocks should, therefore, have persistent effects on firm-level investment and

financing policies. Indeed, an extensive literature in corporate finance documents substan-

tial cross-sectional variation in firm-level leverage both across and within industries (Frank

and Goyal (2009); Graham and Leary (2011)), as well as industry-specific time-series vari-

ation (DeAngelo and Roll (2015)). Yet, we know relatively little about the investment and

financing response of firms to industry growth shocks, and the role of firm size in shaping

these responses.1 We attempt to fill this gap in this paper, by examining, both theoretically

and empirically, the effects of industry-specific shocks on firm-level investment and financing

policies, and how these effects vary with firm size.

Our empirical analysis documents the economically significant effects of industry-specific

shocks on firms’ investment and financing policies, while controlling for the effect of macroe-

conomic or aggregate shocks. A striking finding is that the capital investment of large firms

is more sensitive to industry-specific shocks compared to that of smaller firms. This result

is in stark contrast to the stylized fact in the literature that investment and financing poli-

cies of small firms exhibit greater sensitivity to aggregate shocks compared to those of large

firms, which is generally taken as evidence supporting the “financial accelerator” hypothesis

(Bernanke and Gertler (1989); Kiyotaki and Moore (1997)), namely, that credit market im-

perfections amplify the real and financial effects of aggregate shocks.2 To help interpret our

1Persistent industry-specific shocks are long recognized in the macroeconomics literature as important
components of aggregate cycles (e.g., Long and Plosser (1987); Foerster, Sarte, and Watson (2011)) or
aggregate volatility (e.g. Horvath (1998)). However, this literature does not study firm-level investment and
financing responses to persistent investment shocks or the role of firm size.

2See Crouzet and Mehrotra (2020) and the references cited therein.
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empirical results, we develop a dynamic model of investment and financing that accounts for

the growth potential of industry-specific shocks separately from the general impact of aggre-

gate shocks on firms’ profits. In particular, motivated by the industrial economics literature

mentioned above, we show that industry-specific growth options that exhibit increasing re-

turns to scale help explain the observed greater sensitivity of large firms to industry-specific

shocks.

In our empirical analysis, we apply the regime-switching approach (Hamilton (1989))

to identify the industry business cycle phases for various industry groups within the U.S.

manufacturing sector for which we have time-series data on industrial production. To sepa-

rate the effects of industry and aggregate cycles, we also use the regime-switching approach

to identify the latter using time-series data on the U.S. gross national product. Because

industry cycles are a component of aggregate cycles, we orthogonalize industry shocks with

respect to the aggregate shocks when identifying the former. An important advantage of

the regime-switching approach is that it allows for generation of coincident indicators and

inferred probabilities of a downturn in the next quarter for the U.S. economy and for each of

the industry groups in our sample. In each calendar quarter we define an industry (aggregate

economy) to be in a downturn state if the probability of an industry (aggregate) downturn

next quarter is high (exceeds 0.75), and to be in an expansion state if the probability of an

industry (aggregate) downturn next quarter is low (below 0.25).

There is substantial variation in industry business cycle phases across the industry busi-

ness groups within the manufacturing sector. Consistent with our interpretation of industry

shocks as technological shocks with growth potential, we find that industry expansions, on

average, are much more persistent compared with aggregate expansions, whereas industry

downturns are less persistent than aggregate downturns.3 At the same time, our estimation

3For the median industry in an expansion state, the probability of remaining in the expansion state in
the next quarter is 0.968; the corresponding conditional probability for an aggregate expansion is 0.925. On
the other hand, for the median industry in a downturn state, the probability of remaining in the downturn
state in the next quarter is 0.823; the corresponding conditional probability for an aggregate downturn is
0.912.
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suggests that the industry shocks, on average, are much more volatile than aggregate shocks,

which is consistent with the finding in Foerster et al. (2011).

We employ panel regressions with firm fixed effects to identify within-firm variation in

capital investment and financing policies over the industry and aggregate business cycles. We

find that capital investment is procyclical with respect to both the industry and aggregate

business cycles. However, on average, firms increase their capital investment more in response

to highly likely industry expansions compared to highly likely aggregate expansions, but

decrease capital investment more in response to highly likely aggregate downturns compared

to highly likely industry downturns. More importantly, in terms of their capital investment

policies, firms in the largest size quartile (“large firms”) are more sensitive than firms in

the smallest size quartile (“small firms”) to the industry cycle, whereas small firms are

more sensitive than large firms to the aggregate cycle. We find that net debt issuance is

procyclical over the industry cycle and aggregate cycle for all firms, but net equity issuance

is countercyclical over the industry cycle only for large firms and does not vary with industry

cycle for small firms. The net equity issuance of large firms is also strongly countercyclical

over the aggregate cycle.

As mentioned above, we show that our empirical results are consistent with the optimal

investment and financing behavior of firms in a dynamic model of investment and financing

that accounts for the growth potential of industry-specific shocks separately from the general

impact of aggregate shocks on the firm’s profit. We model these shocks as two-state Markov

chains to match our empirical test design. Firms can finance investment through debt and

equity issuance. And, consistent with the dynamic capital structure literature, firms are

subject to financial distress costs and bankruptcy is endogenous (e.g., Leland (1994); Leland

and Toft (1996)).

The key distinction between industry-specific shocks and aggregate shocks in our model

is that the former also provide growth potential for firms. Based on the extant litera-

ture on industrial economics, we assume that large firms are better able to exploit these
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industry-specific growth options.4 We model these advantages parsimoniously by specifying

the growth component of firm profits as a convex function of capital stock (“size”). Conse-

quently, the marginal expected returns from investment in high industry productivity state

may be increasing with firm size even though the profit function satisfies decreasing returns

to scale with respect to size.

For an unlevered firm, the procyclicality of investment with respect to industry and ag-

gregate shocks follows from their positive effects on profits. We demonstrate the procyclical

behavior of investment and debt financing for the levered firm using the monotone compar-

ative statics framework of Milgrom and Shannon (1994); that is, based on the satisfaction

of single crossing property with respect to investment and debt financing, as well as the

quasisupermodularity of the profit function. Moreover, all else equal, size has a negative

effect on capital investment because of the decreasing returns to scale property of the profit

function, which holds when the growth factor is not too high.

Because the impact of the aggregate shock on the firm’s profit exhibits decreasing returns

to scale, the model predicts that the sensitivity of optimal investment to the aggregate shock

is decreasing in firm size. On the other hand, the growth potential of the industry shock

exhibits increasing returns to scale. When the growth factor is very large, the firm’s optimal

investment may be undefined. And if the growth factor is very small, then the decreasing

returns to scale effect dominates, and investment sensitivity to industry shocks is decreasing

in firm size. However, for intermediate levels of the growth factor, the increasing returns

to scale effect of the growth component dominates, and investment sensitivity to industry

shocks is increasing in firm size. Overall, we show that for a range of model parameters,

large firms are more sensitive than small firms to the industry shock in terms of their capital

investment, even though small firms are more sensitive to the aggregate shock. This is

consistent with our empirical results and helps explains why large and small firms respond

4The extant literature has highlighted many reasons why large firms may be better able to exploit
industry-specific investment options: superior efficiency (Jovanovic (1982)); technological advantages (e.g.,
R&D capacity) in exploiting innovation shocks (Scherer (1992); Cohen and Klepper (1996b); Kumar and Li
(2016)); and benefits of broader business scope (Crouzet and Mehrotra (2020)).
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differently to industry-specific versus aggregate shocks.

To our knowledge, this is the first study to examine how firm-level capital investment

and capital structure jointly respond to persistent industry shocks in the presence of distress

costs and endogenous bankruptcy, while controlling for aggregate shocks. A large literature

examines capital structure dynamics in response to aggregate business cycle fluctuations

(Hackbarth, Miao, and Morellec (2006), Bhamra, Kuehn, and Strebulaev (2010), Begenau

and Salomao (2019)) and considers the effects of financing frictions (Bernanke and Gertler

(1989), Kiyotaki and Moore (1997), Jermann and Quadrini (2012), Crouzet and Mehrotra

(2020)). Yet, as noted above, we know little about how firms vary their capital investment

and financing policies in response to business cycle fluctuations within their own industry;

whether they respond differently to industry versus aggregate business cycles; and how these

differential responses vary with firm size. The positive effect of size on investment sensitivity

to industry cycles that we document is consistent with the received literature on industry

life cycles and evolution, and is in contrast to the well known negative relation of size and

investment sensitivity to aggregate cycles. Our analysis, thus, indicates that explicitly rec-

ognizing firms’ differential sensitivity to industry and aggregate business cycles is important

in understanding firms’ dynamic investment and financing policies.

Related Literature: The procyclical behavior of aggregate capital investment is one

of the central stylized facts of macroeconomics.5 Surprisingly, however, there is relatively

little work on the cyclical behavior of firm-level investment over the aggregate cycle. Dangl

and Wu (2016) show that capital growth rates decline sharply when a recession is realized.

Crouzet and Mehrotra (2020) document that investment of large firms is less sensitive to

aggregate cycles compared with other firms. Our contribution is to show that the cyclical

sensitivity of capital investment to the industry cycle is greater for large firms compared to

smaller firms, even as small firms exhibit greater sensitivity to the aggregate business cycle.

5See Zarnowitz (1992) for a historical review of the literature, and Gangopadhyay and Hatchondo (2009)
for more recent evidence from the United States. Fiorito and Kollintzas (1994) provide stylized facts of
business cycles in the “Group of Seven” (G7) countries.
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We are also among the first to use the regime-switching approach to identify industry

business cycle phases.6 We note that the widely used NBER recession classification does not

reflect business cycle fluctuations at the industry level, which is the main focus of our study.

In addition, an important advantage of the regime-switching approach is that it allows for

generation of coincident indicators and inferred probabilities of expansions and recessions.

Our paper is related to the literature that examines the effect of the aggregate business

cycle on firm-level financing policies. These effects are hotly debated in the literature be-

cause the results vary across the papers. Covas and Den Haan (2011) find that both debt

issuance and equity issuance are procyclical with respect to the aggregate business cycle if

the largest firms (defined as those in the top one percentile) are excluded. They find that

the equity issuance of the largest firms is countercyclical over the aggregate cycle, and has

such an outsized impact that the aggregate equity financing series is acyclical. Along simi-

lar lines, Erel, Julio, Kim, and Weisbach (2012) show, using the NBER classification, that

capital raising is procyclical for non-investment-grade borrowers but is countercyclical for

investment-grade borrowers. By contrast, Begenau and Salomao (2019) find that the 25%

largest firms finance with debt in booms and payout equity in booms, whereas small firms

issue both equity and debt in booms.

In contrast to the papers cited in the previous paragraph, the main focus of our paper

is on understanding how firm-level investment and financing policies vary over the industry

cycle, although we do control for the effect of the aggregate business cycle. Hence, our

sample only includes firms in the U.S. manufacturing sector for which we have time-series

data on industrial production to be able to estimate the industry business cycle parameters.

Our use of the regime-switching approach to identify the aggregate cycle also differentiates

our paper from studies that use the NBER recession indicator to measure macroeconomic

conditions (e.g., Erel et al. (2012) and Dangl and Wu (2016)). Hamilton (1989) highlights

6This approach has been used in the literature to not only identify the macroeconomic business cycle
(Hamilton (1989), Diebold and Rudebusch (1996), Kim and Nelson (1998) and Chauvet and Hamilton
(2005)), but also to identify business cycle phases in U.S. states (Owyang, Piger, and Wall (2005)) and cities
(Owyang, Piger, Wall, and Wheeler (2008)).
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that the regime-switching approach generates additional aggregate downturn phases that

are not captured by the NBER indicator, because the latter only identifies recessions that

actually materialize whereas the former also identify fears of a likely aggregate downturn.

We show that this distinction is important because firms’ response to an actual realized

recession (as proxied by the NBER recession indicator) may differ from their response to

the fear of a future aggregate downturn. For instance, we find that firms decrease their

net equity issuance after a recession has materialized, but actually increase their net equity

issuance when a future aggregate downturn becomes more likely.

The rest of the paper is structured as follows. We describe the data and the methodology

for identifying industry and macroeconomic business cycles in Section 2. We present the main

empirical results in Section 3. We develop a dynamic model of investment and financing

in the presence of distinct industry-specific and aggregate shocks in Section 4, and derive

predictions to help interpret our empirical results. We conclude the paper in Section 5.

2. Data and methodology

2.1. Data sources

We obtain data on industrial production for industry groups in the manufacturing sector

(NAICS 31-33) from the Board of Governors of the Federal Reserve System. We use the

“Industrial Production and Capacity Utilization - G.17” series on Federal Reserve’s web-

page (https://www.federalreserve.gov/releases/g17/download.htm) to obtain quar-

terly data on seasonally adjusted industrial production for 33 industry groups in the man-

ufacturing sector. Most of the industry groups are defined at the 3-digit NAICS level, and

may include either a single industry or a group of related industries, although a few industry

groups are defined at the 4-digit NAICS industries. We provide details of these industry

groups in Table 1. The data spans the time period from the first quarter of 1972 to the first

quarter of 2019.
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The Federal Reserve also provides data on industrial production for industry groups

in the utility sector (NAICS 22) and for the mining sector as a whole (NAICS 21). We

exclude these from our analysis although all our results are robust to the inclusion of these

sectors. We exclude utility industries because these are highly regulated, and may not have

the flexibility to respond to the business cycle. The drawback with the data on the mining

sector is that it is not disaggregated by subgroups, such as coal, oil & gas, and metals.

We obtain data on U.S. gross national product (GNP) from the FRED Economic Data

maintained by the Federal Reserve Bank of St. Louis (https://fred.stlouisfed.org/).

We use the GNPC96 series which provides quarterly and seasonally adjusted data on the

Real GNP of U.S. (in billions of 2012 dollars). This data is available from the first quarter of

1947 onward. We also use the FRED database to obtain data on several benchmark interest

rates.

We obtain firm financial information from the COMPUSTAT Quarterly files and stock

market data from CRSP. Our sample comprises of U.S. firms that belong to industry groups

in the manufacturing sector, for which we have information on industrial production from

the Federal Reserve.7 There are 4,654 firms that meet this requirement. We provide details

of the number of firms in each industry group in Table 1.

2.2. Identifying business cycle phases

We use the regime-switching model of Hamilton (1989) to identify business cycle phases at the

industry level. Hamilton’s model specifies a parametric time series model in which the mean

growth rate switches between two regimes: high and low (or expansions and downturns).

The timing of these regimes and the within-regime growth rates are then estimated from

data. As we mentioned already, an important advantage of this approach is that it allows

7We classify a firm as US-based by applying the following criteria. First, we check for US incorporation
by verifying that the firm’s FIC variable in COMPUSTAT is set to “USA.”Next, we verify that the main
stock exchange on which the firm trades (EXCHG variable in COMPUSTAT) is a US exchange, which
corresponds to the condition 11 ≤ EXCHG ≤ 18. Finally, we check the firm’s STATE is within the United
States.
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for generation of coincident indicators and inferred probabilities of expansions and recessions.

Formally, let yit denote the growth rate of industrial production in industry group i in

time period t. We consider the following simple model for yit:

yi,t = µi,Si,t + εi,t,

εi,t ∼ i.i.d. N(0, σ2
ε,i), (1)

µi,Si,t = µi,high(1− Si,t) + µi,lowSi,t, µi,low < µi,high,

where µi,Si,t denotes the mean growth rate, which is permitted to switch between a high and

low value (µi,high and µi,low) based on the realization of the latent state variable Sit ∈ 0, 1. A

natural interpretation is that Sit = 1 denotes a downturn in industry i because µi,low < µi,high.

The estimation of equation (1) is done based on the assumption that Sit is a first-order two-

state Markov chain, where the probability process driving Sit is governed by the transition

probabilities

pi,jk ≡ Pr[Sit = k|Si,t−1 = j], j, k ∈ ℓ, h (2)

We estimate equation (1) using the Markov-switching dynamic regression command in

STATA (“mswitch dr”).8 The model provides estimates of µi,low, µi,high, σ
2
ε,i, and the tran-

sition probabilities, pi,hh and pi,ℓℓ, for each industry group i.

For each t, the model also provides one-step-ahead predicted probability that the industry

will be in the downturn state (i.e., Si,t+1 = 1). We refer to this variable as Pr(Industry

Downturn), and note that a low value of this variable denotes that the industry is expected

to be in an expansionary phase in the next period. Accordingly, we define the following

dummy variables: Industry Downturn to identify time periods during which Pr(Industry

Downturn) weakly exceeds 0.75, and Industry Expansion to identify time periods in which

8STATA provides two models: Markov-switching dynamic regression (MSDR) that allows a quick adjust-
ment after the process Si,t changes state, and Markov-switching autoregression (MSAR) model that allows a
more gradual adjustment. For more details, see pages 435–470 in the STATA Time-Series Reference Manual,
Release 15.
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Pr(Industry Downturn) is lower than or equal to 0.25 (i.e., the probability of expansion

weakly exceeds 0.75).

We also use a variant of the model in equation (1), with growth in U.S. real GNP as the

dependent variable, to identify business cycle phases at the aggregate (i.e., macroeconomic)

level. As with the industry-specific measures, we estimate the probability that the aggregate

economy is in the downturn state (Pr(Aggregate Downturn)), and define the following dummy

variables: Aggregate Downturn to identify time periods in which Pr(Aggregate Downturn)

weakly exceeds 0.75, and Aggregate Expansion to identify time periods in which Pr(Aggregate

Downturn) is lower than or equal to 0.25 (i.e., the probability of aggregate expansion weakly

exceeds 0.75).

2.3. Industry business cycle phases

We provide an industry-wise description of the estimated model parameters in Table 2. Note

that the estimate of µlow is either negative or zero for all industries, with the exception of

“Computer and electronic products” (NAICS 334) for which it is positive. On the other

hand, the estimate of µhigh is positive for all industries, with the exception of “Apparel

and leather goods” (NAICS 315,6) for which µhigh is negative, and “Textiles and products”

(NAICS 313,4) for which it is zero. Therefore, in most industries, it is reasonable to refer to

the low and high states as downturn and expansion, respectively. The apparel and leather

goods industry and the textile industry are obvious exceptions because the expected growth

rate is negative or zero even when these industries are in the high state. These estimates are

consistent with the well-known long run decline in US textile and apparel industries, whose

onset precedes our sample period by many decades (Howell (1964)). We verify that all our

results are robust to the exclusion of these industries.

Estimates of the transition probabilities, pi,ℓℓ and pi,hh, suggest that both industry down-

turns and expansions are highly persistent. The median values of pi,ℓℓ and pi,hh across all

industry groups are 0.823 and 0.968, which suggests that industry expansions are more per-
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sistent than industry downturns, and is consistent with our interpretation of industry shocks

as technological shocks with growth potential. The corresponding transition probabilities

for the aggregate economy are 0.912 and 0.925, respectively.

We also provide the average values of Pr(Industry Downturn) for each industry group

separately; note that Pr(Industry Expansion) equals 1−Pr(Industry Downturn). We expect

the average value of Pr(Industry Downturn) to be close to 0.5 for industries that exhibit

highly cyclical behavior in switching between the downturn and expansion states; and close

to 1 (close to 0) for industries that are mostly in the downturn (expansion) state. We also

provide average values for the Industry Downturn and Industry Expansion dummies which

identify whether Pr(Industry Downturn) and Pr(Industry Expansion), respectively, exceed

0.75.

It is worthwhile to comment on some of the industries that are estimated to have very

high probabilities of expansion or downturn. Given the high growth of plastics and paper

products over sample, it is perhaps not surprising to see that these industries have high

average likelihood of being in expansion phases. The estimates also indicate that furniture

and chemicals also are likely to be in an expansion phase on average. It is more surprising

to see the low probabilities of downturn for textiles and apparel industries, however. It

is important to recall that these estimates are based on quarterly growth rates within our

sample period that starts in 1972. As mentioned above, these industries saw a substantial

decline for decades prior to our sample period (Howell (1964)). And during our sample

period these industries have seen positive growth periods relative to their economic state

during the 1960s.

We list the pairwise correlations among the various business cycle measures in Panel B.

We note that the NBER Recession dummy, which is widely-used as an aggregate business

cycle measure, has a correlation of only 0.325 with Pr(Aggregate Downturn), which is derived

by applying the regime-switching model (1) to the U.S. real GNP series. As noted above,

the NBER Recession dummy identifies an actual realized recession, whereas Pr(Aggregate
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Downturn) measures the likelihood of a future downturn.

It is evident from panel B that industry business cycles do not covary perfectly with the

aggregate business cycle. In particular, the widely-used NBER Recession dummy has a cor-

relation of only 0.01 with Pr(Industry Downturn). Turning to model-based estimates, we find

that the correlation between Pr(Industry Downturn) and Pr(Aggregate Downturn) is only

0.333, and that between Industry Downturn and Aggregate Downturn is only 0.285. Despite

this low correlation, we orthogonalize Pr(Industry Downturn) with respect to Pr(Aggregate

Downturn), and create a variable called P̂ r(Industry Downturn) which we use in our regres-

sion analysis. By design, P̂ r(Industry Downturn) has zero correlation with Pr(Aggregate

Downturn), which allows us to interpret it as an industry-specific business cycle measure

that is independent of the aggregate business cycle.

But not only are industry and aggregate business cycles clearly distinct, they also appear

to differ in their empirical properties. In particular, estimates of the mean µlow and µhigh for

industry and aggregate cycles show much greater variation across the former relative to the

latter (which could reflect the smoothing effect of aggregation). Our modeling of industry

and aggregate business cycles, to which we now turn, will be informed by these empirical

findings.

3. Investment and financing policies over industry and

aggregate cycles

3.1. Dependent variables

Our analysis aims to uncover how firm-level capital investment and financing policy vary

over the industry and the aggregate business cycles. We measure capital investment using

CAPEX, which is obtained by scaling the firm’s capital expenditure during the current fiscal

quarter by net property, plant and equipment (PP&E) outstanding at the end of the previous
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fiscal quarter.9

We use two measures of financing policy: ∆Net Debt is the change in net debt (i.e., total

debt minus cash and equivalents) from the previous fiscal quarter scaled by total assets at

the end of the previous fiscal quarter (i.e., lagged assets); and Net Equity Issuance is defined

as equity issuance (i.e., funds received from issuance of common and preferred stock) less

cash dividends and equity repurchases during the current fiscal quarter scaled by lagged

assets (see Jermann and Quadrini (2012) and Begenau and Salomao (2019)).

Note that ∆Net Debt reflects the combined effect of change in total debt (∆Debt) and

change in cash and equivalents (∆Cash). Similarly, Net Equity Issuance reflects the combined

effect of equity issuance and total payouts. To conserve space, we examine the cyclical

properties of ∆Debt, ∆Cash, equity issuance, and equity payout in the Internet Appendix.

3.2. Descriptive statistics

We conduct our analysis on a quarterly panel of manufacturing firms spanning the time

period from 1980Q1 to 2019Q1. We provide summary statistics for our panel data in Panel

A of Table 3, where each observation corresponds to a firm-fiscal quarter combination.10

The size distribution of firms in the manufacturing sector is highly skewed, with the

average firm being more than twelve times as large as the median firm in terms of the

book value of total assets. Given the skewness of the size distribution, we use the natural

logarithm of the book value of total assets (Size) as a proxy for firm size in all our empirical

specifications. The summary statistics on Rated, Investment Grade, and AA- or higher

indicate that only 17.8% of the firms in our sample have a long-term credit rating, and

almost all the rated firms have an investment-grade rating (i.e., an S&P rating of “BBB-”

or better), but less than 1% of firms have an S&P rating of AA- or better.

9We scale with lagged net PP&E because that is the standard practice in the literature on capital
investment. We obtain qualitatively similar results if we scale with lagged assets instead of lagged net
PP&E.

10To mitigate the effect of outliers, we winsorize all firm financial ratios other than Leverage at the 1%
level in both tails. We winsorize Leverage at the 1% level in the right tail only.
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There is significant cross-sectional variation in capital expenditure across firm-quarters.

While the median firm’s quarterly CAPEX is 7.4% (as a fraction of its lagged PP&E), the

25th− and 75th−percentile values of CAPEX are 2.5% and 8.8%, respectively. We also verify

there is significant within-firm variation in capital expenditure: in untabulated statistics, the

mean (median) value of within-firm standard deviation in CAPEX is 0.061 (0.051), which

is large compared to the overall mean (median) and standard deviation of CAPEX.

3.3. Empirical test design

We estimate panel regressions with firm fixed effects to examine how firm-level capital invest-

ment and financing policies vary over the industry business cycle and the aggregate business

cycle. Formally, we estimate variants of the following regression on a panel spanning the

time period 1980Q1 to 2019Q1 in which each observation corresponds to a firm-quarter pair:

Yij,t = α + β ∗ Business Cyclei,t + γXj,t−1 + µj + ϵj,t (3)

In equation (3) subscript ‘j’ denotes the firm, ‘i’ denotes the industry to which it belongs,

and ‘t’ denotes the time period. The dependent variable is one of the following: CAPEX,

∆Net Debt, and Net Equity Issuance.

The main independent variable of interest is the business cycle phases in the firm’s

industry, which we measure using P̂ r(Industry Downturn), Industry Downturn, and Industry

Expansion.11 We control for the aggregate business cycle using either the NBER Recession

dummy or forward-looking and probabilistic measures derived from the regime-switching

framework, that is, Pr(Aggregate Downturn), Aggregate Downturn and Aggregate Expansion.

Because we have included firm fixed effects (µi) in the regression, the coefficients on the

business cycle variables capture within firm variation in investment and financing policies

over the industry and aggregate business cycle.

11We obtain qualitatively similar results if we use Pr(Industry Downturn) instead of the orthogonalized

measure, P̂ r(Industry Downturn).
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3.4. Cyclical Patterns of Capital Investment

We first estimate regression (3) with CAPEX as the dependent variable to examine how

firm-level capital investment varies with the business cycle at the industry and aggregate

level. The results of this regression are presented in Table 4.

We control for the following important firm-level determinants (Xj,t−1) of capital invest-

ment that are standard in the literature (e.g., see Fazzari and Petersen (1993)): Q, which is

obtained by dividing the sum of market value of equity and the book value of interest-bearing

debt with the sum of the book values of equity and interest-bearing debt; Size; Net Leverage,

which is the ratio of total debt minus cash to assets;12 cash flow position using Cash Flow,

which is the ratio of the sum of net income before extraordinary items and depreciation &

amortization to net property, plant & equipment (PP&E); and Rated, which is a dummy

variable that identifies if the firm has a long-term credit rating.

In columns (1) and (2), we control for the aggregate business cycle using the NBER

Recession dummy that indicates if the U.S. economy was classified to be in a recession

for any time during the firm’s fiscal quarter. The negative and significant coefficient on

P̂ r(Industry Downturn) indicates that firms invest significantly less when the likelihood of

their industry downturn increases, even after controlling for the effects of a macroeconomic

recession.

In column (2), we replace P̂ r(Industry Downturn) with the dummy variable, Industry

Downturn, which identifies quarters where the probability of industry downturn is greater

than or equal to 0.75. The negative and significant coefficient on Industry Downturn indicates

that firms lower their (quarterly) CAPEX by 1.21% on average when they perceive a high

likelihood of an industry downturn; this is an economically large effect, compared to the mean

(median) quarterly CAPEX of 7.42% (4.67%). Interestingly, the coefficient on Industry

Downturn is several times larger in magnitude than the coefficient on NBER Recession and

12Our results do not change if we use debt and cash as controls separately, instead of combining them
into a net leverage term.
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the difference is statistically significant (see the row titled βi − βa), which suggests that a

forward-looking assessment of an industry downturn has a much greater impact on capital

investment than the NBER recession classification.

Recall that a criticism of the NBER recession dating mechanism is that it is backward-

looking and deterministic. In columns (3) through (5), we therefore repeat these regressions

after replacing the NBER Recession dummy with forward-looking and probabilistic measure

of the aggregate business cycle.

In column (3), we use P̂ r(Industry Downturn) and Pr(Aggregate Downturn) to control

for the business cycle at the industry and aggregate level, respectively. The negative coef-

ficients on P̂ r(Industry Downturn) and Pr(Aggregate Downturn) indicate that firms invest

significantly less when either the likelihood of an industry downturn or the likelihood of an

aggregate downturn increases. Although the coefficient on P̂ r(Industry Downturn) appears

larger in magnitude than the coefficient on Pr(Aggregate Downturn), the difference is not

statistically significant.

Does the relative sensitivity of firm-level capital investment to industry and aggregate

business cycles vary across the extremes of these business cycles, that is, high likelihood of

downturns versus high likelihood of expansions? We investigate these questions in columns

(4) and (5). In column (4), the explanatory variables of interest are the dummy variables,

Industry Downturn and Aggregate Downturn, which identify if the probability of industry and

aggregate downturn, respectively, is at least 0.75. In column (5), the explanatory variables

of interest are the dummy variables, Industry Expansion and Aggregate Expansion, which

identify if the probability of industry and aggregate downturn, respectively, is no greater

than 0.25 (or equivalently, that the probability of an expansion is at least 0.75).

The results in column (4) show that firms decrease their CAPEX significantly more

in response to a highly likely aggregate downturn than a highly likely industry downturn.

Specifically, the negative coefficient on Aggregate Downturn has a larger magnitude than

the coefficient on Industry Downturn, and the difference (βi − βa) is statistically significant
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at the 5% level. On the other hand, the results in column (5) indicate that firms increase

their CAPEX significantly more in response to a highly likely industry expansion than a

highly likely aggregate expansion. Specifically, the positive coefficient on Industry Expansion

is more than twice as large as the coefficient on Aggregate Expansion, and the difference

(βi − βa) is statistically significant at the 1% level.

In sum, the empirical analysis in Table 4 indicates that firm-level capital investment is

procyclical with respect to both the industry and aggregate business cycles. On average,

firms increase their capital investment more in response to highly likely industry expansions

compared to highly likely aggregate expansions, but decrease capital investment more in

response to highly likely aggregate downturns compared to highly likely industry downturns.

It is also noteworthy that the effect of the NBER recession dummy is significantly weaker

compared to that of the regime-switching measures of industry and aggregate business cycle.

3.5. Cyclical Patterns of Financial Policies

Next, we estimate regression (3) with measures of financing policy as the dependent variable

to examine how financing policy varies with the business cycle at the industry and aggregate

level. The results of these regressions are presented in Table 5. The empirical specification

is very similar to that in the regressions with CAPEX as dependent variable, except that

we drop Net Leverage as a control, and replace Cash Flow with Profits, which is defined as

the ratio of earnings before taxes to assets, to be more consistent with the capital structure

literature.

Change in Net Debt: The dependent variable in Panel A is ∆Net Debt. In columns (1)

and (2) we control for the aggregate business cycle using the NBER recession indicator. The

results in these columns indicate that net debt issuance is procyclical with respect to the

industry cycle. The negative coefficient on Industry Downturn in column (2) indicates that

firms lower their (quarterly) net debt issuance by 0.73% on average when they perceive a high

likelihood of an industry downturn, which is large in comparison to the average values of net
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debt issuance. By contrast, the coefficient on the NBER recession indicator is statistically

insignificant.

In columns (3) through (5), we repeat these regressions after replacing the NBER re-

cession indicator with forward-looking and probabilistic measures of the aggregate business

cycle. The results in column (3) indicate that net debt issuance is procyclical with respect to

both the industry and aggregate cycles. Moreover, the negative coefficient on P̂ r(Industry

Downturn) is larger in magnitude than the coefficient on Pr(Aggregate Downturn) and the

difference is statistically significant, suggesting that net debt issuance is more sensitive to

the industry business cycle than the aggregate business cycle.

The results in column (4) indicate that firms decrease their net debt when an industry

downturn or aggregate downturn is highly likely, and this effect is stronger for industry

downturns. Similarly, the results in column (5) indicate that firms increase their net debt

when an industry expansion or aggregate expansion seems highly likely, and this effect is

stronger for industry expansions.

Finally, the contrasting coefficients on NBER Recession and Pr(Aggregate Downturn) in

Panel A also highlight an important difference between these measures. The NBER recession

dummy identifies a recession that has already arrived and has been identified by the NBER,

whereas Pr(Aggregate Downturn) is a forward-looking probability of an aggregate downturn

materializing next quarter. Thus, the results in Panel A indicate that firms decrease their

net debt when the likelihood of an aggregate downturn increases, but do not decrease their

net debt after a recession actually materializes.

Overall, the empirical evidence in Panel A of Table 5 is consistent with the prediction

of our theoretical framework that net debt issuance is procyclical with respect to both the

industry-specific and aggregate shocks.

Note that ∆Net Debt reflects the combined effect of change in total debt (∆Debt) and

change in cash and equivalents (∆Cash). To conserve space, we present the results relating to

the cyclical properties of ∆Debt and ∆Cash in Table IA.1 of the Internet Appendix. We find
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that change in debt is procyclical with respect to the industry cycle and weakly procyclical

with respect to the aggregate cycle, whereas change in cash is strongly countercyclical with

respect to both the industry and aggregate cycles (which is consistent with the precautionary

role of cash).

Net Equity Issuance: The dependent variable in Panel B is Net Equity Issuance. The

results in columns (1) and (2) indicate that net equity issuance is countercyclical with respect

to the industry business cycle, that is, firms increase their net equity issuance when the

likelihood of an industry downturn increases. This effect is economically significant: the

coefficient on Industry Downturn in column (2) indicates that firms increase their net equity

issuance by 0.065% on average when an industry downturn seems highly likely, which is

significant compared to the mean (median) Net Equity Issuance of 0.821% (0%). But firms

on average decrease net equity issuance in the NBER recession quarters.

As before, in columns (3) through (5), we repeat these regressions after replacing the

NBER recession indicator with forward-looking and probabilistic measures of the aggregate

business cycle. We find that net equity issuance is countercyclical with respect to both the

industry cycle and the aggregate cycle, and the difference in responses to the industry cycle

versus the aggregate cycle is not statistically significant (as evidenced by the insignificant

value of βi − βa). As in Panel A, the contrasting coefficients on NBER Recession and

Pr(Aggregate Downturn) in Panel B highlight that these measures capture two different

aspects of the aggregate business cycle.

As noted above, Begenau and Salomao (2019) find that the net equity issuance by large

firms is countercyclical with respect to the aggregate business cycle. We find that this

effect holds for all firms on average. Moreover, we show that net equity issuance is also

countercyclical with respect to the industry business cycle, and that the effect of the industry

business cycle is as important as that of the aggregate business cycle. In particular, the

results in columns (4) and (5) indicate that firms increase their net equity issuance by

0.079% when the probability of an industry downturn exceeds 0.75, and decrease net equity
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issuance by 0.093% when the probability of an industry (aggregate) expansion exceeds 0.75.

We will pursue the role of firm size below.

The Net Equity Issuance measure is clearly affected by firms’ repurchase and dividend

payout policies. A large literature examines various motivations for repurchases. Some

of these, such as undervaluation (Ikenberry, Lakonishok, and Vermaelen (1995)) and low

growth opportunities (Grullon and Michaely (2004)) appear directly related to business

cycles. However, other motivations that are more idiosyncratic (or firm-specific), such as

earnings management (Brav, Graham, Harvey, and Michaely (2005); Hribar, Jenkins, and

Johnson (2006)) are determined by factors other than industry and aggregate business cycles.

Similarly, the relative rigidity of firm-level dividend payouts (or dividend-smoothing) across

business cycles is well known (Fama and Babiak (1968); Kumar (1988)). We, therefore,

decompose net equity issuance into (gross) Equity Issuance and Equity Payout and examine

their relation to industry and aggregate cycles. To conserve space, we present these results

in Table IA.2 of the Internet Appendix, and briefly summarize the results here.

We find that gross equity issuance is countercyclical with respect to both the industry

cycle and the aggregate cycle, and that the effect of aggregate expansions is somewhat

stronger than that of industry expansions. However, the negative coefficient on NBER

recession dummy indicates that firms decrease their equity issuance once a recession actually

materializes. Meanwhile, we find that total equity payout is invariant to the aggregate cycle,

but there is weak evidence that it is procyclical with respect to the industry cycle. We also

find that firms decrease their payout once a recession actually materializes.

3.6. The effects of firm size

In this section we examine how firms’ response to industry and aggregate cycles vary by firm

size. To do this, we classify firms into three categories in each time period as follows: Small

and Large are dummy variables which identify firms that are in the smallest and largest size

quartiles, respectively; Medium is a dummy variable to identify firms that are neither small
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nor large. We then estimate regression (3) after interacting the industry and aggregate cycle

measures with Medium and Large.

The results of these regressions are presented in Table 6, where we have suppressed the

coefficients on the firm-level controls to conserve space. Note that the omitted category in

these regressions is Small, which identifies firms in the lowest size quartile. Therefore, the

coefficients on the business cycle variables capture the effects for the small firms, whereas the

interaction terms capture the incremental effect with respect to the small firms. Moreover,

the reported values of βi + βLarge,i and βa + βLarge,a at the bottom of the table reflect the

overall effect of the industry cycle and the aggregate cycle, respectively, for large firms.

The dependent variable in columns (1) and (2) is CAPEX. The negative and sig-

nificant coefficients on Medium×Industry Downturn and Large×Industry Downturn in col-

umn (1), and the positive and significant coefficients on Medium×Industry Expansion and

Large×Industry Expansion in column (2) indicate that the capital investment of medium-

size and large firms is significantly more sensitive to the industry cycle compared to that of

small firms, which is consistent with Proposition 1(4). However, the positive coefficient on

Large×Aggregate Downturn in column (1) and the negative coefficient on Large×Aggregate

Expansion in column (2) indicate that the capital investment of large firms is significantly

less sensitive to the aggregate cycle compared to that of small firms, which is consistent with

the results documented in the literature (Crouzet and Mehrotra (2020)), and with Proposi-

tion 1(3). Notably, small firms do not decrease their CAPEX when an industry downturn

seems highly likely (insignificant coefficient on Industry Downturn in column (1)), whereas

large firms do not increase their CAPEX when an aggregate expansion seems highly likely

(insignificant βa + βLarge,a in column (2)).

The dependent variable in columns (3) and (4) is ∆Net Debt. The negative coefficient

on Industry Downturn in column (3) and the positive coefficient on Industry Expansion in

column (4) indicate that small firms change their net debt procyclically over the industry

cycle: they decrease their net debt when an industry downturn is highly likely, and increase
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their net debt when an industry expansion is highly likely. Small firms also change their net

debt procyclically over the aggregate cycle but this relation is weaker because the decrease

in net debt during aggregate downturns is not statistically significant.

The cyclical behavior of net debt over the industry and aggregate cycles does not vary

significantly with firm size, as evidenced by the statistically insignificant coefficients on the

interaction of Medium and Large with the industry and aggregate business cycle measures.

Turning to large firms, we find that their net debt issuance is also procyclical with respect

to both the industry and aggregate business cycles (as indicated by the negative values of

βi + βLarge,i and βa + βLarge,a in column (3), and the positive values of βi + βLarge,i and

βa + βLarge,a in column (4)).

The dependent variable in columns (5) and (6) is Net Equity Issuance. Note that both

βi + βLarge,i and βa + βLarge,a are positive in column (5) and negative in column (6), which

indicates that the net equity issuance of large firms is countercyclical with respect to both the

industry cycle and the aggregate cycle. On the other hand, the coefficients on the industry

and aggregate cycle measures indicate that the net equity issuance of small firms does not

vary with the industry cycle but is (weakly) countercyclical with respect to the aggregate

cycle.

In section IA.3 of the Internet Appendix, we examine the joint effect of size and credit

rating on firms’ business cycle responses, because the extant literature uses both these as

proxies for financial constraints.13 We find that the capital investment of small firms is

least sensitive to the industry business cycle compared to both larger unrated/low-rated

firms and investment-grade firms, whereas the capital investment of investment-grade firms

is significantly less sensitive to the aggregate cycle compared with small firms and larger

unrated/low-rated firms. Small firms are also less sensitive to the industry cycle in terms of

their net debt issuance and net equity issuance compared to investment-grade firms.

13Of course, size and credit rating are positively correlated: the pairwise correlation between Size and
Investment Grade in our sample is 0.62, and most of the small firms are unrated.
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4. Dynamic model of investment and financing with

industry and aggregate shocks

In this section, to help interpret our empirical results above, we present a dynamic model of

investment and financing for a firm that is exposed to industry-specific growth shocks and

aggregate shocks. In particular, we identify sufficient conditions under which large firms are

more sensitive than small firms to industry-specific shocks in their investment decisions, but

are less sensitive than small firms to aggregate shocks.

4.1. Growth Options and Profits

Consider a discrete time, infinite horizon model of a firm that is exposed to two non-negative

and independent profit shocks: an industry-level shock (θ) and an aggregate-level shock (ϕ).

Thus, consistent with our empirical methodology, the aggregate shock represents changes in

economy-wide factors that impact firm profits, independent of innovations in industry-related

factors. This formulation is consistent with our empirical analysis if the manufacturing sector

is not a dominant component of aggregate output (or GDP), which is the case for the U.S.

economy. However, persistent industry shocks not only affect current profits through industry

business cycle fluctuations but may also represent growth options through industry-specific

technological innovation shocks that amplify affect output efficiency (Kydland and Prescott

(1982), Horvath (2000)) or sales (Kumar and Li (2016)) or reduce costs (Klepper (1996)).

To motivate the specification of our model, let t = 0, 1, 2... denote the time periods.

Suppose that at each t, the typical firm uses its existing capital stock Kt to produce output

according to the production function Υ(Kt), which is strictly increasing and concave. The

firm’s price-cost margin at t, denoted pct, is affected jointly by aggregate and industry

shocks as part of the business cycle. As mentioned above, industry shocks also generate
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growth options. We model these effects by writing pct as

pct = (θt + ϕt)p̄c+ g(θt, Kt), (4)

where p̄c is the firm’s margin on assets-in-place and g is represents the growth option compo-

nent of the margin. Without any loss of generality, we normalize p̄c = 1. The growth option

is increasing in θt, that is, higher intensity industry innovation shocks have greater impact on

profit margins. Consistent with a large literature that emphasizes the advantage of firm size

in exploiting growth options (e.g., Schumpeter (1942); Cohen and Klepper (1996a); Kumar

and Li (2016)), we assume that g is increasing and convex in Kt.
14

The firm’s operating profit at time t is

πt = pct ·Υ(Kt) = (θt + ϕt) ·Υ(Kt) + g(θt, Kt) ·Υ(Kt). (5)

For simplicity, we assume the standard power specification for the production function,

Υ(Kt) =
Kψ
t

ψ
, where 0 < ψ < 1. Note that g(θt, Kt) · Υ(Kt) is increasing and convex in Kt;

for tractability, we set this equal to
γθtK2

t

2
where γ denotes the scale of the industry growth

opportunity. Hence, we have the following expression for πt

πt =
(θt + ϕt)K

ψ
t

ψ
+
γθtK

2
t

2
. (6)

Consistent with the Markov regime-switching model employed in our empirical analysis,

we model the industry and aggregate shocks as independent two-state Markov Chains. Specif-

ically, θt ∈ {θℓ, θh}, θh > θℓ, with the time-invariant transition probabilities pjk, j, k = ℓ, h.

We incorporate persistence in these shocks through the assumption that pjj > pjk. Analo-

14An alternative formulation in the spirit of Stone-Geary production functions (e.g., Beattie and Arad-
hyula (2015); Comin, Lashkari, and Mestieri (2021)) is to assume that the effect of growth shocks on operating
profits increases as firm size exceeds pre-specified threshold size levels. In this alternative formulation, the
effect of industry shocks on operating profits will see discontinuous jumps at these threshold size levels. But
this complicates the formal analysis without qualitatively changing the results.
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gously, ϕt ∈ {ϕℓ, ϕh}, ϕh > ϕℓ, with the time-invariant transition probabilities qjk, j, k = ℓ, h,

and qjj > qjk.

4.2. Investment and financing

Investors are risk-neutral. The firm chooses its investment (it) which determines its capital

stock next period Kt+1 according to

Kt+1 = Kt(1− ξ) + it, (7)

where ξ is the per period depreciation rate. The investment cost function is strictly convex;

in particular, we specialize the strictly convex investment cost function in Abel and Eberly

(1996) as

C(i) = i+
λi2

2
. (8)

The firm can finance investment through a combination of internal funds, external debt,

and equity issuance. For simplicity, we abstract from equity flotation costs and from in-

vestors’ tax rates on income from equity distributions, because these assumptions do not

qualitatively affect our comparative statics results. Similar to the dynamic debt financing

literature (Hennessy and Whited (2005); Ozdagli (2012)), we restrict attention to short-term

(or single-period) debt, where rt denotes the firm’s one-period cost of debt between t and

t + 1. The main financing friction in the model is that debt repayment is non-enforceable

and equity holders can, therefore, choose to default; that is, default is endogenous (Leland

and Toft (1996); Hennessy and Whited (2007)). As in Leland and Toft (1996), firms default

in our model when the equity value falls below a threshold, which we take to be zero. We

allow deadweight bankruptcy costs by assuming that upon default at t, debt holders lose a

fraction 0 ≤ υ < 1 of assets.

Without loss of generality, we normalize the risk-free rate to zero so that r can be con-

strued as the firm’s risk premium on one-period debt. This risk premium is determined
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endogenously in a competitive, risk-neutral loan market. Debt provides tax shields on inter-

est payments, and for simplicity we use the constant marginal corporate tax rate of τc.

Thus, if Dt+1 is the face value of debt issued by the firm at t, its debt obligation next

period is Dt+1(1+ rt), with the interest expense of rtDt+1. The firm’s taxable income at t is

then

yt = πt − ξKt − rt−1Dt.

The firm pays a tax of τcyt; if yt < 0, then we can interpret this as a tax credit. Hence, the

after-tax operating profit is

π̂t = (1− τc)πt + τc(ξKt + rt−1Dt), (9)

where the expression above accounts for the tax shields from depreciation and interest ex-

pense. It will be useful to denote the firm’s debt obligation at t as Bt ≡ Dt(1 + rt−1).

4.3. Debt market equilibrium

With Markov profit shocks and single-period debt, the value-relevant state of the firm at t is

given by Ωt = (Kt, Dt, rt−1, θt, ϕt). In a competitive and risk neutral debt market, conditional

on Dt+1, the equilibrium rt is determined such that the lenders’ expected payoff is Dt+1,

because the opportunity cost for lenders is the risk-free return, which is normalized to zero.

Now, given our assumption of a deadweight bankruptcy cost, we can represent the firm’s

liquidation value conditional on Ωt+1 as

Lt+1 (Ωt+1) = (1− υ)(π̂t+1 +Kt+1) (10)

Let ft+1 denote the endogenous probability of default at t + 1. This probability is de-

termined by the firm’s initial state Ωt and decisions (it, Dt+1). That is, ft+1 (it, Dt+1, rt | Ωt)

is the probability that Vt+1(Ωt+1) is non-positive conditional on (Ωt, it, Dt+1, rt) . Using the
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default indicator Id = 1, the following condition must hold in equilibrium:

Et [Lt+1 (Ωt+1) | Id,t+1 = 1,Ωt] + [1− ft+1 (it, Dt+1, rt | Ωt)] ·Dt+1(1 + rt) = Dt+1 (11)

Henceforth, we refer to equation (11) as the competitive debt market condition; this

condition determines rt conditional on (Ωt, it, Dt+1). In particular, it is apparent from (10)

and (11) that cost of debt rt increases with the bankruptcy cost parameter υ, holding other

things fixed.

4.4. The firm’s optimization problem

At the beginning of each t, conditional on Ωt, the firm chooses to either continue or to

default and exit. That is, the firm computes its continuing equity value V̂t(Ωt) and defaults

if V̂t(Ωt) ≤ 0. We can then write the levered cash flow of a continuing firm as

êt = π̂t −Bt +Dt+1 − C(it). (12)

There is equity issuance if êt < 0. The continuing firm’s optimization problem is to

choose its investment and financing policies to maximize the discounted expected value of

levered cash flows. Because investors are risk neutral and the risk-free rate is normalized to

zero, the Bellman equation for the firm’s optimization problem is

V̂t(Ωt) = max
it,Dt+1

êt + Et[Vt+1(Ωt+1) | Ωt], (13)

subject to condition (7) and the competitive debt market condition (11). As is standard

in the dynamic optimization literature (e.g., Stokey and Lucas (1989)), we assume that K

must belong to the compact set [K
¯
, K̄]. The firm’s equity value at default is V̄t(Ωt) ≡ 0.

Hence, we can represent the equity value in any state as Vt(Ωt) = max(V̂t(Ωt), 0).
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4.5. Optimal policies for the unlevered firm

As a benchmark, it is useful to analyze the optimal policies of an unlevered firm, which only

uses equity issues as the source of external investment financing, and distributes positive

equity cash flows. Note that, in this case, the firm’s state variable profile at t is Ωt =

(Kt, θt, ϕt), and the equity payouts and after-tax profits are, respectively, êt = π̂t−C(it) and

π̂t = (1− τc)

[
(θt + ϕt)K

ψ
t

ψ
+
γθtK

2
t

2

]
+ τcξKt. (14)

We will denote the optimal investment conditional on Ωt as i
∗
t (Ωt). We define cyclical in-

vestment sensitivity with respect to the aggregate and industry shocks, respectively, as

∆ϕ
t (Kt, θt) ≡ i∗t (Kt, θt, ϕh)− i∗t (Kt, θt, ϕℓ) (15)

∆θ
t (Kt, ϕt) ≡ i∗t (Kt, θh, ϕt)− i∗t (Kt, θℓ, ϕt). (16)

We now characterize optimal investment policy and its salient comparative statics in relation

to the empirical results. The proofs of all propositions are in Section IA.4 of the Internet

Appendix. We assume that γ satisfies the following condition, which is sufficient to ensure

that the second-order condition holds (see Lemma IA.1 in the Internet Appendix):

γ <
(1− ψ)(θl + ϕl)K̄

ψ−2

θh
(17)

Proposition 1. Conditional on Ωt, the optimal investment i∗t has the following properties:

1. i∗t (·, θh, ·) > i∗t (·, θℓ, ·) and i∗t (·, ·, ϕh) > i∗t (·, ·, ϕℓ), that is, i∗t is procyclical with respect

to the industry and aggregate shocks;

2. i∗t is decreasing in firm size;

3. Sensitivity of i∗t to the aggregate shock is decreasing in size, that is,
∂∆ϕt (Kt,θt)

∂Kt
< 0;
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4. But sensitivity of i∗t to the industry shock is increasing in size, that is,
∂∆θt (Kt,ϕt)

∂Kt
> 0 if

γ > (1− ψ)Kψ−2
t+1 (18)

The procyclicality of investment with respect to industry and aggregate shocks follows

from their positive effects on profits, keeping fixed the capital stock (see equation (6)),

whereas the decreasing effect of size follows from the decreasing returns to scale property of

the profit function, which holds when γ satisfies condition (17). Both these properties are

consistent with the results in Table 4.

Proposition 1(3) follows from the fact that the impact of the aggregate shock ϕ on the

firm’s profit exhibits decreasing returns to scale (see the first term in equation (6)). Hence,

the sensitivity of optimal investment to the aggregate shock (i.e., ∆ϕ
t (Kt, θt)) is decreasing

in size. On the other hand, Proposition 1(4) follows by noting that the growth potential of

the industry shock θ exhibits increasing returns to scale (see the second term in equation

(6)). Hence, for γ sufficiently large, as shown in condition (18), the sensitivity of optimal

investment to the industry shock (i.e., ∆θ
t (Kt, ϕt)) is increasing in size. Overall, conditions

(17) and (18) show that for a range of model parameters and firm size, large firms are more

sensitive than small firms to the industry shock in terms of their capital investment, even

though small firms are more sensitive to the aggregate shock. This is consistent with the

empirical results in Table 6, and is one of the main results of the paper.

4.6. Optimal policies for a levered firm

We now extend our analysis to a levered firm, which uses both debt and equity to fi-

nance its investment. We first characterize the effects of current state and policies—that

is, (Ωt, it, Dt+1, rt)—on the default probability next period, ft+1 (it, Dt+1, rt | Ωt). With bi-

nary industry and aggregate shocks, the firm’s profit uncertainty in any period is given by

the set of shocks Γ = {(θj, ϕk) , j, k ∈ {ℓ, h}}. Hence, for each t, conditional on any Ωt, the
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default states are Γdt (Ωt) ⊆ Γ, such that

Γdt (Ωt) = {(θj, ϕk) , j, k ∈ {ℓ, h} | Vt(Kt, Dt, rt−1, θj, ϕk) ≤ 0}, (19)

so that the probability of default is ft+1 (it, Dt+1, rt | Ωt) = Pr
(
Γdt+1(Kt+1, Dt+1, rt) | Ωt

)
.

Conditional on Ωt, Kt+1 = Kt(1 − ξ) + it. Hence, the firm’s debt commitment at t + 1,

namely, Bt+1 is determined by (Kt+1, Dt+1), that is,

Bt+1(Kt+1, Dt+1 | Ωt) = Dt+1(1 + rt(Kt+1, Dt+1 | Ωt)), (20)

where rt(Kt+1, Dt+1 | Ωt) is determined by the competitive debt condition (11). It is also

intuitive, and straightforward to show, that because of the persistence of ϕ and φ, the value

function V̂t(Ωt) (see equation (13)) is increasing in these shocks. It is convenient to now

write four bivariate productivity states in Γ, (θℓ, ϕh) as (ℓ, h) etc. Hence, conditional on

(Kt+1, Dt+1,Ωt), these states can be ordered at t + 1 in terms of lowest to highest equity

valuation as {(ℓ, ℓ), (ℓ, h) ∨ (ℓ, h), (h, ℓ) ∨ (ℓ, h), (h, h)}.15 It then follows (see the proof of

Proposition 2 for details) that, given Kt+1, there exist debt commitment thresholds

0 = B̂0,t+1(Kt+1) < B̂1,t+1(Kt+1) < B̂2,t+1(Kt+1) < B̂3,t+1(Kt+1) < B̂4,t+1(Kt+1),

and default probabilities

0 = f̂0,t+1 < f̂1,t+1 < f̂2,t+1 < f̂3,t+1 < f̂4,t+1 = 1,

15The ranking of the middle states, that is (θt+1 = θℓ, ϕt+1 = ϕh) or (θt+1 = θh, ϕt+1 = ϕℓ) (and vice
versa) is ambiguous depending on the magnitude of these states and Kt+1.

30



such that

ft+1 = f̂m,t+1 if B̂m,t+1(Kt+1) ≤ Bt+1(Kt+1, Dt+1 | Ωt) < B̂m+1,t+1(Kt+1),m = 0, 1, 2, 3.

(21)

As per the trade-off theory of capital structure (e.g., Miller (1977)), a firm’s optimal

debt policy trades off tax benefits from interest deductibility against default risk. With

finite productivity states, as is formalized above, default risk changes only at a finite number

of debt levels, for a given Kt+1. In particular, default risk is constant for debt commitments

within the interval (B̂m,t+1(Kt+1), B̂m+1,t+1(Kt+1)) for m = 0, 1, 2, 3. Let (i∗t , D
∗
t+1) denote

the solutions to the optimization problem (13), and let B̂∗
m,t+1 ≡ B̂m,t+1(K

∗
t+1),m = 1, 2, 3, 4

denote the debt commitment thresholds under the optimal K∗
t+1 = (1− ξ)Kt + i∗t .

Proposition 2. For a continuing firm, the optimal debt D∗
t+1 ∈ {D∗

1,t+1, ..., D
∗
4,t+1} where

D∗
m,t+1 satisfy D∗

m,t+1 · (1 + r∗t ) = B̂∗
m,t+1 for m = 1, 2, 3, 4.

Intuitively, the firm will continue to borrow for tax advantages of debt if it does not

suffer an increase in default risk. A straightforward application of the implicit function on

the competitive debt condition (11) shows that the interest rate rt is increasing in debt,

Dt+1. Hence, Bt+1(Kt+1, Dt+1 | Ωt) is increasing in Dt+1, and therefore, the firm will keep

raising debt till it reaches a jump point in default risk. The literature has recognized this

point for finite states of the world when considering choice of financial leverage (Kraus

and Litzenberger (1973)). However, our framework analyzes the more general situation

where firms jointly choose capital investment and debt, and shows that, with finite states,

conditional on the state vector Ωt, optimal debt will be restricted to a finite set, while optimal

capital investment remains a continuous variable.

We now turn to characterization of the properties of optimal investment and debt policies.

We first relate investment and debt to industry and aggregate shocks. It is also convenient

to define Ω−ϕ
t ≡ (Kt, Dt, rt−1, θt) to denote all the elements of Ωt other than ϕt; and similarly

Ω−θ
t ≡ (Kt, Dt, rt−1, ϕt) to denote all the elements of Ωt other than θt.
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Proposition 3. Conditional on Ωt, optimal investment and debt are, ceteris paribus, pro-

cyclical in industry and aggregate shocks. That is, i∗t (Ω
−θ
t , θh) > i∗t (Ω

−θ
t , θℓ), i

∗
t (Ω

−ϕ
t , ϕh) >

i∗t (Ω
−ϕ
t , ϕℓ); and, D

∗
t+1(Ω

−θ
t , θh) > D∗

t+1(Ω
−θ
t , θℓ).

Because of a finite (bivariate) number of parameters—namely, the industry and aggregate

productivity shocks—we use general frameworks for monotone comparative statics that do

not require the application of the implicit function theorem.16 Specifically, we utilize the

Monotonocity Theorem of Milgrom and Shannon (1994), which assures monotonicity of

(i∗t (Ωt), D
∗
t+1(Ωt)) in (θt, ϕt) if the firm’s objective function in (13), say, Ṽt(it, Dt+1 | Ωt)

satisfies the single-crossing property (SCP) in θt and ϕt, and is quasisupermodular (Milgrom

and Shannon (1994)). Now, the SCP in θt requires that for all (i
′, D′) > (i,D) if Ṽt(i

′, D′ |

Ω−θ
t , θℓ) > Ṽt(i

′, D | Ω−θ
t , θℓ) implies that Ṽt(i

′, D′ | Ω−θ
t , θh) > Ṽt(i,D | Ω−θ

t , θh). In our

model, we expect the SCP to hold because of persistence in the productivity shocks, and

we verify this in the proof of the proposition. Intuitively, if θℓ−type firm prefers higher

investment and debt financing, then the θh−type firm will do so as well because the latter

has higher expected investment productivity and hence debt-capacity, other things being

equal. The intuition for the SCP holding for the aggregate shocks follows in a similar

fashion. Finally, the quasisupermodularity of the firm’s objective function because for any

fixed debt choice, the SCP holds for investment; and for any fixed investment choice, the

SCP holds for debt.

We now turn to the effects of firm size on investment and investment sensitivity to

productivity shocks.17

Proposition 4. Suppose condition (17) is satisfied. Then, conditional on Ωt, the optimal

investment for the levered firm i∗t satisfies all the comparative static properties highlighted in

Proposition 1 for the unlevered firm.

16We were able to analyze the cyclicality of investment for the unlevered firms (Proposition 1) directly be
analyzing the optimality condition (for investment) in terms of productivity shocks. This approach becomes
substantially more challenging for the bivariate optimization problem of levered firms.

17We do not theoretically pursue the effects firm size on industry and aggregate cyclicality of debt issuance
because our empirical analysis (Table 6) does not reveal significant impact of size.
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The presence of debt does not fundamentally alter the comparative static properties of i∗t

that we proved in Proposition 1 for the unlevered firm, because these properties are mainly

driven by the technological aspects of the profit function. The negative relation between

optimal investment and firm size follows from the decreasing returns to scale property of the

profit function, which holds when γ satisfies condition (17). Similarly, the sensitivity of i∗t

to the aggregate shock ϕ is decreasing in firm size, because the impact of ϕ on the profit

function exhibits decreasing returns to scale. On the other hand, the growth component of

the profit function exhibits increasing returns to scale. Therefore, under the the range of

model parameters and firm sizes identified by conditions (17) and (18), large levered firms

are more sensitive than small levered firms to the industry shock in terms of their capital

investment, even though small firms are more sensitive to the aggregate shock.

5. Conclusion

The importance of persistent industry-specific shocks is long recognized in both the indus-

trial economics literature and the macroeconomics literature. In particular, the industrial

economics literature suggests that industry growth shocks should have persistent effects on

firm-level investment and financing policies, and that large firms are better able to exploit

industry growth shocks. Yet, we know relatively little about the investment and financ-

ing response of firms to industry growth shocks, and the role of firm size in shaping these

responses. We examine these issues both empirically and theoretically in this paper.

Using measures of industry-specific and aggregate business cycles derived from the

regime-switching approach of Hamilton (1989), we document the economically significant

effects of industry-specific shocks on firms’ investment and financing policies, while control-

ling for the effect of aggregate shocks. A striking finding is that the capital investment of

large firms is more sensitive to industry-specific shocks compared to that of smaller firms,

whereas, as is well known, small firms exhibit greater sensitivity to aggregate shocks com-
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pared to large firms.

We show that our empirical results are consistent with the optimal investment and fi-

nancing behavior of firms in a dynamic model of investment and financing, which accounts

for the growth potential of industry-specific shocks separately from the general impact of

aggregate shocks on the firm’s profit. The model assumes that the growth potential of the

industry shock exhibits increasing returns to scale, even as overall profit exhibits decreasing

returns to scale. Hence, when the growth factor is sufficiently large, we show that large

firms may be more sensitive than small firms to the industry shock in terms of their cap-

ital investment, even though small firms are more sensitive to the aggregate shock. Thus,

our analysis indicates that explicitly recognizing firms’ differential sensitivity to industry

and aggregate business cycles is important in understanding firms’ dynamic investment and

financing policies.
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Table 1 Description of Industry Groups

This table describes the industry groups in the manufacturing sector (NAICS 31-33) that are
tracked under the “Industrial Production and Capacity Utilization - G.17” series maintained by
the Federal Reserve. Most of the industry groups are defined at the 3-digit NAICS level, and may
include either a single industry or a group of related industries, although a few industry groups
are defined at the 4-digit NAICS industries. We list the number of companies in each industry
group under the column titled “Companies” and provide summary statistics on the (annualized)
quarterly growth over the period from 1972Q1 to 2019Q1.

Growth Rate (annualized)

NAICS Industry description Companies Mean Std. Dev. p10 p90

311,2 Food, beverage, and tobacco 222 0.012 0.021 -0.011 0.037
313,4 Textiles and products 51 -0.010 0.076 -0.105 0.068
315,6 Apparel and leather goods 66 -0.042 0.082 -0.139 0.035
321 Wood product 40 0.005 0.086 -0.095 0.087
322 Paper 72 0.005 0.051 -0.039 0.061
323 Printing and related support activities 38 0.008 0.049 -0.042 0.071
324 Petroleum and coal products 57 0.010 0.047 -0.038 0.073
325 Chemical 1064 0.016 0.052 -0.039 0.074
326 Plastics and rubber products 113 0.022 0.075 -0.060 0.099
327 Nonmetallic mineral product 61 0.005 0.071 -0.089 0.064
331 Primary metal 98 -0.003 0.117 -0.106 0.116
332 Fabricated metal product 149 0.009 0.069 -0.070 0.081
333 Machinery 412 0.012 0.092 -0.104 0.104
334 Computer and electronic product 1432 0.118 0.097 0.006 0.250
335 Electrical equipment, appliance, and component 149 0.005 0.077 -0.089 0.075
3361–3 Motor vehicles and parts 113 0.022 0.142 -0.159 0.152
3364–9 Aerospace and miscellaneous transportation equipment 93 0.014 0.084 -0.085 0.129
337 Furniture and related product 37 0.007 0.083 -0.070 0.078
339 Miscellaneous 387 0.020 0.044 -0.038 0.076
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Table 2 Industry Business Cycle Phases

This table provides an industry-wise description of the estimated model parameters of the regime-
switching model (1). The direct estimates of the model are: mean growth rates in the low and high
states (µlow and µhigh), variance σ2, and the Markov transition probabilities (phh and pℓℓ). The
model also provides Pr(Industry Downturn), which is a one-step-ahead predicted probability that
the industry will be in the downturn state next period. Industry Downturn is a dummy variable
that identifies time periods during which Pr(Industry Downturn) weakly exceeds 0.75, whereas
Industry Expansion is a dummy variable that identifies time periods during which Pr(Industry
Downturn) is lower than or equal to 0.25.

Model Parameters Average values of

NAICS µlow µhigh σ2 phh pℓℓ Pr(Ind. Downturn) Ind. Downturn Ind. Expansion

21 -0.011 0.077 0.037 0.967 0.885 0.799 0.778 0.146
2211 -0.002 0.041 0.025 0.843 0.883 0.420 0.200 0.405
2212 -0.030 0.058 0.050 0.896 0.809 0.654 0.530 0.135
311A2 0.000 0.030 0.015 0.875 0.793 0.620 0.492 0.162
313A4 -0.137 0.009 0.057 0.857 0.980 0.123 0.092 0.876
315A6 -0.246 -0.022 0.051 0.875 0.988 0.085 0.081 0.914
321 -0.160 0.031 0.055 0.742 0.960 0.131 0.000 0.859
322 -0.165 0.012 0.037 0.710 0.989 0.038 0.000 0.962
323 -0.012 0.055 0.038 0.975 0.944 0.688 0.654 0.259
324 -0.012 0.054 0.035 0.889 0.771 0.672 0.562 0.086
325 -0.101 0.027 0.038 0.744 0.976 0.082 0.000 0.919
326 -0.152 0.038 0.054 0.792 0.982 0.073 0.049 0.930
327 -0.149 0.026 0.041 0.772 0.970 0.119 0.086 0.876
331 -0.298 0.022 0.077 0.725 0.977 0.072 0.000 0.930
332 -0.130 0.028 0.046 0.773 0.969 0.114 0.070 0.886
333 -0.162 0.039 0.062 0.782 0.967 0.128 0.081 0.870
334 0.042 0.191 0.062 0.949 0.950 0.481 0.427 0.470
335 -0.146 0.028 0.050 0.780 0.968 0.122 0.076 0.859
3361T3 -0.230 0.061 0.101 0.802 0.971 0.127 0.070 0.859
3364T9 -0.049 0.081 0.052 0.919 0.919 0.510 0.449 0.422
337 -0.258 0.020 0.059 0.767 0.989 0.045 0.032 0.951
339 -0.020 0.045 0.030 0.862 0.919 0.366 0.259 0.568
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Table 3 Descriptive Statistics

Our sample includes publicly-listed firms in the manufacturing sector over the period 1980-2018.
We provide summary statistics for the panel data in Panel A, where each observation corresponds
to a firm-fiscal quarter combination. We list the pairwise correlations among the business cycle
variables in Panel B.

Panel A: Summary Statistics

Mean Median Std. Dev. p25 p75 N

Firm Characteristics (COMPUSTAT):
Assets (in $ million) 2122.987 168.538 10831.102 41.154 838.322 171396
Size 5.246 5.127 2.198 3.717 6.731 171396
Profit 0.014 0.041 0.155 -0.002 0.090 134389
Leverage 0.158 0.099 0.181 0.001 0.256 169665
Q 2.742 1.880 2.533 1.226 3.173 161924
Cash 0.225 0.123 0.247 0.031 0.343 171209
Dividends 0.320 0.000 0.466 0.000 1.000 166618
Rated 0.199 0.000 0.399 0.000 0.000 171396
Investment Grade 0.196 0.000 0.397 0.000 0.000 171396
CAPEX×100 7.421 4.665 8.399 2.486 8.791 145098
∆Net Debt×100 -0.109 -0.032 11.005 -2.838 3.653 144212
Net Equity Issuance×100 0.821 0.000 6.059 -0.435 0.138 128875

Business Cycle Variables:
NBER Recession 0.117 0.000 0.322 0.000 0.000 171396
GNP Growth 0.027 0.028 0.018 0.019 0.039 171396
Industry Growth 0.044 0.031 0.098 -0.003 0.076 171396
Pr(Industry Downturn) 0.266 0.050 0.356 0.025 0.575 171396
Pr(Aggregate Downturn) 0.534 0.640 0.403 0.068 0.946 171396
Industry Downturn 0.209 0.000 0.406 0.000 0.000 171396
Aggregate Downturn 0.447 0.000 0.497 0.000 1.000 171396
Industry Expansion 0.708 1.000 0.455 0.000 1.000 171396
Aggregate Expansion 0.381 0.000 0.486 0.000 1.000 171396

Panel B: Pairwise Correlations

Pr(Ind. Downturn) Pr(Aggr. Downturn) Ind. Downturn Aggr. Downturn NBER Recession

Pr(Industry Downturn) 1.000
Pr(Aggregate Downturn) 0.315* 1.000
Industry Downturn 0.912* 0.280* 1.000
Aggregate Downturn 0.301* 0.897* 0.271* 1.000
NBER Recession -0.008* 0.315* -0.038* 0.263* 1.000
GNP Growth -0.241* -0.741* -0.175* -0.643* -0.548*
Industry Growth -0.240* -0.404* -0.224* -0.385* -0.189*

* p < 0.1
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Table 4 Capital Investment Over the Industry and Aggregate Business Cycles

This table presents the results of regressions investigating how capital investment varies with the
industry business cycle and the aggregate business cycle. We include firm fixed effects in all
specifications. Standard errors (reported in parentheses) are robust to heteroskedasticity, and are
clustered by firm. We use ***, **, and * to denote statistical significance at the 1%, 5%, and 10%
levels, respectively.

Dependent Variable = CAPEX × 100

(1) (2) (3) (4) (5)

P̂ r(Industry Downturn): βi -1.802*** -1.551***
(0.127) (0.125)

Pr(Aggregate Downturn): βa -1.428***
(0.100)

Industry Downturn: βi -1.205*** -0.810***
(0.089) (0.087)

Aggregate Downturn: βa -1.050***
(0.074)

NBER Recession: βa -0.275*** -0.184**
(0.090) (0.090)

Industry Expansion: βi 1.292***
(0.089)

Aggregate Expansion: βa 0.596***
(0.076)

Size -0.310*** -0.271*** -0.057 -0.062 -0.138*
(0.081) (0.081) (0.083) (0.083) (0.083)

Q 0.570*** 0.574*** 0.555*** 0.565*** 0.563***
(0.028) (0.028) (0.028) (0.028) (0.028)

Net Leverage -5.375*** -5.388*** -5.445*** -5.416*** -5.428***
(0.266) (0.266) (0.266) (0.265) (0.266)

Rated 0.091 0.072 0.067 0.007 0.071
(0.137) (0.137) (0.134) (0.135) (0.135)

Cash Flow -0.101* -0.106* -0.129** -0.127** -0.120**
(0.057) (0.057) (0.057) (0.057) (0.057)

Constant 7.060*** 7.199*** 6.501*** 6.498*** 5.094***
(0.448) (0.448) (0.449) (0.452) (0.471)

βi − βa -1.020*** -0.122 0.240** 0.696***
(0.119) (0.159) (0.122) (0.125)

Observations 127665 127665 127665 127665 127665
R2 0.297 0.297 0.300 0.299 0.299
Firm F.E. ✓ ✓ ✓ ✓ ✓
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Table 5 Financing Policy Over the Industry and Aggregate Business Cycles

This table presents the results of regressions investigating how firms’ debt issuance (Panel A) and
net equity issuance (Panel B) vary with the industry business cycle and the aggregate business
cycle. We include firm fixed effects in all specifications. Standard errors (reported in parentheses)
are robust to heteroskedasticity, and are clustered by firm. We use ***, **, and * to denote
statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Net debt issuance over the business cycle

Dependent Variable = ∆Net Debt×100

(1) (2) (3) (4) (5)

P̂ r(Industry Downturn): βi -1.216*** -1.104***
(0.105) (0.105)

Pr(Aggregate Downturn): βa -0.831***
(0.083)

Industry Downturn: βi -0.728*** -0.609***
(0.075) (0.078)

Aggregate Downturn: βa -0.338***
(0.066)

NBER Recession: βa -0.026 0.051
(0.085) (0.085)

Industry Expansion: βi 0.939***
(0.079)

Aggregate Expansion: βa 0.411***
(0.070)

Size 0.471*** 0.490*** 0.606*** 0.551*** 0.582***
(0.063) (0.063) (0.065) (0.065) (0.065)

Q -0.606*** -0.602*** -0.617*** -0.606*** -0.614***
(0.032) (0.032) (0.032) (0.032) (0.032)

Profit 2.471*** 2.500*** 2.247*** 2.396*** 2.299***
(0.478) (0.479) (0.479) (0.480) (0.478)

Rated -1.035*** -1.043*** -1.089*** -1.081*** -1.077***
(0.111) (0.111) (0.110) (0.111) (0.110)

Constant -0.567 -0.454 -0.789** -0.620* -1.878***
(0.351) (0.351) (0.353) (0.353) (0.372)

βi − βa -0.779*** -.273** -0.271** .528***
(0.107) (0.139) (0.115) (0.119)

Observations 139908 139908 139908 139908 139908
R2 0.059 0.059 0.060 0.059 0.060
Firm F.E. ✓ ✓ ✓ ✓ ✓
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Panel B: Net Equity issuance over the business cycle

Dependent Variable = Net Equity Issuance×100

(1) (2) (3) (4) (5)

P̂ r(Industry Downturn): βi 0.116* 0.129**
(0.060) (0.059)

Pr(Aggregate Downturn): βa 0.181***
(0.049)

Industry Downturn: βi 0.065* 0.079**
(0.039) (0.040)

Aggregate Downturn: βa 0.010
(0.039)

NBER Recession: βa -0.190*** -0.197***
(0.046) (0.045)

Industry Expansion: βi -0.093**
(0.043)

Aggregate Expansion: βa -0.163***
(0.040)

Size -0.835*** -0.836*** -0.871*** -0.842*** -0.874***
(0.043) (0.043) (0.046) (0.045) (0.045)

Q 0.489*** 0.489*** 0.493*** 0.491*** 0.493***
(0.023) (0.023) (0.023) (0.023) (0.023)

Profit -5.913*** -5.917*** -5.840*** -5.893*** -5.843***
(0.277) (0.277) (0.278) (0.277) (0.278)

Rated 0.468*** 0.469*** 0.463*** 0.462*** 0.463***
(0.069) (0.069) (0.069) (0.069) (0.069)

Constant 3.732*** 3.722*** 3.801*** 3.716*** 4.034***
(0.244) (0.244) (0.248) (0.247) (0.259)

βi − βa 0.262*** -0.051 0.069 0.070
(0.056) (0.078) (0.063) (0.064)

Observations 124033 124033 124033 124033 124033
R2 0.263 0.263 0.263 0.263 0.263
Firm F.E. ✓ ✓ ✓ ✓ ✓
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Table 6 Effect of Firm Size on Response to Business Cycle

This table presents the results of regressions investigating how firms’ responses to the industry
cycle and aggregate cycle vary with firm size. Small and Large are dummy variables which identify
firms that are in the smallest and largest size quartiles, respectively; Medium is a dummy variable
to identify firms that are neither small nor large.

The dependent variable is CAPEX in columns (1) and (2), and ∆Net Debt in columns (3) and (4),
and Net equity Issuance in columns (5) and (6). We include firm-level controls and firm fixed effects
in all specifications, but suppress the coefficients on firm-level controls to conserve space. Standard
errors (reported in parentheses) are robust to heteroskedasticity, and are clustered by firm. We use
***, **, and * to denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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CAPEX × 100 ∆Net Debt×100 Net Equity Issuance×100

(1) (2) (3) (4) (5) (6)

Industry Downturn: βi -0.207 -0.470** -0.117
(0.219) (0.214) (0.111)

Medium*Industry Downturn -0.771*** -0.220 0.224*
(0.239) (0.232) (0.125)

Large*Industry Downturn: βLarge,i -0.742*** -0.076 0.326***
(0.245) (0.233) (0.125)

Aggregate Downturn: βa -0.886*** -0.245 0.006
(0.184) (0.184) (0.108)

Medium*Aggregate Downturn -0.411** 0.021 -0.179
(0.202) (0.207) (0.120)

Large*Aggregate Downturn: βLarge,a 0.377* -0.313 0.306**
(0.202) (0.204) (0.122)

Industry Expansion: βi 0.703*** 0.760*** 0.139
(0.209) (0.217) (0.122)

Medium*Industry Expansion 0.815*** 0.229 -0.220*
(0.230) (0.237) (0.133)

Large*Industry Expansion: βLarge,i 0.572** 0.197 -0.496***
(0.241) (0.238) (0.137)

Aggregate Expansion: βa 0.606*** 0.638*** -0.269**
(0.196) (0.191) (0.108)

Medium*Aggregate Expansion 0.122 -0.329 0.252**
(0.214) (0.215) (0.118)

Large*Aggregate Expansion: βLarge,a -0.501** -0.284 -0.047
(0.212) (0.212) (0.120)

Medium 1.247*** 0.332 0.780*** 0.633*** -0.584*** -0.511***
(0.239) (0.259) (0.210) (0.234) (0.130) (0.141)

Large 0.985*** 0.943*** 0.520** 0.200 -0.436*** 0.238
(0.286) (0.318) (0.253) (0.285) (0.158) (0.173)

Constant 6.253*** 5.483*** -0.858** -1.968*** 3.907*** 4.054***
(0.467) (0.491) (0.383) (0.393) (0.259) (0.270)

βi + βLarge,i -0.949*** 1.276*** -0.547*** 0.957*** 0.209*** -0.357***
(0.111) (0.121) (0.098) (0.099) (0.058) (0.060)

βa + βLarge,a -0.509*** 0.105 -0.558*** 0.354*** 0.312*** -0.316***
(0.089) (0.085) (0.086) (0.089) (0.058) (0.054)

Observations 127665 127665 139908 139908 124033 124033
R2 0.300 0.300 0.059 0.060 0.263 0.264
Firm Controls and F.E. ✓ ✓ ✓ ✓ ✓ ✓
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Internet Appendix

for

“Investment and Financing Sensitivity of Large versus

Small Firms to Industry Growth Shocks”

This Internet Appendix contains the following details which are not reported in the paper due

to space constraints: (1) results of regressions examining change in debt and change in cash

and equivalents over the industry and aggregate business cycle; (2) results of tests examining

variation in gross equity issuance and equity payout over the industry and aggregate business

cycle; (3) results of tests examining the joint effects of credit rating and size on firms’ business

cycle responses; and (4) proofs of all results.



IA.1. Debt Issuance and Cash Accumulation Over the

Business Cycle

In Section 5.2 of the paper we examined how ∆Net Debt varies with the industry and

aggregate business cycles. As we noted in the paper, ∆Net Debt reflects the combined effect

of change in total debt (∆Debt) and change in cash and equivalents (∆Cash). In this section,

we examine how ∆Debt and ∆Cash vary with the industry and aggregate business cycles.

The results of our estimation are presented in Table IA.1. The empirical specification and

control variables are identical to those in Table 5 of the paper.

The dependent variable in Panel A is ∆Debt. The results in columns (1) and (2) indicate

that debt issuance is strongly procyclical with respect to the industry cycle. The coefficient

on Industry Downturn in column (2) indicates that firms decrease their debt issuance by

0.22% on average when they perceive a high likelihood of an industry downturn, which is an

economically large effect compared to the mean (median) ∆Debt of 0.49% (0%). Also, firms

on average decrease their debt issuance during NBER recessions. We note that although

the coefficient on Industry Downturn seems larger in magnitude than the coefficient on the

NBER recession indicator, the difference is not statistically significant.

In columns (3) through (5), we repeat these regressions after replacing the NBER re-

cession indicator with forward-looking and probabilistic measures of the aggregate business

cycle. The results with respect to the industry business cycle are similar to that in columns

(1) and (2): debt issuance is strongly procyclical with respect to the industry business cycle

(column (3)), and firms both decrease their debt issuance when an industry downturn is

highly likely (column (4)) and increase their debt issuance when an industry expansion is

highly likely (column (5)). But, somewhat surprisingly, the statistically insignificant coef-

ficients on the aggregate business cycle measures in columns (3) through (5) indicate that

debt issuance does not vary significantly over the aggregate business cycle, holding other

things fixed.

The contrasting coefficients on NBER Recession and Pr(Aggregate Downturn) in Panel

A also highlight an important difference between these measures. The NBER recession

dummy identifies a recession that has already arrived and has been identified by the NBER,

whereas Pr(Aggregate Downturn) is a forward-looking probability of an aggregate downturn

materializing next quarter. Thus, the results in Panel A indicate that firms decrease their

debt issuance when a recession actually materializes, but do not decrease their debt issuance

when the likelihood of an aggregate downturn increases. However, firms are very sensitive to

the industry business cycle and decrease (increase) their debt issuance when the likelihood
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of an industry downturn (expansion) increases.

The dependent variable in Panel B is ∆Cash. The results in columns (1) and (2) indicate

that change in cash is countercyclical with respect to the industry business cycle, that is, firms

accumulate more cash when the likely of an industry downturns increases. The coefficient

on Industry Downturn in column (2) indicates that, on average, firms increase their cash

accumulation by 0.49% when an industry downturn is highly likely, which is economically

significant compared to the mean (median) ∆Cash of 0.61% (0%). By contrast, the negative

coefficient on NBER Recession indicates that firms decrease their cash accumulation when

a recession actually materializes.

In columns (3)-(5), we again repeat these regressions after replacing the NBER recession

indicator with forward-looking and probabilistic measures of the aggregate business cycle.

We find that cash accumulation is strongly countercyclical with respect to both the industry

cycle and the aggregate cycle, and the difference in responses to the industry cycle versus

the aggregate cycle is not statistically significant (as evidenced by the insignificant value of

βi − βa).

IA.2. Equity Issuance and Equity Payout Over the

Business Cycle

In Section 5.2 of the paper we examined how Net Equity Issuance varies with the industry

and aggregate business cycle. As we noted in the paper, net equity issuance is affected

by firms’ repurchase and dividend policies and these may be related to the business cycle.

Therefore, in this section, we decompose net equity issuance into gross equity issuance and

equity payout, and separately examine their relation to industry and aggregate cycles. The

results of our estimation are presented in Table IA.2. The empirical specification and control

variables are identical to those in Table 5 of the paper.

The dependent variable in Panel A is Equity Issuance, which is defined as equity issuances

(i.e., funds received from issuance of common and preferred stock) scaled by lagged assets.

The results in columns (1) and (2) indicate that equity issuance is countercyclical with

respect to the industry business cycle, that is, firms increase their equity issuance when the

likelihood of an industry downturn increases. This effect is economically significant: the

coefficient on Industry Downturn in column (2) indicates that firms increase their equity

issuance by 0.14% on average when an industry downturn seems highly likely. But firms, on

average, decrease equity issuance in the NBER recession quarters.

In columns (3) through (5), we repeat these regressions after replacing the NBER re-
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cession indicator with forward-looking and probabilistic measures of the aggregate business

cycle. We find that equity issuance is countercyclical with respect to both the industry cycle

and the aggregate cycle, and the difference in responses to the industry cycle versus the ag-

gregate cycle is generally not statistically significant (as evidenced by the insignificant value

of βi − βa in column (3) and (4) but this is mildly significant in column (5)).

The dependent variable in Panel A is Equity Payout, which is defined as cash dividends

and equity repurchases scaled by lagged assets. We find some weak evidence that equity

payout is procyclical with respect to the industry cycle: the coefficients on the industry

business cycle measures are significant in columns (1) and (5), but are insignificant in other

columns. However, although firms decrease their equity payout once a recession materializes

(negative coefficient on the NBER Recession dummy), the equity payout is invariant to

forward-looking measures of the aggregate business cycle.

IA.3. Joint Effects of Size and Credit Rating

The extant literature uses both firm size and credit rating as proxies for financial constraints.

Of course, size and credit rating are positively correlated: the pairwise correlation between

Size and Investment Grade in our sample is 0.62, and most of the small firms (in the lowest

size quartile) are unrated. In this section, we examine the joint effect of size and credit

rating on firms’ business cycle responses.

To do this we split our sample based on size and rating as follows. First, we split the

sample based on size into two categories: those that are in the lowest size quartile (Small

firms) and those in the top three size quartiles. We note that only 3 out of 2,327 small

firms have a credit rating. Second, we split the firms in the top three size quartiles into two

categories based on credit rating: Larger Unrated/Low-rated firms and Investment Grade

firms, defined as those with Investment Grade= 0 and Investment Grade= 1, respectively.

We then estimate the regression after interacting the business cycle measures with Larger

Unrated/Low-rated and Investment Grade.

The results of these regressions are presented in Table IA.3, where we have suppressed

the coefficients on firm-level controls to conserve space. Note that the omitted category

in these regressions are the small firms. Therefore, the coefficients on the business cycle

variables capture the effects for the small firms, whereas the interaction terms capture the

incremental effect with respect to the small firms. Moreover, the reported values of βi+βig,i

and βa + βig,a at the bottom of the table reflect the overall effect of the industry cycle and

the aggregate cycle, respectively, for the investment-grade firms.

The results in columns (1) and (2) show that the capital investment of small firms is
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least sensitive to the industry business cycle compared to both larger unrated/low-rated

firms and investment-grade firms. By contrast, the capital investment of investment-grade

firms is significantly less sensitive to the aggregate cycle compared with small firms and

larger unrated/low-rated firms. It is especially notable that small firms do not decrease their

capital investment in industry downturns, whereas investment-grade firms do not increase

their capital investment in aggregate expansions.

The results in columns (3) and (4) indicate that the change in net debt of small firms is

procyclical with respect to the industry cycle (negative coefficient on Industry Downturn in

column (3) and positive coefficient on Industry Expansion in column (4)), and is also weakly

procyclical with respect to the aggregate cycle (positive coefficient on Aggregate Expansion

in column (4) but insignificant coefficient on Aggregate Downturn in column (3)). On the

other hand, the reported values of βi+βig,i and βa+βig,a in these columns indicate that the

change in net debt of investment-grade firms is procyclical with respect to both the industry

and aggregate business cycles.

The results in columns (5) and (6) indicate that net equity issuance of investment-grade

firms is countercyclical with respect to both the industry and aggregate cycles. Larger

unrated/low-rated firms also exhibit a similar countercyclical behavior with respect to the

industry cycle, but their net equity issuance does not vary much with the aggregate cycle.

By contrast, small firms do not significantly vary net equity issuance over the industry cycle,

but their net equity issuance is weakly countercyclical with respect to the aggregate cycle.
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Table IA.1 Debt Issuance and Cash Accumulation Over the Business Cycle

This table presents the results of regressions investigating how firms’ debt issuance (Panel A)
and cash accumulation (Panel B) policies vary over the industry business cycle and the aggregate
business cycle. We include firm fixed effects in all specifications. Standard errors (reported in
parentheses) are robust to heteroskedasticity, and are clustered by firm. We use ***, **, and * to
denote statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Debt issuance over the business cycle

Dependent Variable = ∆Debt× 100

(1) (2) (3) (4) (5)

P̂ r(Industry Downturn): βi -0.441*** -0.400***
(0.056) (0.056)

Pr(Aggregate Downturn): βa -0.074
(0.047)

Industry Downturn: βi -0.215*** -0.208***
(0.042) (0.043)

Aggregate Downturn: βa 0.013
(0.037)

NBER Recession: βa -0.158*** -0.126***
(0.044) (0.044)

Industry Expansion: βi 0.325***
(0.041)

Aggregate Expansion: βa -0.025
(0.038)

Size -0.439*** -0.436*** -0.429*** -0.439*** -0.432***
(0.033) (0.034) (0.036) (0.035) (0.035)

Q 0.066*** 0.068*** 0.067*** 0.070*** 0.067***
(0.011) (0.011) (0.011) (0.011) (0.011)

Profit 0.163 0.185 0.160 0.201 0.165
(0.196) (0.195) (0.195) (0.195) (0.195)

Rated -0.515*** -0.516*** -0.521*** -0.516*** -0.520***
(0.078) (0.078) (0.079) (0.079) (0.079)

Constant 2.786*** 2.830*** 2.750*** 2.822*** 2.530***
(0.188) (0.188) (0.191) (0.193) (0.202)

βi − βa -0.089 -0.326*** -0.222*** 0.350***
(0.056) (0.077) (0.064) (0.063)

Observations 139966 139966 139966 139966 139966
R2 0.061 0.060 0.060 0.060 0.061
Firm F.E. ✓ ✓ ✓ ✓ ✓
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Panel B: Cash accumulation over the business cycle

Dependent Variable = ∆Cash× 100

(1) (2) (3) (4) (5)

P̂ r(Industry Downturn): βi 0.705*** 0.637***
(0.088) (0.086)

Pr(Aggregate Downturn): βa 0.770***
(0.065)

Industry Downturn: βi 0.492*** 0.370***
(0.059) (0.061)

Aggregate Downturn: βa 0.383***
(0.054)

NBER Recession: βa -0.144** -0.182***
(0.067) (0.066)

Industry Expansion: βi -0.566***
(0.066)

Aggregate Expansion: βa -0.442***
(0.055)

Size -0.957*** -0.972*** -1.081*** -1.041*** -1.058***
(0.052) (0.052) (0.054) (0.054) (0.054)

Q 0.694*** 0.692*** 0.706*** 0.699*** 0.703***
(0.030) (0.030) (0.030) (0.030) (0.030)

Profit -2.299*** -2.299*** -2.074*** -2.170*** -2.126***
(0.388) (0.387) (0.389) (0.389) (0.388)

Rated 0.405*** 0.411*** 0.458*** 0.455*** 0.444***
(0.083) (0.083) (0.082) (0.083) (0.082)

Constant 3.601*** 3.541*** 3.782*** 3.709*** 4.616***
(0.301) (0.301) (0.301) (0.302) (0.318)

βi − βa 0.674*** -0.134 -0.013 -0.124
(0.084) (0.108) (0.090) (0.095)

Observations 143655 143655 143655 143655 143655
R2 0.067 0.067 0.068 0.067 0.068
Firm F.E. ✓ ✓ ✓ ✓ ✓

7



Table IA.2 Equity Issuance and Equity Payout Over the Business Cycle

This table presents the results of regressions investigating how firms’ equity issuance (Panel A) and
equity payout (Panel B) vary with the industry business cycle and the aggregate business cycle.
We include firm fixed effects in all specifications. Standard errors (reported in parentheses) are
robust to heteroskedasticity, and are clustered by firm. We use ***, **, and * to denote statistical
significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Equity issuance over the business cycle

Dependent Variable = Equity Issuance×100

(1) (2) (3) (4) (5)

P̂ r(Industry Downturn): βi 0.158** 0.186**
(0.077) (0.076)

Pr(Aggregate Downturn): βa 0.343***
(0.060)

Industry Downturn: βi 0.140*** 0.140***
(0.050) (0.052)

Aggregate Downturn: βa 0.094**
(0.047)

NBER Recession: βa -0.372*** -0.377***
(0.060) (0.060)

Industry Expansion: βi -0.129**
(0.055)

Aggregate Expansion: βa -0.289***
(0.051)

Size -1.100*** -1.106*** -1.169*** -1.132*** -1.168***
(0.058) (0.058) (0.062) (0.061) (0.061)

Q 0.761*** 0.761*** 0.769*** 0.766*** 0.768***
(0.029) (0.029) (0.029) (0.029) (0.029)

Profit -8.071*** -8.064*** -7.928*** -7.993*** -7.943***
(0.348) (0.348) (0.347) (0.347) (0.347)

Rated 0.646*** 0.647*** 0.636*** 0.639*** 0.636***
(0.079) (0.079) (0.079) (0.079) (0.079)

Constant 5.391*** 5.381*** 5.517*** 5.422*** 5.889***
(0.328) (0.328) (0.334) (0.334) (0.353)

βi − βa 0.517*** -0.157 0.046 0.161*
(0.074) (0.099) (0.078) (0.083)

Observations 137670 137670 137670 137670 137670
R2 0.234 0.234 0.234 0.234 0.234
Firm F.E. ✓ ✓ ✓ ✓ ✓
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Panel B: Equity payout over the business cycle

Dependent Variable = Equity Payout×100

(1) (2) (3) (4) (5)

P̂ r(Industry Downturn): βi -0.051** -0.037
(0.023) (0.023)

Pr(Aggregate Downturn): βa -0.022
(0.018)

Industry Downturn: βi -0.024 -0.025
(0.016) (0.016)

Aggregate Downturn: βa 0.016
(0.014)

NBER Recession: βa -0.061*** -0.057***
(0.013) (0.013)

Industry Expansion: βi 0.042***
(0.016)

Aggregate Expansion: βa 0.009
(0.013)

Size 0.136*** 0.136*** 0.139*** 0.132*** 0.139***
(0.014) (0.014) (0.014) (0.014) (0.014)

Q 0.039*** 0.040*** 0.040*** 0.040*** 0.040***
(0.005) (0.005) (0.005) (0.005) (0.005)

Profit 0.682*** 0.685*** 0.683*** 0.696*** 0.682***
(0.053) (0.053) (0.053) (0.053) (0.053)

Rated -0.097*** -0.097*** -0.100*** -0.099*** -0.100***
(0.035) (0.035) (0.035) (0.035) (0.035)

Constant -0.197** -0.193** -0.210*** -0.185** -0.252***
(0.080) (0.080) (0.079) (0.079) (0.080)

βi − βa 0.033* -0.015 -0.040* 0.032
(0.020) (0.029) (0.023) (0.021)

Observations 126937 126937 126937 126937 126937
R2 0.362 0.362 0.362 0.362 0.362
Firm F.E. ✓ ✓ ✓ ✓ ✓
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Table IA.3 Joint Effect of Size and Credit Rating on Response to Business Cycle

This table presents the results of regressions investigating how firms’ response to business cycle
varies by both size and rating. Accordingly, we classify firms into three categories by rating and
size: (1) firms in the lowest size quartile (Small), almost all of whom do not have a long-term credit
rating; (2) firms that are not small and are either poorly-rated or unrated (Larger Unrated/Low-
rated); and (3) firms that are not small but have an investment-grade rating (Investment Grade).
The dependent variable is CAPEX in columns (1) and (2), and ∆Net Debt in columns (3) and
(4), and Net equity Issuance in columns (5) and (6).

We include firm-level controls and firm fixed effects in all specifications, but suppress the coefficients
on firm-level controls to conserve space. All other variables are defined in Appendix B. We include
industry fixed effects in all specifications. Standard errors (reported in parentheses) are robust to
heteroskedasticity, and are clustered by firm. We use ***, **, and * to denote statistical significance
at the 1%, 5%, and 10% levels, respectively.
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CAPEX × 100 ∆NetDebt× 100 Net Equity Issuance×100

(1) (2) (3) (4) (5) (6)

Larger Unrated/Low-Rated 1.258*** 0.260 0.009*** 0.007*** -0.642*** -0.507***
(0.239) (0.259) (0.002) (0.002) (0.129) (0.141)

Investment Grade 1.851*** 2.046*** 0.044*** 0.043*** -0.589** -0.049
(0.529) (0.540) (0.009) (0.009) (0.292) (0.298)

Industry Downturn: βi -0.208 -0.005** -0.118
(0.219) (0.002) (0.111)

Larger Unrated/Low-Rated *Industry Downturn -0.780*** -0.002 0.262**
(0.240) (0.002) (0.124)

Investment Grade*Industry Downturn: βig,i -0.652*** -0.001 0.246**
(0.237) (0.002) (0.124)

Aggregate Downturn: βa -0.900*** -0.002 -0.010
(0.184) (0.002) (0.107)

Larger Unrated/Low-Rated *Aggregate Downturn -0.497** -0.001 -0.156
(0.201) (0.002) (0.120)

Investment Grade*Aggregate Downturn: βig,a 0.590*** -0.001 0.235*
(0.199) (0.002) (0.121)

Industry Expansion: βi 0.711*** 0.008*** 0.142
(0.209) (0.002) (0.122)

Larger Unrated/Low-Rated *Industry Expansion 0.868*** 0.002 -0.260*
(0.231) (0.002) (0.133)

Investment Grade*Industry Expansion: βig,i 0.398* 0.001 -0.385***
(0.230) (0.002) (0.135)

Aggregate Expansion: βa 0.613*** 0.006*** -0.256**
(0.196) (0.002) (0.108)

Larger Unrated/Low-Rated *Aggregate Expansion 0.132 -0.003 0.218*
(0.212) (0.002) (0.116)

Investment Grade*Aggregate Expansion: βig,a -0.598*** -0.004** 0.028
(0.212) (0.002) (0.121)

Constant 6.136*** 5.393*** -0.008** -0.019*** 3.799*** 3.956***
(0.463) (0.487) (0.004) (0.004) (0.256) (0.267)

βi + βig,i -0.860*** 1.109*** -0.006*** 0.009*** 0.127** -0.243***
(0.095) (0.098) (0.001) (0.001) (0.054) (0.056)

βa + βig,a -0.310*** 0.015 -0.003*** 0.002** 0.226*** -0.227***
(0.080) (0.086) (0.001) (0.001) (0.054) (0.057)

Observations 127665 127665 139908 139908 124033 124033
R2 0.301 0.300 0.059 0.060 0.263 0.263
Firm Controls and F.E. ✓ ✓ ✓ ✓ ✓ ✓
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IA.4. Proofs

Proof of Proposition 1: We recall that for the unlevered firm,

êt =

[
π̂t − it

(
1 +

λ

2
it

)]
,

π̂t = (1− τc)

[
(θt + ϕt)K

ψ
t

ψ
+
γθtK

2
t

2

]
+ τcξKt.

Furthermore, Ωt = (Kt, θt, ϕt). The Bellman is

Vt = max
it

êt + Et[Vt+1(Kt(1− ξ) + it, θt+1, ϕt+1) | Ωt]. (IA.1)

Under our assumption that the value function is twice continuously differentiable in K for
K ≤ K̂, the interior optimum i∗t must satisfy the following first-order condition1

− (1 + λi∗t ) + Et[V1,t+1(Ωt+1) | Ωt] = 0, (IA.2)

where Ωt+1 = (Kt(1− ξ) + i∗t , θt+1, ϕt+1). Now let

Φt(it | Ωt) ≡ − (1 + λi∗t ) + Et[V1,t+1(Ωt+1) | Ωt] (IA.3)

Since Vt+1(Ωt+1) is the optimized value of the firm’s value function conditional on Ωt+1, we
have

Vt+1(Ωt+1) = ê∗t+1 + Et+1[Vt+2(Kt+1(1− ξ) + i∗t+1, θt+2, ϕt+2) | Ωt+1]. (IA.4)

It follows from (IA.4) and the envelope theorem that V1,t+1(Ωt+1) =
∂Vt+1(Ωt+1)

∂Kt+1
. Thus,

V1,t+1 (Ωt) =
∂π̂t+1

∂Kt+1

+ (1− ξ)Et+1[V1,t+2(Ωt+2) | Ωt+1], (IA.5)

Substituting for Et[V1,t+1(Ωt+1) | Ωt] from (IA.2) into (IA.5) yields

Et [V1,t+1 (Ωt+1) |Ωt] = Et
[(

∂π̂t+1

∂Kt+1

+ (1− ξ)
(
1 + λi∗t+1

))
| Ωt

]
. (IA.6)

Substituting the above expression in (IA.2) yields the Euler condition for it as

(1 + λi∗t ) = Et
[(

∂π̂t+1

∂Kt+1

+ (1− ξ)
(
1 + λi∗t+1

))
| Ωt

]
, (IA.7)

where
∂π̂t+1

∂Kt+1

= (1− τc)
[
(θt+1 + ϕt+1)K

ψ−1
t+1 + γθt+1Kt+1

]
+ τcξ (IA.8)

In Lemma IA.1 below, we clarify the conditions under which the second-order condition–

1If Kt = K̂, then i∗t ≤ ξK̂.
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that is Φ′
t(it | Ωt) < 0– is satisfied.

(i) We show that i∗t (·, ·, ϕh) > i∗t (·, ·, ϕℓ) and i∗t (·, θh, ·) > i∗t (·, θℓ,·).
From the first order condition (IA.2), this is equivalent to showing that

Et[V1,t+1(Ωt+1) | ·, ·, ϕh] > Et[V1,t+1(Ωt+1) | ·, ·, ϕℓ] (IA.9)

Et[V1,t+1(Ωt+1) | ·, θh, ·] > Et[V1,t+1(Ωt+1) | ·, θℓ, ·] (IA.10)

The proof of (IA.9)-(IA.10) follows from induction. Fix any t and Ωt, and suppose that
i∗t+τ (·, ·, ϕh) > i∗t+τ (·, ·, ϕℓ), τ = 1, 2... Note that for j ∈ {ℓ, h}, and any given (Kt, it),

Et[V1,t+1(Ωt+1) | Kt, θj, ϕh] =

qhh

h∑
k=ℓ

pjk

(
(1− τc)

[
(θk + ϕh)K

ψ−1
t+1 + γθkKt+1

]
+ τcξ + (1− ξ) (1 + λi∗t+1(·, ·, ϕh))

)
+

(1− qhh)
h∑
k=ℓ

pjk

(
(1− τc)

[
(θk + ϕℓ)K

ψ−1
t+1 + γθkKt+1

]
+ τcξ + (1− ξ) (1 + λi∗t+1(·, ·, ϕℓ))

)
,

and

Et[V1,t+1(Ωt+1) | Kt, θj, ϕℓ] =

qℓh

h∑
k=ℓ

pjk

(
(1− τc)

[
(θk + ϕh)K

ψ−1
t+1 + γθkKt+1

]
+ τcξ + (1− ξ) (1 + λi∗t+1(·, ·, ϕh))

)
(1− qℓh)

h∑
k=ℓ

pjk

(
(1− τc)

[
(θk + ϕℓ)K

ψ−1
t+1 + γθkKt+1

]
+ τcξ + (1− ξ) (1 + λi∗t+1(·, ·, ϕℓ))

)
Comparing the expressions for Et[V1,t+1(Ωt+1) | Kt, θj, ϕh] and Et[V1,t+1(Ωt+1) | Kt, θj, ϕℓ]

above, and noting that qhh > qlh, ϕh > ϕl, and i∗t+1(·, ·, ϕh) > i∗t+1(·, ·, ϕℓ) by the induc-
tion assumption, it follows that condition (IA.9) holds. Hence, it follows from (IA.9) that
i∗t (·, ·, ϕh) > i∗t (·, ·, ϕh), thus validating the induction assumption.

By a similar logic as above, it can be shown that condition (IA.10) holds, which implies
that i∗t (·, θh, ·) > i∗t (·, θℓ, ·).
(ii) We prove in Lemma IA.1 below that

∂i∗t
∂Kt

< 0.

(iii) We show that the sensitivity of optimal investment to the aggregate cycle is decreasing

in size; i.e.,
∂∆ϕt (Kt,θt)

∂Kt
< 0 .

From equation (IA.2), it follows that
∂∆ϕt (Kt,θt)

∂Kt
is equal to

∂Et[V1,t+1(Ωt+1) | Kt, θj, ϕh]

∂Kt

− ∂Et[V1,t+1(Ωt+1) | Kt, θj, ϕℓ]

∂Kt

. (IA.11)
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And from (IA.7), we can compute
∂Et[V1,t+1(Ωt+1)|Kt,θj ,ϕk]

∂Kt
, j, k ∈ {ℓ, h} as

qkh
∑h

k=ℓ pjk

(
(1− τc)

[
(θk + ϕh)(ψ − 1)Kψ−2

t+1 + γθk

]
+ λ(1− ξ)

∂i∗t+1(·,·,ϕh)
∂Kt+1

)
+

(1− qkh)
∑h

k=ℓ pjk

(
(1− τc)

[
(θk + ϕℓ)(ψ − 1)Kψ−2

t+1 + γθk

]
+ λ(1− ξ)

∂i∗t+1(·,·,ϕℓ)
∂Kt+1

)
(IA.12)

Hence,
∂∆ϕt (Kt,θt)

∂Kt
< 0 if

0 > (qhh − qℓh)
∑h

k=ℓ pjk

(
(1− τc)

[
(θk + ϕh)(ψ − 1)Kψ−2

t+1 + γθk

]
+ λ(1− ξ)

∂i∗t+1(·,·,ϕh)
∂Kt+1

)
+

(qℓh − qhh)
∑h

k=ℓ pjk

(
(1− τc)

[
(θk + ϕℓ)(ψ − 1)Kψ−2

t+1 + γθk

]
+ λ(1− ξ)

∂i∗t+1(·,·,ϕℓ)
∂Kt+1

)
Because qhh > qℓh, the condition above will be met if

(1− τc) (ϕh − ϕℓ)(ψ − 1)Kψ−2
t+1 +

h∑
k=ℓ

pjk

[
λ(1− ξ)

(
∂i∗t+1(·, ·, ϕh)

∂Kt+1

−
∂i∗t+1(·, ·, ϕℓ)

∂Kt+1

)]
< 0

(IA.13)

Now we apply the induction assumption that
∂i∗t+1(Kt+τ ,θt+τ ,ϕh)

∂Kt+τ
<

∂i∗t+1(Kt+τ ,θt+τ ,ϕℓ)

∂Kt+τ
, τ = 1, 2...,

for all t and Ωt. Then condition (IA.13) holds (because ψ < 1 and ϕh > ϕℓ), which implies

that
∂∆ϕt (Kt,θt)

∂Kt
< 0, thus validating our induction assumption.

(iv) We characterize the conditions under which the sensitivity of optimal investment to the

industry shock is increasing in size; i.e.,
∂∆θt (Kt,ϕt)

∂Kt
> 0 .

Applying similar arguments as in (iii) above, it follows that
∂∆θt (Kt,ϕt)

∂Kt
> 0 if

(1− τc) (θh − θℓ)
[
(ψ − 1)Kψ−2

t+1 + γ
]
+

h∑
k=ℓ

qjkλ(1− ξ)

(
∂i∗t+1(·, θh, ·)

∂Kt+1

−
∂i∗t+1(·, θℓ, ·)
∂Kt+1

)
> 0

If we apply the induction assumption that
∂i∗t+1(Kt+τ ,θh,ϕt+τ )

∂Kt+τ
>

∂i∗t+1(Kt+τ ,θℓ,ϕt+τ )

∂Kt+τ
, τ = 1, 2...,

for any t and Ωt, then it is clear that the condition above holds if γ > (1− ψ)Kψ−2
t+1 . If this

condition holds, then
∂∆θt (Kt,ϕt)

∂Kt
> 0, which validates the induction assumption.

Lemma IA.1. The second-order condition is satisfied and ∂i∗

∂Kt
< 0 if

γ <
(1− ψ)(θl + ϕl)K̂

ψ−2

θh
(IA.14)
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Proof of Lemma IA.1: The second order condition requires Φ′
t(it | Ωt) < 0. Note that

Φ′
t(it | Ωt) = −λ+

∂Et
[
∂π̂t+1

∂Kt+1
+ (1− ξ) (1 + λi∗t+1) | Ωt

]
∂it

= −λ+ Et
[
∂2π̂t+1

∂K2
t+1

+ λ(1− ξ)
∂i∗t+1

∂Kt+1

| Ωt

]
, (IA.15)

where the second equation follows by noting that ∂Kt+1

∂it
= 1.

Next, it follows from the standard application of the implicit function theorem on (IA.7)
that

∂i∗t+1

∂Kt+1

= −
∂Et+1

[(
∂π̂t+2
∂Kt+2

+(1−ξ)(1+λi∗t+2)
)
|Ωt+1

]
∂Kt+1

Φ′
t+1(it+1 | Ωt+1)

= −
(1− ξ) · Et+1

[
∂2π̂t+2

∂K2
t+2

+ λ(1− ξ)
∂i∗t+2

∂Kt+2
| Ωt+1

]
Φ′
t+1(it+1 | Ωt+1)

= −
(1− ξ) · (Φ′

t+1(it+1 | Ωt+1) + λ)

Φ′
t+1(it+1 | Ωt+1)

, (IA.16)

where the second equation follows by noting that ∂Kt+2

∂Kt+1
= (1 − ξ), and the third equation

follows by substituting from equation (IA.15).
Now we make the induction assumption that Φ′

t+τ (it+τ | Ωt+τ )+λ < 0, τ = 1, 2, ... for any

given t and Ωt. Note that this assumption implies that
∂i∗t+τ
∂Kt+τ

< 0 and that the second-order
condition is satisfied for every τ = 1, 2, ...

Then, it follows from equation (IA.15) that Φ′
t(it | Ωt) + λ < 0 if Et

[
∂2π̂t+1

∂K2
t+1

]
< 0. From

(IA.8), we obtain

∂2π̂t+1

∂K2
t+1

= (1− τc)
[
−(1− ψ)(θt+1 + ϕt+1)K

ψ−2
t+1 + γθt+1

]
(IA.17)

Because θl ≤ θt+1 ≤ θh and ϕt+1 ≥ ϕl, it follows that

Et
[
∂2π̂t+1

∂K2
t+1

]
≤ (1− τc)

[
−(1− ψ)(θl + ϕl)K

ψ−2
t+1 + γθh

]
(IA.18)

Note that the expression on the right-hand side in the condition above is increasing in Kt+1.

Hence, condition (IA.14) is sufficient to ensure that Et
[
∂2π̂t+1

∂K2
t+1

]
< 0; which, in turn, ensures

that Φ′
t(it | Ωt) + λ < 0, thus validating our induction assumption.

Proof of Proposition 2:
Step 1: We characterize the default probability ft+1 (it, Dt+1, rt | Ωt), where Ωt =
(Kt, Dt, rt−1, θt, ϕt). We denote the space of shocks at any t by Γ = {(θj, ϕk) , j, k ∈ {ℓ, h}}.
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Then, we can denote the set of default productivity shocks as

Γdt (Kt, Dt, rt−1) = {(θj, ϕk) , j, k ∈ {ℓ, h} | Vt(Kt, Dt, rt−1, θj, ϕk) ≤ 0}. (IA.19)

Recall that

êt =

[
π̂t −Dt(1 + rt−1) +Dt+1 − it

(
1 +

λ

2
it

)]
, (IA.20)

π̂t = (1− τc)

[
(θj + ϕk)K

ψ
t

ψ
+
γθjK

2
t

2

]
+ τc(ξKt + rt−1Dt). (IA.21)

Hence, ∂êt
∂Dt

= −(1 + (1 − τc)rt−1) < 0, and ∂êt
∂rt−1

= −Dt(1 − τc) < 0. Because debt is

short-term, it follows from the envelope theorem that ∂Vt
∂Dt

= ∂êt
∂Dt

< 0 and ∂Vt
∂rt−1

= ∂êt
∂rt−1

< 0.
Furthermore, because of the persistence in shocks, it is straightforward to show that

Vt is increasing in ϕ and θ. Finally, Vt is clearly increasing in Kt. Hence, the correspon-
dence Γ :→ Γdt (Kt, Dt, rt−1) is non-increasing in Kt, that is, if θℓ /∈ Γdt (Kt, Dt, rt−1), then
θℓ /∈ Γdt (K

′
t, Dt, rt−1), K

′
t > Kt, and similarly for ϕ. Conversely, the correspondence is non-

decreasing in Dt, that is, if θh ∈ Γdt (Kt, Dt, rt−1), then θh ∈ Γdt (Kt, D
′
t, rt−1), D

′
t > Dt, and

similarly for ϕ. As similar argument shows that Γdt (Kt, Dt, rt−1) is non-decreasing in rt−1.
Then, we set the default probability at t+ 1, given (Ωt, it, Dt+1, rt) as

ft+1 (it, Dt+1, rt | Ωt) = Pr
(
Γdt+1(Kt(1− ξ) + it, Dt+1, rt) | Ωt

)
, (IA.22)

By the discussion above, it is clear that ft+1 is non-increasing in it, and non-decreasing
in Dt+1 and rt. It is also useful to define Γ̃dt (Kt, Dt, rt−1) ≡ Γ− Γdt (Kt, Dt, rt−1), and

h(j, k | j′, k′) ≡ h(θt+1 = θj, ϕt+1 = ϕk | θt = θj′ , ϕt = ϕk′),

= pj′jqk′k, j, k, j
′, k′ ∈ {ℓ, h} (IA.23)

It is also convenient to denote the bivariate productivity shock state as (j, k), j, k ∈
{ℓ, h}, where it is understood that the first element refers to the realization of the industry
shock and the second element refers to the realization of the orthogonal aggregate shock.
Now, conditional on Ωt, and since Kt+1 = Kt(1 − ξ) + it, the firm’s debt commitment at
t + 1 is determined by Bt+1(Dt+1, Kt+1) = Dt+1(1 + rt(Dt+1, Kt+1)),where rt(Dt+1, Kt+1)
is determined by the competitive debt condition. Hence, conditional on (Dt+1, Kt+1), the
bivariate productivity states at t+ 1 can be ordered in terms of implied equity valuation as
below (where we have suppressed the argument (Dt+1, Kt+1) for convenience)

2

w1,t+1 = (ℓ, ℓ) < w2,t+1 < w3,t+1 < w4,t+1 = (h, h), (IA.24)

2Note that the middle ordering is ambiguous, because, in general

(θh + ϕℓ)K
ψ
t+1

ψ
+
γθhK

2
t+1

2
⋛

(θℓ + ϕh)K
ψ
t+1

ψ
+
γθℓK

2
t+1

2
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Let w̄t+1 be the lowest ordered state at which Vt+1 > 0, so that the firm defaults at t+1
(i.e., Id,t+1 = 0) if, and only if, wm,t+1 < w̄t+1. Hence, Γ

d
t+1 = {wm,t+1 | wm,t+1 < w̄t+1}.

Because Vt+1(Kt+1, Dt+1, rt, θj, ϕk) is decreasing in Dt+1 and rt (established above), and
hence, also decreasing in Bt+1, it follows that for a given Kt+1, there exist

0 = B0,t+1 < B1,t+1(Kt+1) < B2,t+1(Kt+1) < B3,t+1(Kt+1) < B4,t+1(Kt+1),

and
0 = f0,t+1 < f1,t+1 < f2,t+1 < f3,t+1 < f4,t+1 = 1,

such that (suppressing the arguments for convenience):

ft+1 =


0, 0 ≤ Bt+1 < B1,t+1

f1,t+1 = Pr(w1,t+1 | θt, ϕt), B1,t+1 ≤ Bt+1 < B2,t+1

f2,t+1 = Pr(w1,t+1 ∪ w2,t+1 | θt, ϕt), B2,t+1 ≤ Bt+1 < B3,t+1

f3,t+1 = Pr(w1,t+1 ∪ w2,t+1 ∪ w3,t+1 | θt, ϕt), B3,t+1 ≤ Bt+1 < B4,t+1

1, Bt+1 ≥ B4,t+1

(IA.25)

Because π̂t+1 is strictly increasing inKt+1, it is straightforward to show that Bm,t+1(Kt+1),
m = 1, 2, 3, 4, are also strictly increasing in Kt+1. On the other hand, fm,t+1,m = 1, 2, 3, 4
depend only on the realization of (θt, ϕt).

It is apparent from (IA.25) that the default probability ft+1 (it, Dt+1, rt | Ωt) is a step

function with jump points at {B1,t+1, ..., B4,t+1}. Hence, ∂ft+1(·,·,·|Ωt)
∂Dt+1

is infinite at the jump

points in Bt+1 = Dt+1(1 + rt) described in equation (IA.25), and zero elsewhere. We can
express this as follows using the Dirac delta function, δ(·) (Dirac (1981)):

∂ft+1 (·, Dt+1, · | Ωt)

∂Dt+1

=
4∑

m=1

(fm,t+1 − fm−1,t+1) · δ(Dt+1(1 + rt)−Bm,t+1). (IA.26)

Step 2: Characterizing the optimal debt, D∗
t+1

Recall that the firm’s optimization problem is:

V̂t(Ωt) = max
it,Dt+1

êt + Et[Vt+1(Ωt+1)|Ωt], (IA.27)

subject to Kt+1 = Kt(1− ξ) + it, and the competitive debt market condition (equation (11)
in the paper). Noting that Vt+1(Ωt+1) = max(V̂t+1(Ωt+1), 0), we can write

Et[Vt+1(Ωt+1)|Ωt] =
∑

j,k∈Γ̃dt+1

h(j, k | j′, k′) ·
(
π̂t+1 − C(it+1)−Bt+1 +Dt+2

+Et+1[Vt+2(Ωt+2)|Ωt+1]

)

=
∑

j,k∈Γ̃dt+1

h(j, k | j′, k′) ·
(

π̂t+1 − C(it+1) +Dt+2

+Et+1[Vt+2(Ωt+2)|Ωt+1]

)
− (1− ft+1) ·Bt+1, (IA.28)

where ft+1 is short for ft+1(it, Dt+1, rt | Ωt). But, from the competitive debt market condition
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(equation (11) in the paper), it follows that

(1− ft+1) ·Bt+1 = Dt+1 −
∑

(j,k)∈Γdt+1

h(j, k | j′, k′) · (1− υ) (π̂t+1 +Kt+1) (IA.29)

Substituting the expression above into equation (IA.28) yields

Et[Vt+1(Ωt+1)|Ωt] =
∑

j,k∈Γ̃dt+1

h(j, k | j′, k′) ·
(

π̂t+1 − C(it+1) +Dt+2

+Et+1[Vt+2(Ωt+2)|Ωt+1]

)
−Dt+1 +

∑
(j,k)∈Γdt+1

h(j, k | j′, k′) · (1− υ) (π̂t+1 +Kt+1) (IA.30)

Substituting the above expression, along with êt = π̂t −Bt +Dt+1 −C(it), into equation
(IA.27) yields

V̂t(Ωt) = max
it,Dt+1

π̂t −Bt − C(it) +
∑

j,k∈Γ̃dt+1

h(j, k | j′, k′) ·
(

π̂t+1 − C(it+1) +Dt+2

+Et+1[Vt+2(Ωt+2)|Ωt+1]

)
+

∑
(j,k)∈Γdt+1

h(j, k | j′, k′) · (1− υ) (π̂t+1 +Kt+1)(IA.31)

Recall that Γdt+1 = {wm,t+1 | wm,t+1 < w̄t+1}. Hence, it is convenient to express (IA.31)
as

V̂t(Ωt) = max
it,Dt+1

π̂t −Bt − C(it) + (1− ft+1)Et [Zt+1(Ωt+1) | Id,t+1=0,Ωt]

+ft+1Et [Lt+1(Ωt+1) | Id,t+1 = 1,Ωt] , (IA.32)

where
Zt+1(Ωt+1) ≡ π̂t+1 − C(it+1) +Dt+2 + Et+1[Vt+2(Ωt+2)|Ωt+1] (IA.33)

is the (gross) continuation value, and Lt+1(Ωt+1) = (1 − υ) (π̂t+1 +Kt+1) is the liquidation
value. Because Dt+1 is one-period debt, the optimal debt D∗

t+1 must satisfy the following
condition:

(1−υft+1) ·τc
(
r∗t +Dt+1

∂r∗t
∂Dt+1

)
+
∂ft+1

∂Dt+1

(
Et [Lt+1(Ωt+1) | Id,t+1 = 1,Ωt]
−Et [Zt+1(Ωt+1) | Id,t+1=0,Ωt]

)
= 0, (IA.34)

where we make use of the fact that dπ̂t+1

dDt+1
= r∗t+Dt+1

∂r∗t
∂Dt+1

, and ∂ft+1

∂Dt+1
is defined in (IA.26). We

note that the term in parentheses multiplying ∂ft+1

∂Dt+1
is negative, because expected liquidation

value is lower than the expected continuation value.
Recall that ∂ft+1

∂Dt+1
is infinite at the jump points Bm,t+1,m = 1, 2, 3, 4, and zero elsewhere.

We prove, by contradiction, that B∗
t+1 = D∗

t+1(1 + r∗t ) ∈ {B1,t+1, B2,t+1, B3,t+1, B4,t+1}. Sup-
pose not. Then, it must be that

[
∂ft+1

∂Dt+1

]
Dt+1=D∗

t+1

= 0, in which case, it follows from implicit
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differentiation of the competitive debt market condition (equation (11) in the paper) that

r∗t +Dt+1
∂r∗t
∂Dt+1

=
1

(1− υ)τcft+1 + 1− ft+1

> 0.

But then condition (IA.34) is violated, which is a contradiction. Hence, we conclude that
B∗
t+1 = D∗

t+1(1 + r∗t ) ∈ {B1,t+1, B2,t+1, B3,t+1, B4,t+1}.

Proof of Proposition 3: Recall that the firm’s optimization problem is specified in equation
(IA.31), where Zt+1(Ωt+1) is defined in equation (IA.33). We denote

Xt(Ωt) ≡ arg max
it,Dt+1

V̂t(Ωt). (IA.35)

In what follows, we use the notation V̂ (i,D | Ωt) to denote how V̂ varies with it and
Dt+1 (we have omitted the subscripts on i and D for convenience). Also, recalling that
Ωt = (Kt, Dt, rt−1, θt, ϕt), we will denote Ω−ϕ

t ≡ (Kt, Dt, rt−1, θt), and similarly for Ω−θ
t .

We first establish that V̂ (i,D | Ωt) satisfies the strict single-crossing property (SCP) with
respect to (ϕ, θ); that is, for all i′′ > i′ and D′′ > D′

V̂t(i
′′, D′′ | Ω−ϕ

t , ϕℓ) > V̂t(i
′, D′ | Ω−ϕ

t , ϕℓ) ⇒ V̂t(i
′′, D′′ | Ω−ϕ

t , ϕh) > V̂t(i
′, D′ | Ω−ϕ

t , ϕh),
(IA.36)

and similarly

V̂t(i
′′, D′′ | Ω−θ

t , θℓ) > V̂t(i
′, D′ | Ω−θ

t , θℓ) ⇒ V̂t(i
′′, D′′ | Ω−θ

t , θh) > V̂t(i
′, D′ | Ω−θ

t , θh).
(IA.37)

We will prove (IA.36) formally below, and note that (IA.37) holds by a similar logic. It
follows from equation (IA.32) that

V̂t(i
′′, D′′ | Ω−ϕ

t , ϕℓ)− V̂t(i
′, D′ | Ω−ϕ

t , ϕℓ) + C(i′′)− C(i′) = ∆̂l

≡

 (1− f ′′
t+1)Et

[
Z ′′
t+1 | I ′′d,t+1=0,Ω

−ϕ
t , ϕℓ

]
+ f ′′

t+1Et
[
L′′
t+1 | I ′′d,t+1 = 1,Ω−ϕ

t , ϕℓ

]
−(1− f ′

t+1)Et
[
Z ′
t+1 | I ′d,t+1=0,Ω

−ϕ
t , ϕℓ

]
− f ′

t+1Et
[
L′
t+1 | I ′d,t+1 = 1,Ω−ϕ

t , ϕℓ

] (IA.38)
Now, i′′ > i ⇒ C(i′′) > C(i). Hence, if V̂t(i

′′, D′′ | Ω−ϕ
t , ϕℓ) > V̂t(i,D | Ω−ϕ

t , ϕℓ), then it
must be that ∆̂l > 0. Let Zt+1,jk ≡ Zt+1(Kt+1, D, r, θt+1 = θj, ϕt+1 = ϕk) for j, k ∈ {ℓ, h}
denote the realization of Zt+1 for θt+1 = θj, ϕt+1 = ϕk. Then, given our assumptions about

the transition probabilities associated with the (θt, ϕt) shocks, ∆̂l may be written as∑
j∈Γ̃d′′t+1

pkj
[
qlhZ

′′
t+1,jh + (1− qlh)Z

′′
t+1,jℓ

]
+
∑

j∈Γd′′t+1
pkj

[
qlhL

′′
t+1,jh + (1− qlh)L

′′
t+1,jℓ

]
−
∑

j∈Γ̃d′t+1
pkj

[
qlhZ

′
t+1,jh + (1− qlh)Z

′
t+1,jℓ

]
−
∑

j∈Γd′t+1
pkj

[
qlhL

′
t+1,jh + (1− qlh)L

′
t+1,jℓ

]
(IA.39)

After rearranging the terms above, we can write

∆̂l = qlhΛh − (1− qlh)Λl, (IA.40)
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where

Λh ≡
∑
j∈Γ̃d′′t+1

pkjZ
′′
t+1,jh −

∑
j∈Γ̃d′t+1

pkjZ
′
t+1,jh +

∑
j∈Γd′′t+1

pkjL
′′
t+1,jh −

∑
j∈Γd′t+1

pkjL
′
t+1,jh

Λl ≡
∑
j∈Γ̃d′′t+1

pkjZ
′′
t+1,jℓ −

∑
j∈Γ̃d′t+1

pkjZ
′
t+1,jℓ +

∑
j∈Γd′′t+1

pkjL
′′
t+1,jℓ −

∑
j∈Γd′t+1

pkjL
′
t+1,jℓ (IA.41)

Note that Λh denotes the difference in the sum of expected continuation and liquidation
values for (i′′t , D

′′
t+1) versus (i

′
t, D

′
t+1) when ϕt+1 = ϕh is realized; and Λl denotes the corre-

sponding difference when ϕt+1 = ϕl is realized. We will show that Λh > Λl. This follows by

noting that: (a) ∂2π̂t+1

∂Kt+1∂ϕt+1
> 0, that is, the marginal productivity of capital is positive and

is higher when ϕt+1 = ϕh versus ϕt+1 = ϕl; (b)
∂π̂t+1

∂Dt+1
> 0 due to the tax benefit of debt,

but this does not vary with ϕt+1; and (c) for a given (Kt+1, Dt+1) and θt+1, the likelihood of
default is lower when ϕt+1 = ϕh versus ϕt+1 = ϕl.

Now, if Λh > Λl, then because qhh > qlh, it follows that

qlhΛh − (1− qlh)Λl > 0 ⇒ qhhΛh − (1− qhh)Λl > 0 (IA.42)

Notice that by the same logic as in equation (IA.38),

V̂t(i
′′, D′′ | Ω−ϕ

t , ϕh)− V̂t(i
′, D′ | Ω−ϕ

t , ϕh) + C(i′′)− C(i′) = ∆̂h

≡ qhhΛh − (1− qhh)Λl > 0, from (IA.42) (IA.43)

Hence, we have proved the single crossing property (IA.36) with respect to ϕ.
Now it also follows from the foregoing arguments that V̂t(i,D | Ωt) is quasisupermodular.

An adaptation of the arguments above shows that Ṽt(i,D | Ωt) satisfies the SCP with respect
to i, for any fixed level of D; and, similarly, V̂t(i,D | Ωt) satisfies the SCP for D, for any fixed
level of i. These properties satisfy the definition of quasi-supermodularity (see Milgrom and
Shannon, 1994, page 162). Hence, it follows from the Monotonicity Theorem of Milgrom
and Shannon (1994) that if (ih, Dh) ∈ Xt(Ω

−ϕ
t , ϕh) and (iℓ, Dℓ) ∈ Xt(Ω

−ϕ
t , ϕℓ) (see (IA.35)),

then, (ih, Dh) > (iℓ, Dℓ). Analogous arguments also show that if (ih, Dh) ∈ Xt(Ω
−θ
t , θh) and

(iℓ, Dℓ) ∈ Xt(Ω
−θ
t , θℓ), then, (ih, Dh) > (iℓ, Dℓ).

Proof of Proposition 4:
(i) Proving that i∗t is decreasing in Kt.

We will prove this claim by establishing the strict SCP in investment with respect to size,
Kt. Similar to the Proof of Proposition 3, we will denote Ω−K

t ≡ (Dt, rt−1, θt) and use the
notation V̂t(i | Kt,Ω

−K
t ) to denote how V̂t varies with i as a function of size, holding fixed

the other elements of the firm’s state. We will show that for any i′′ > i′ and K̃t > Kt,

V̂t(i
′′ | K̃t,Ω

−K
t ) > V̂t(i

′ | K̃t,Ω
−K
t ) ⇒ V̂t(i

′′ | Kt,Ω
−K
t ) > V̂t(i

′ | Kt,Ω
−K
t ). (IA.44)

Similar to the argument in Proposition 3 (Eq. (IA.38)), since i′′ > i′, V̂t(i
′′ | K̃t,Ω

−K
t ) >
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V̂t(i
′ | K̃t,Ω

−K
t ) implies that the following expression is positive: (1− f̃

′′
t+1)Et

[
Z̃

′′
t+1 | I

′′

d,t+1=0, K̃t,Ω
−K
t

]
+ f̃

′′
t+1Et

[
L̃

′′
t+1 | I

′′

d,t+1=0, K̃t,Ω
−K
t

]
−(1− f̃ ′

t+1)Et
[
Z̃ ′
t+1 | I

′

d,t+1=0, Kt,Ω
−K
t

]
− f̃ ′

t+1Et
[
L̃′
t+1 | I

′

d,t+1=0, Kt,Ω
−K
t

]  (IA.45)

where Z̃
′′
t+1 and L̃

′′
t+1 denote the continuation value and liquidation value, respectively, un-

der i′′(that is, with K̃
′′
t+1 = K̃t(1 − ξ) + i′′) and f̃ ′′

t+1(Ω
′′
t+1) and I

′′

d,t+1(Ω
′′
t+1) have a sim-

ilar interpretation for the default probability and default indicator, respectively. Mean-
while, Z̃ ′

t+1(Ω
′
t+1), L̃

′
t+1(Ω

′
t+1), f̃

′
t+1(Ω

′
t+1) and I

′
d,t+1(Ω

′
t+1) denote the corresponding quanti-

ties under i′ (that is, with K̃ ′
t+1 = K̃t(1 − ξ) + i′). Through a similar set up of notation,

V̂t(i
′′ | Kt,Ω

−K
t ) > V̂t(i

′ | Kt,Ω
−K
t ) if the following expression is positive: (1− f

′′
t+1)Et

[
Z

′′
t+1 | I

′′

d,t+1=0, K̃t,Ω
−K
t

]
+ f

′′
t+1Et

[
L

′′
t+1 | I

′′

d,t+1=0, K̃t,Ω
−K
t

]
−(1− f ′

t+1)Et
[
Z ′
t+1 | I

′

d,t+1=0, K̃t,Ω
−K
t

]
− f ′

t+1Et
[
L′
t+1 | I

′

d,t+1=0, K̃t,Ω
−K
t

]  (IA.46)

where Z
′′
t+1(Ω

′′
t+1) and L

′′
t+1(Ω

′′
t+1) denote the continuation value and liquidation value, re-

spectively, under i′′ (that is, with K
′′
t+1 = Kt(1 − ξ) + i′′), and f ′′

t+1(Ω
′′
t+1) and I

′′

d,t+1(Ω
′′
t+1)

have a similar interpretation for the default probability and default indicator, respectively.
Now, consider the case where θt+1 = θj, ϕt+1 = ϕk. Then using the mean value theorem,

there exists some i′ < ijk < i′′ such that

π̂t+1(K̃
′′
t+1, Dt+1, rt, θj, ϕk)− π̂t+1(K̃

′
t+1, Dt+1, rt, θj, ϕk) =

(1− τc)
[
(θj ,ϕk)(K̃t(1−ξ)+ijk)ψ−1+γ(K̃t(1−ξ)+ijk)

i′′−i′

]
+ τcξ(i

′′ − i′) (IA.47)

and

π̂t+1(K
′′
t+1, Dt+1, rt, θj, ϕk)− π̂t+1(K

′
t+1, Dt+1, rt, θj, ϕk) =

(1− τc)
[
(θj ,ϕk)(Kt(1−ξ)+ijk)ψ−1+γ(Kt(1−ξ)+ijk)

i′′−i′

]
+ τcξ(i

′′ − i′) (IA.48)

Because K̃t > Kt and ψ < 1, it follows that for γ such that π̂t+1 is concave in K (which
is satisfied by our maintained assumptions)

π̂t+1(K̃
′′
t+1, Dt+1, rt, θj, ϕk)− π̂t+1(K̃

′
t+1, Dt+1, rt, θj, ϕk) <

π̂t+1(K
′′
t+1, Dt+1, rt, θj, ϕk)− π̂t+1(K

′
t+1, Dt+1, rt, θj, ϕk) (IA.49)

Because (IA.49) applies for any θt+1 = θj, ϕt+1 = ϕk, it can be shown using the induction
argument that

Et
[
Z̃

′′
t+1 | I

′′

d,t+1=0, K̃t,Ω
−K
t

]
− Et

[
Z̃ ′
t+1 | I

′

d,t+1=0, Kt,Ω
−K
t

]
<

Et
[
Z

′′
t+1 | I

′′

d,t+1=0, Kt,Ω
−K
t

]
− Et

[
Z̃ ′
t+1 | I

′

d,t+1=0, Kt,Ω
−K
t

]
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and similarly

Et
[
L̃

′′
t+1 | I

′′

d,t+1=0, K̃t,Ω
−K
t

]
− Et

[
L̃′
t+1 | I

′

d,t+1=0, Kt,Ω
−K
t

]
<

Et
[
L

′′
t+1 | I

′′

d,t+1=0, Kt,Ω
−K
t

]
− Et

[
L′
t+1 | I

′

d,t+1=0, Kt,Ω
−K
t

]
(IA.50)

Hence, to establish the SCP, it remains to argue that f
′′
t+1 − f ′

t+1 ≤ f̃
′′
t+1 − f̃ ′

t+1. But this
follows from the argument above that the marginal productivity of capital is greater for the
Kt firm compared with the K̃t firm.

(ii) Proving that
∂∆ϕt (Kt,Ω

−ϕ,K
t )

∂Kt
< 0.

It is convenient to denote iϕ∗jt (Kt) = i∗t (Kt,Ω
−ϕ,K
t , ϕj) and iθ∗jt (Kt) = i∗t (Kt,Ω

−θ,K
t , ϕj) for

j = ℓ, h. Then, ∆ϕ
t (Kt,Ω

−ϕ,K
t ) = iϕ∗ht (Kt)− iϕ∗ℓt (Kt). Therefore,

∂∆ϕt (Kt,Ω
−ϕ,K
t )

∂Kt
< 0 implies that

iϕ∗ht (Kt)− iϕ∗ℓt (Kt) > iϕ∗ht (K̃t)− iϕ∗ℓt (K̃t) (IA.51)

for every K̃t > Kt. But (IA.51) is equivalent to

iϕ∗ht (Kt)− iϕ∗ht (K̃t) > iϕ∗ℓt (Kt)− iϕ∗ℓt (K̃t) (IA.52)

We note first that the optimality condition for i∗t from the objective function in (IA.32)
is

(1 + λi∗t ) = (1− f ∗
t+1)Et

[
∂Zt+1

∂Kt+1
| Id,t+1 = 0,Ωt

]
+ f ∗

t+1Et
[
∂Lt+1

∂Kt+1
| Id,t+1 = 1,Ωt

]
+

∂f∗t+1

∂it
(Et[Lt+1(Ωt+1) | Id,t+1 = 1,Ωt]− Et[Zt+1(Ωt+1) | Id,t+1 = 0,Ωt])(IA.53)

It follows from (IA.53) that i∗t is positively related to Et
[
∂Zt+1

∂Kt+1
| Id,t+1 = 0,Ωt

]
and

Et
[
∂Lt+1

∂Kt+1
| Id,t+1 = 1,Ωt

]
, both of which are positively related to Et

[
∂π̂t+1

∂Kt+1
| Ωt

]
(see the

definitions of Zt+1 in equation (IA.33) and Lt+1 in equation (10) in the paper). Therefore,
when θt = θj, ϕt = ϕh, i

ϕ∗
ht (Kt)− iϕ∗ht (K̃t) is positively related to

Et
[
∂π̂t+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕh

]
− Et

[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕh

]
= (IA.54) qhh

∑h
k=ℓ pjk (1− τc)

[
(ϕh − ϕℓ)

(
Kψ−1
t+1 − K̃ψ−1

t+1

)]
+∑h

k=ℓ pjk (1− τc)
[
(θk + ϕℓ)

(
Kψ−1
t+1 − K̃ψ−1

t+1

)
+ γθk

(
Kt+1 − K̃t+1

)] 
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Similarly, iϕ∗ℓt (Kt)− iϕ∗ℓt (K̃t) is positively related to

Et
[
∂π̂t+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕℓ

]
− Et

[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕℓ

]
= (IA.55) qℓh

∑h
k=ℓ pjk (1− τc)

[
(ϕh − ϕℓ)

(
Kψ−1
t+1 − K̃ψ−1

t+1

)]
+∑h

k=ℓ pjk (1− τc)
[
(θk + ϕℓ)

(
Kψ−1
t+1 − K̃ψ−1

t+1

)
+ γθk

(
Kt+1 − K̃t+1

)] 
Comparing the right-hand side expressions in equations (IA.54) and (IA.55), and noting

that qhh > qℓh and K̃t+1 > Kt+1, it follows that

Et
[
∂π̂t+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕh

]
− Et

[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕh

]
> Et

[
∂π̂t+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕℓ

]
− Et

[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕℓ

]
(IA.56)

Using (IA.56), along with the expressions for Et
[
∂Zt+1

∂Kt+1
| ·, ·, ·

]
and Et

[
∂Lt+1

∂Kt+1
| ·, ·, ·

]
, we can

show that

Et
[
∂Zt+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕh

]
− Et

[
∂Zt+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕh

]
> Et

[
∂Zt+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕℓ

]
− Et

[
∂Zt+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕℓ

]
(IA.57)

and similarly,

Et
[
∂Lt+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕh

]
− Et

[
∂Lt+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕh

]
> Et

[
∂Lt+1

∂Kt+1

| Kt,Ω
−ϕ,K
t , ϕℓ

]
− Et

[
∂Lt+1

∂Kt+1

| K̃t,Ω
−ϕ,K
t , ϕℓ

]
(IA.58)

Next, let f̃t+1(ϕj) and ft+1(ϕj) denote the default probabilities for the K̃t and Kt firms
when ϕt = ϕj for j = ℓ, h. Because default probability is decreasing in size and aggregate
productivity, it follows that ft+1(ϕh)− f̃t+1(ϕh) ≤ ft+1(ϕℓ)− f̃t+1(ϕℓ) for any given it. Next,
we can write

∂ft+1 (it, ·, · | Ωt)

∂it
= −

4∑
m=1

(fm,t+1 − fm−1,t+1) ·
∂Bm,t+1

∂Kt+1

· δ (Dt+1(1 + rt)−Bm,t+1) . (IA.59)

Recall that fm,t+1,m = 1, 2, 3, 4 are determined by (θt, ϕt) and the transition probabilities,

and do not depend on it. Moreover, ∂Bm,t+1

∂Kt+1
is proportional to ∂π̂t+1

∂Kt+1
. Hence, with some abuse

of notation, we can show that if (IA.56) holds, then
∂(ft+1(ϕh)−f̃t+1(ϕh))

∂it
≤ ∂(ft+1(ϕℓ)−f̃t+1(ϕℓ))

∂it
.

Finally, note that the negative effect of investment on the interest rate
∂r∗t
∂it

is amplified in
high productivity states. These facts collectively imply from (IA.53) that (IA.52) holds.
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(iii) Proving that
∂∆θt (Kt,Ω

−θ,K
t )

∂Kt
> 0 if γ > (1− ψ)Kψ−2

t+1 .
We do this by judiciously adapting the foregoing arguments. Using an argument similar to

(IA.51)-(IA.52),
∂∆θt (Kt,Ω

−θ,K
t )

∂Kt
> 0 implies that conditional on firm size Kt at t,

iθ∗ht(K̃t)− iθ∗ht(Kt) > iθ∗ℓt (K̃t)− iθ∗ℓt (Kt), (IA.60)

for K̃t > Kt. Moreover, using the argument following (IA.53), we can show that when
θt = θh, ϕt = ϕj, then i

θ∗
ht(K̃t)− iθ∗ht(Kt) is positively related to

Et
[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θh

]
− Et

[
∂π̂t+1

∂Kt+1

| Kt,Ω
−θ,K
t , θh

]
= (IA.61) phh

∑h
k=ℓ qjk (1− τc)

[
(θh − θℓ)

{(
K̃ψ−1
t+1 −Kψ−1

t+1

)
+ γ(K̃t+1 −Kt+1)

}]
+∑h

k=ℓ qjk (1− τc)
[
(θℓ + ϕk)

(
K̃ψ−1
t+1 −Kψ−1

t+1

)
+ γθℓ

(
K̃t+1 −Kt+1

)] 
and iθ∗ℓt (K̃t)− iθ∗ℓt (Kt) is positively related to

Et
[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θℓ

]
− Et

[
∂π̂t+1

∂Kt+1

| Kt,Ω
−θ,K
t , θℓ

]
= (IA.62) pℓh

∑h
k=ℓ qjk (1− τc)

[
(θh − θℓ)

{(
K̃ψ−1
t+1 −Kψ−1

t+1

)
+ γ(K̃t+1 −Kt+1)

}]
+∑h

k=ℓ qjk (1− τc)
[
(θℓ + ϕk)

(
K̃ψ−1
t+1 −Kψ−1

t+1

)
+ γθℓ

(
K̃t+1 −Kt+1

)] 
Subtracting (IA.62) from (IA.61) yields

(phh − pℓh)
h∑
k=ℓ

qjk (1− τc)
[
(θh − θℓ)

{(
K̃ψ−1
t+1 −Kψ−1

t+1

)
+ γ(K̃t+1 −Kt+1)

}]
. (IA.63)

Because phh > pℓh and θh > θℓ, the expression in (IA.63) is positive if

γ > −
K̃ψ−1
t+1 −Kψ−1

t+1

K̃t+1 −Kt+1

. (IA.64)

But from the mean value theorem there exists some Kt+1 < K̂t+1 < K̃t+1 such that

−
K̃ψ−1
t+1 −Kψ−1

t+1

K̃t+1 −Kt+1

= −(ψ − 1)K̂ψ−2
t+1 . (IA.65)

Hence, the sufficient condition for (IA.63) > 0 is γ > (1−ψ)K̂ψ−2
t+1 . But under the assumption

that γ > (1 − ψ)Kψ−2
t+1 , it must be that γ > (1 − ψ)K̂ψ−2

t+1 , because Kt+1 < K̂t+1. Hence, it
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follows that,

Et
[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θh

]
− Et

[
∂π̂t+1

∂Kt+1

| Kt,Ω
−θ,K
t , θh

]
> Et

[
∂π̂t+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θℓ

]
− Et

[
∂π̂t+1

∂Kt+1

| Kt,Ω
−θ,K
t , θℓ

]
(IA.66)

Then, using (IA.66), along with the expressions for Et
[
∂Zt+1

∂Kt+1
| ·, ·, ·

]
and Et

[
∂Lt+1

∂Kt+1
| ·, ·, ·

]
,

we can show that

Et
[
∂Zt+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θh

]
− Et

[
∂Zt+1

∂Kt+1

| Kt,Ω
−θ,K
t , θh

]
> Et

[
∂Zt+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θℓ

]
− Et

[
∂Zt+1

∂Kt+1

| Kt,Ω
−θ,K
t , θℓ

]
(IA.67)

and similarly

Et
[
∂Lt+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θh

]
− Et

[
∂Lt+1

∂Kt+1

| Kt,Ω
−θ,K
t , θh

]
> Et

[
∂Lt+1

∂Kt+1

| K̃t,Ω
−θ,K
t , θℓ

]
− Et

[
∂Lt+1

∂Kt+1

| Kt,Ω
−θ,K
t , θℓ

]
(IA.68)

And it follows from the non-positive relation of default probability and size and aggre-
gate productivity as well as (IA.66) that f̃t+1(θh)− ft+1(θh) ≤ f̃t+1(θℓ)− f̃t+1(θℓ) for any

given it. Next, using (IA.59), we can show that if (IA.66) holds then
∂(f̃t+1(θh)−ft+1(θh))

∂it
≤

∂(f̃t+1(θℓ)−ft+1(θℓ))
∂it

. These results imply from (IA.53) that (IA.60) holds.
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