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Abstract
During the U.S. Great Recession, investment declined more among firms whose indebtedness increased. Instead of investing, they increased their leverage and expanded
their stock of safe assets; that is, they borrowed to save. I model borrowing to save as
an optimal portfolio choice when firms face gradually resolving uncertainty, balancing
the desire to invest with the need to prevent default. Embedding this into a quantitative
general equilibrium model with heterogeneous firms, I show that this mechanism can
simultaneously generate a sharp downturn and a slow recovery in response to a combination of first- and second-moment shocks.
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Introduction

During the U.S. Great Recession, the firms that experienced the largest declines in investment were not the ones that experienced the largest declines in leverage. Table 1 shows
that investment declined more among firms whose indebtedness increased along with
their cash holdings between 2007 and 2009.1 In spite of tighter financial conditions in
the form of widening credit spreads, public firms increased their leverage and expanded
their stock of safe assets; that is, they borrowed to save.
The evidence raises an important question: how do financial frictions drive business
cycle fluctuations? According to the conventional wisdom, a tightening of financial conditions leads to a decline of economic activity as borrowers suffer a contraction in the
quantity of credit. Indeed, evidence from the Flow of Funds shows that both corporate
debt and investment declined in the Great Recession. However, as shown in Table 1,
direct measures of public corporate debt do not exhibit this pattern. This is consistent
with the firm-level evidence that public firms tapped the bond market in large quantities
in 2007-09 (Adrian, Colla, and Shin, 2012; Becker and Ivashina, 2014).2 In spite of that,
public firms’ investment fell significantly. Therefore, in addition to any contraction in
the total quantity of credit, financial frictions during the Great Recession appear to have
worked through the reallocation of assets as well.
This paper formalizes this “borrowing to save” reallocation in an incomplete-markets
model and quantitatively evaluates its relevance in accounting for the Great Recession. I
embed firms’ portfolio choice into a general equilibrium model with heterogeneous firms
and financial frictions. Firms can borrow, but they face a trade-off between investing in
productive capital that earns a high expected rate of return and increasing their holdings
of safe assets, which reduce the probability of default. Generating simultaneous withinfirm borrowing-to-save behavior in the face of high credit spreads is nontrivial and relies
on two key ingredients. First, firms adjust their asset portfolios more frequently than the
level of debt. Second, firms face gradually resolving uncertainty in the form of sequential
shocks. As a result, firms borrow for liquidity that can be easily devoted to invest when
an opportunity arises, but any shock that makes default more likely induces firms to instead accumulate safe assets for self-insurance. Quantitatively, this modeling innovation
has a significant amplifying effect in the face of a recession, as firms divert their cash-onhand away from investment, but firms who save also experience a slower recovery from
1 Table

1 is motivational, and I document the same patterns at the firm-level in Section 2.

2 The

striking difference between the aggregate corporate sector and public corporations must reflect a strong
deleveraging among private firms, who lacked easy access to borrowing and thus bore the brunt of the contraction
in bank lending. This is consistent with the evidence that private and smaller firms with low ratings are mostly
bank-financed, and that firms more reliant on banks suffered larger a contraction during the Great Recession (see, for
example, Ivashina and Scharfstein, 2010; Chodorow-Reich, 2014).

1

temporary shocks than firms that only borrow to invest. The ability to generate both patterns follows from modeling firm leverage and saving decisions endogenously, and has
been a major goal of the business cycle literature since the Great Recession.
The model has a continuum of heterogeneous firms that produce differentiated products. Production is subject to an idiosyncratic productivity shock, followed by a revenue
shock that captures the gradual resolution of uncertainty. In each period, firms choose
how much to borrow and how to allocate funds between hiring inputs to produce and
buying a safe asset. The borrowing decision is made before any shock is realized, and
debt contracts are state-uncontingent. The investment decision, by contrast, is made in
two stages: an early stage during which the borrowing decision is made, and an intermediate stage after the productivity shock is realized. In other words, firms’ leverage is
chosen based on the expectation of future productivity, whereas their assets are partially
chosen based on their realization. Firms default if they cannot pay for their debt at the
end of a period, and the cost of default is the lost future expected profits.
Given these ingredients, firms borrow for liquidity, which could be used to either
invest or accumulate assets, depending on the realization of uncertainty. The “borrowing to save” mechanism is best explained by backward induction. Upon observing their
productivity draws, firms adjust their asset portfolios by trading off growth against selfinsurance. For each unit of debt issued, investing it in safe assets yields a weakly lower
return than the cost of debt repayment, but its fungible nature ensures against default
in the case of a low realization of demand. As firms are forward-looking, they choose
how much to borrow before knowing their productivity draws, taking into account their
expected asset allocations. If the productivity shock becomes more volatile, the magnitudes of both upside potential and downside risk increase. Importantly, as firms know
that they are protected on the downside by the opportunity to adjust their asset portfolios
before revenue realization, they choose to continue borrowing despite the higher credit
spreads associated with higher volatilities.
Quantitatively, I calibrate the model to match firm level data on investment, leverage, cash holdings, default rates, and the time variation in the cross-sectional dispersion
of sales growth for non-financial public firms. The benchmark model generates the observed behavior of public firms in a recession modeled as a second-moment shock to
idiosyncratic productivity and a negative first-moment credit supply shock. The impact
on investment is twofold. First, the negative credit shock increases the cost of lending
from financial intermediaries to all firms, representing a reduction in the efficiency of
the financial sector in intermediating credit. For a given level of debt, this increases the
probability of default as the repayment burden is higher. In response, firms channel a
larger fraction of resources into safe assets in order to prevent costly default and reduce
2

the interest rates on borrowing. This is the asset allocation effect. Second, an increase
in the volatility of idiosyncratic productivity shocks encourages firms to increase their
leverage ex ante, i.e., before the productivity draw, as the upside potential becomes more
attractive and firms want to have enough liquid funds that can be readily channeled to
investment.3 This is the leverage effect. There is also an interaction effect, as higher
leverage strengthens firms’ incentive to save. In the benchmark model, the “borrowing
to save” channel explains 18 percent of the total decline in investment during the Great
Recession, and the rest of the decline is due to the traditional deleveraging channel.
Besides providing a new amplification mechanism, I show that modeling firms’ decisions to borrow, invest and save jointly generates a slower recovery after transitory
shocks compared to only modeling firms’ borrowing and investment decisions. The reason relates asset choices to the rate of firm growth. Equity growth is slower in the benchmark model compared to one where firms have a fixed cash-to-asset ratio, because firms
that accumulate more safe assets make less profit conditional on survival. Moreover,
since the accumulation of safe assets reduces the default probability and hence the cost
of borrowing, firms can sustain more debt and operate at a greater optimal scale. Slower
growth and greater optimal scale both imply that it takes longer for firms to grow out of
their borrowing constraints.
The model successfully reproduces the patterns of real and financial variables over
the business cycle as well as in the cross-section. Notably, the model also replicates a
series of firm-level empirical evidence that corroborates the motivational facts in Table 1.
First, I show that an average public firm in the U.S. increased its indebtedness, decreased
productive capital, and increased cash holdings during the 2007-09 financial crisis. Second, an average public firm with positive debt purchases actually cut investment and
increased cash holdings by more than an average firm that deleveraged. Third, firms’
borrowing and saving decisions are negatively correlated in normal times, and positively
correlated during the crisis. The signs of coefficients from the benchmark model match
with the data, and the point estimates are of similar magnitudes. These findings are in
sharp contrast to the counterfactual predictions if the leverage and saving decisions are
not jointly modeled. Therefore, I conclude that it is important to model both sides of
firms’ balance sheets for analyzing the impact of a financial crisis.
Furthermore, I experiment with different aggregate shocks, and show that the mechanism is robust across alternative theories of the Great Recession. In the spirit of modeling
a demand-driven recession, I replace the credit supply shock by a negative aggregate demand shock. I also experiment with a second-moment shock to aggregate credit supply,
3 The timing of the uncertainty shock is crucial to the mechanism: if the volatility of the revenue shock increases,
firms would unambiguously deleverage, as there is no opportunity to change their asset portfolios after the demand
shock.
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as a way of capturing the uncertainty about the severity of a financial crisis. The results from both extensions are qualitatively similar to the benchmark model. Therefore,
as long as financial frictions exist, the amplification mechanism could be applied more
broadly. It is not restricted to crises originating from the financial sector, and does not
rely on shocks that generate a mean-preserving spread of expected firm revenue.
Finally, I generalize the model to allow firms to borrow from both banks and bond
investors, since one important feature of the 2007-09 financial crisis was the significant
substitution from bank finance to bond finance by the non-financial public firms. Bonds
and loans are imperfect substitutes, as bonds are less flexible than loans (De Fiore and Uhlig, 2015, Crouzet, 2018). Thus, being forced to substitute to bonds when banks tighten
credit supply exposes firms to higher default risks, which strengthen their incentive to
save and amplify the relevance of the mechanism during the Great Recession.
Related Literature

This paper focuses on the role of balance sheets and is complemen-

tary to a recent literature that is motivated by the 2007-09 financial crisis, which links
credit market frictions and business cycles.4 This literature has developed quantitative
business cycle models with either exogenous shock to the credit constraint (see, for example, Jermann and Quadrini, 2012, Khan and Thomas, 2013, Buera and Moll, 2015, Guerrieri and Lorenzoni, 2017, and Jones, Midrigan, and Philippon, 2018), or a positive shock to
the volatility of idiosyncratic productivity, which endogenously gives rise to a tightening
of the credit constraint (Gilchrist, Sim, and Zakrajšek, 2014, Arellano, Bai, and Kehoe,
2019).5 Building upon the literature, this paper proposes a within-firm asset reallocation
channel through which financial frictions can have large and more persistent real impact.
In doing so, I introduce a model innovation that simultaneously captures the within-firm
borrowing-to-save behavior and endogenous fluctuations in spreads, without straying
too far away from the workhorse models with incomplete markets and default risk.
A closely related quantitative general equilibrium model is by Arellano, Bai, and Kehoe (2019), who show how incomplete financial markets combined with agency frictions
can generate a sizable contraction in aggregate activity from uncertainty shocks. In their
model, firms’ precautionary motive leads them to deleverage and pull back on their hiring of inputs when an increase in uncertainty makes default more likely. This paper studies firms’ precautionary motive from a different and complementary angle by showing
4 Classic models of credit market frictions are Bernanke and Gertler (1989), Kiyotaki and Moore (1997), Carlstrom
and Fuerst (1997), and Bernanke, Gertler, and Gilchrist (1999). Recent contributions include Brunnermeier and Sannikov (2010), Christiano, Motto, and Rostagno (2010), and Gertler and Kiyotaki (2010). See Kehoe, Midrigan, and
Pastorino (2018) for a survey of the recent development in business cycle models since the Great Recession.
5 Bloom, Floetotto, Jaimovich, Saporta-Eksten, and Terry (2018) model recessions as being driven by shocks with a
negative first moment and a positive second moment – a feature shared by this paper. Differently from this paper, their
first moment shock is to the level of technology, and the mechanism arises from the non-convex adjustment costs. The
mechanism in this paper depends crucially on the incomplete financial markets.
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that the reallocation from risky inputs to safe assets leads to amplification and slower recovery. In their model, firms must borrow to hire inputs for production, and as firms face
cash flow issues, the movements in leverage and output are tightly linked. In this model,
firms borrow for liquidity, and save for precautionary reasons, as profitable investment
opportunities do not arise.6
In emphasizing the value of liquidity, this paper is related to Kiyotaki and Moore
(2019). In their model, there are differences in liquidity across assets, and money (cash)
is more liquid than equity. Firms choose to hold cash in case they have an opportunity
to invest in the future when they are liquidity constrained. In this paper, cash is both
liquid and safe, compared to productive capital. Firms value liquidity for two reasons:
because their leverage cannot be easily adjusted, and for precautionary reasons as default is primarily “liquidity-driven”.7 A related mechanism is in a life-cycle model with
uninsurable idiosyncratic risks by Gorea and Midrigan (2018), who explain why homeowners hold liquid assets as they also value liquidity for precautionary reasons. Jeenas
(2019) studies the role of liquidity for firms, but differently from this paper, the focus is
on the transmission of monetary policy.
In modeling firms’ portfolio choice problem over the business cycle, this paper is
related to Eisfeldt and Muir (2016). In both papers, firms can invest in productive capital
assets, or in liquid financial assets with a low physical rate of return. Another related
paper is Alfaro, Bloom, and Lin (2018), who show that in the presence of financial and
real frictions, higher uncertainty induces firms to hold more cash. Melcangi (2021) shows
that these frictions can also induce precautionary cash holdings by firms in the presence
of a credit supply shock. Differently from this paper, all three papers primarily focus
on frictions in the equity market; firms hold cash in order to avoid paying the equity
issuance cost. This paper is complementary to the literature, as I focus on the relation
between firms’ indebtedness, cash holdings and default risk. Since the key friction here
is incomplete markets, cash is valued for both liquidity and precautionary reasons.
This paper’s heterogeneous-firm model is related to the literature of firm dynamics
with financial frictions. The early work on heterogeneous firms by Cooley and Quadrini
(2001) studies the implications of financial frictions for firm dynamics. Buera, Kaboski,
and Shin (2011), Buera and Shin (2013), and Midrigan and Xu (2014) develop models with
heterogeneous firms and financial frictions, and compare the misallocation costs across
6 In the sovereign risk literature, Bianchi, Hatchondo, and Martinez (2018) show that it is optimal for governments
to issue debt accumulate reserves to reduce rollover risk. However, their model set-up for governments differs from
the set-up for firms here. In their model, the assumptions of long-term debt and risk averse lenders are crucial for
generating precautionary savings.
7 In a search model, Guerrieri and Lorenzoni (2009) also focus on liquidity constraints and uninsurable idiosyncratic
risk. They also find that financial frictions have larger amplification effects when liquid assets pay a lower rate of return
(i.e. in recessions). Differently from their model which focuses on consumers, this model explains why firms hold more
liquid assets in recessions despite a lower rate of return, as observed in the data.
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countries with different degrees of financial development. As in this paper, Arellano,
Bai, and Zhang (2012) show how financial frictions drive firm growth and debt financing through the availability of credit and default risk, but they focus on cross-country
differences in firm growth. Ottonello and Winberry (2020) also examine the role of financial frictions and firm heterogeneity, with a focus on the transmission of monetary
policy. Furthermore, Buera and Karmakar (2022) document that highly leveraged firms
contracted more in the aftermath of a financial shock, using data from the 2010 sovereign
debt crisis in Europe. I document a similar finding for the 2007-09 financial crisis in the
U.S., and both papers emphasize the macroeconomic implications of firms’ balance sheet
management.
Finally, Cao, Lorenzoni, and Walentin (2019) find that the model implications of financial frictions depend crucially on the shock structure, which is also a feature of this
model. In their paper, having both temporary and persistent shocks brings the model
closer to empirical estimates from investment regressions. In this paper, the sequential
shock structure and the timing of the uncertainty shock are important for the “borrowing
to save” mechanism.
Layout

The rest of the paper is structured as follows. Section 2 provides support-

ing evidence of the mechanism from micro-level data. Section 3 describes the dynamic
quantitative general equilibrium model with heterogeneous firms and financial frictions.
Section 4 describes the parametrization strategy, and assesses the quantitative implications of the model against micro and macro data. Section 5 discusses model extensions.
Section 6 concludes.
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Motivating Evidence

In this section, I document the following stylized facts using firm-level data that corroborate the motivational facts in Table 1:
1. During the 2007-09 financial crisis, an average public firm in the U.S. increased its
indebtedness, decreased productive capital, and increased cash holdings;
2. Firms that cut investment the most during the crisis were not the ones that deleveraged; these firms increased cash holdings by more;
3. For an average public firm, their borrowing and saving decisions are negatively
correlated in normal times, and positively correlated during the crisis.
To the best of my knowledge, these facts have not been documented elsewhere. They
6

highlight the within-firm “borrowing to save” reallocation in the crisis, and indicate the
importance of modeling adjustments on both sides of firms’ balance sheets.
It is worth emphasizing that I focus on the balance sheet adjustments of U.S. public
firms. Contrary to private firms that relied heavily on bank lending, there is robust empirical evidence that a significant fraction of U.S. non-financial public firms substituted
from bank loans to bonds during the crisis (see, for example, Becker and Ivashina, 2014
and Adrian, Colla, and Shin, 2012). As a result, they did not suffer from any contraction
in the quantity of credit, as shown in Table 1.8 While private firms might have also reallocated their productive capital to safe assets, I cannot verify this due to data limitations.
Nonetheless, the credit contraction channel was likely to quantitatively dominate any asset reallocation channel for private firms, due to the large contraction in bank lending in
the 2007-09 crisis.
Data

The first fact corroborates the motivational evidence in Table 1, which are calcu-

lated from aggregated data. To facilitate comparison with Table 1, I use the same sample
of yearly data from Compustat for all non-financial firms in the U.S. between 2007 and
2009. Facts 2 and 3 use a longer sample between 1995 and 2011. The core variables are
debt, productive capital, and safe assets. Debt is the sum of short-term and long-term
debt. Debt purchase is defined as the change in total debt, so those with positive debt
purchases are the firms which continued to borrow during the crisis.9 Productive capital
is the sum of property, plant, and equipment and inventories.10 Safe assets are cash and
marketable securities. I deflate the variables using GDP deflator, and eliminate outliers
by dropping the 5th and 95th percentiles of all variables used in the analysis.11 Appendix
A.8 provides a more detailed description of the sample selection and variables.
Fact 1

Table 2 reports the first set of results, which are the within-firm estimates of the

growth rates of the core variables during the crisis. These estimates serve as the firmlevel counterparts to the results reported in column (2) of Table 1, which are the average
annual growth rates of the core variables between 2007 and 2009. I estimate the following
8 Further

firm-level evidence of the “borrowing to save” mechanism in the presence of debt substitution can be
found in Appendix A.10.
9 I focus on changes in debt instead of issuance, to avoid concerns that if the data understates bond retirements, then
the net issuance is overstated.
10 The National Income and Product Accounts defines “investment” as the sum of capital expenditures in property,
plant, and equipment, and changes in inventories. Here investment is the change in productive capital, which is thus
defined as the sum of PPE and inventories.
11 The

results are robust if outliers are defined to be the 1st and 99th percentiles of variables, as shown in Table A.5
in Appendix.
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fixed effects regressions:
log(yit ) = αi + βcrisist + ε it ,

(1)

where αi are the firm fixed effects, and crisist is a dummy variable that is 1 for 2008 and
2009, and 0 for 2007. yit denotes debt, capital, and cash holdings in turn. Standard errors
are clustered by firm in all specifications. Since each dependent variable is expressed in
logs, so the coefficient estimates (×100) are the percentage changes in the core variables
in crisis.
The key takeaway from Table 2 is as follows: an average public firm increased its debt,
decreased its productive capital, and increased its cash holdings during the crisis. The
results are statistically significant and robust across specifications. They also corroborate
the aggregate evidence in Table 1 – that the total debt of U.S. public firms continued to
grow during the crisis, together with their liquid assets. Furthermore, Table A.6 in Appendix documents similar patterns for an average public firm’s leverage (debt-to-asset
ratio), capital-to-asset ratio, and cash-to-asset ratio between 2007 and 2009.
Fact 2

Columns (3) and (4) of Table 1 suggest that public firms which were able to

borrow during the crisis (i.e. with positive debt purchases) actually cut investment by
more, compared to firms which deleveraged (with negative debt purchases). The left
panel of Table 3 provides additional evidence to support this finding, by comparing the
investment rate of an average firm that borrowed during the crisis with the investment
rate of an average firm that deleveraged.12 To do so, I estimate the following fixed effects
regressions on the full sample of non-financial firms:
∆ log(k it ) = αi + β 0 crisist−1 + β 1 crisist−1 × debtpurch + ΓXit−1 + λt + ε it ,

(2)

where αi are the firm fixed effects, and k it is productive capital so ∆ log(k it ) is the investment rate. crisist is a dummy variable that is 1 for 2008 and 2009, and 0 otherwise.
debtpurch is a dummy variable that is 1 if a firm’s total debt increased in 2008-09, and
0 if its total debt decreased. λt is a time trend. Firm-level controls, Xit−1 , include the
log of sales as a proxy for investment opportunities, the log of total assets as a proxy for
size, and net equity raised. Columns (1)–(3) of Table 3 show that the estimates for β 0 and
β 1 are both significantly negative across specifications, indicating that investment fell for
both groups, but it fell by more for firms that continued to borrow during the crisis.
In the right panel of Table 3, I replace the dependent variable with ∆ log(cit ), where
cit is cash. β 1 is significantly positive across specifications, indicating that cash holdings
12 The results are robust if firms whose total debt did not change in 2008-09 are also included in the sample, as shown
in Table A.7 in Appendix.
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increased significantly more among firms with positive debt purchases in 2008-09. This
confirms the findings in columns (3) and (4) of Table 1: instead of investing, firms that
continued to borrow during the crisis accumulated significantly more liquid assets.
Fact 3

Table 4 documents the contemporaneous correlations between borrowing and

saving within an average public firm.13 Borrowing is defined as the growth rate of debt,


∆log bit , and saving as the growth rate of cash, ∆log ait . Specifically, I estimate the
following fixed effects regressions:



∆log ait = αi + β 0 ∆log bit + β 1 ∆log bit × crisist + γcrisist + Γ1 Xi,t−1 + λt + ε it , (3)
where αi are the firm fixed effects, and crisist is a dummy variable that is 1 for fiscal quarters which coincide with the NBER recession dates, and 0 otherwise. λt is a time trend.
Firm-level controls, Xit−1 , include the log of sales as a proxy for investment opportunities, the log of total assets as a proxy for size, and net equity raised. The results are
robust and significant across specifications: borrowing and saving are positively correlated within a firm during recessions, and negatively correlated outside recessions. This
also corroborates the firm-level findings in Table 2, that the growth rates of debt and cash
holdings were both significantly positive between 2007 and 2009.
Implications

In existing models of financial frictions, firms are either “borrowers” or

“savers”, and cash is typically modeled as negative debt. Since only borrowers rely on
external financing, they are more likely to be affected by an economy-wide tightening of
the borrowing conditions in this class of models. However, this section documents three
stylized facts which are not in line with the predictions of these models. Instead, the facts
point to the importance of modeling firms’ decisions to borrow and save simultaneously
for analyzing the impact of a financial crisis on real activity, as a firm’s decision to borrow
may not coincide with its intention to invest.

3

Model

I now develop a heterogeneous firm real business cycle model to study that the aggregate
implications of firm balance sheet adjustments during crises.
There are continuums of final goods firms, intermediate goods firms, financial intermediaries, and households. The final goods firms are competitive. They convert intermediate goods into a final good using a technology that is subject to idiosyncratic demand
13 The

results are robust with quarterly data, and can be found in Table A.8 in Appendix.

9

shocks, which affect the relative demand of the final goods firms for different types of
intermediate goods.
The intermediate goods firms are monopolistically competitive and use capital to produce differentiated products, subject to idiosyncratic productivity and demand shocks
sequentially. They can borrow state-uncontingent debt from financial intermediaries to
finance their input costs. They can also deposit savings in financial intermediaries. They
are allowed to default on their debt, and if they do, they exit market with zero value.
New firms enter to replace the defaulting firms.
Financial intermediaries are competitive. They use savings collected from households
and firms to extend credit to firms, subject to an intermediation cost. Households own all
the firms and intermediaries. They have preferences over consumption and supply labor
to intermediate goods firms. They can also deposit savings in financial intermediaries.
The economy is perturbed by two aggregate shocks. The first one is a shock to the
volatility of the firms’ productivity shocks. The second one is effectively a credit supply
shock, which directly affects the efficiency of the financial sector in intermediating credit.

3.1

Final and Intermediate Goods Firms

Environment

The final good Yt is produced from a fixed variety of intermediate goods

i ∈ [0, 1] via the technology
Yt ≤

Z

ψt (i )yt (i )

ζ −1
ζ

di

 ζ −ζ 1

,

(4)

where the elasticity of demand ζ is greater than one, and ψt (i ) is an idiosyncratic demand
shock. The final goods firms choose the intermediate goods {yt (i )} to solve:
max Yt −

{yt (i )}

Z

pt (i )yt (i )di,

(5)

subject to (4), and pt (i ) is the price of intermediate good i relative to the price of the final
good. This yields the standard demand function for good i:
y t (i ) =

 ψ (i ) ζ
t
Yt .
p t (i )

(6)

Since the elasticity of demand ζ is larger than 1, intermediate goods firms always set

1/ζ
their prices so that they will sell all of their output, that is, pt (i ) = ψt (i ) Yt yt (i )
. The
demand shock ψt (i ) is drawn from a lognormal distribution with mean µψ and standard
deviation σψ , with distribution F (ψ).
Intermediate goods firm use capital k̂ t and labor lt to produce yt and a decreasing
10

returns-to-scale technology, yt =

[1−(1−α)ϕ] 1− 1ζ
zt



k̂αt lt1−α

ϕ

. zt is an idiosyncratic produc-

tivity shock that follows an AR(1) process:
log zt = µz,t + ρz log zt−1 + σz,t−1 ε z,t ,

(7)

where the innovations ε z,t ∼ N (0, 1) are independent across firms, and independent of

ψt .14 The normalization factor [1 − (1 − α)ϕ] 1 − 1ζ ensures that the operating revenue
πt is linear in zt . Production also requires an operating cost Fo,t which consists of two
components: a fixed cost f o and a cost proportional to the capital stock fˆo k̂ t . As a result,
firms’ operating profit is:
πt = max
lt

n

[1−(1−α)ϕ] 1− 1ζ
ψt Yt zt
1
ζ



k̂αt lt1−α

ϕ

o
1
− Fo,t = ψt Ytζ zt h(wt )k̂ot − Fo,t ,

(8)

with
(1− α ) ϕ (1− 1 )

αϕ(1 − 1ζ )

ζ
1

1 h (1 − α)ϕ(1 − ζ ) i 1−(1−α)ϕ(1− 1ζ )
o=
, h ( w t ) = 1 − (1 − α ) ϕ (1 − )
ζ
wt
1 − (1 − α)ϕ(1 − 1ζ )

and Fo,t = f o + fˆo k̂ t . wt denotes wage, α ∈ (0, 1) is the value-added share of capital, ϕ < 1
governs the degree of decreasing returns. Firms need to pay taxes on their operating
revenues less economic depreciation and default-free interest expenses:15
τt = τ̄



1
ζ

ψt Yt zt h(wt )k̂ot



− δk̂ t − rt−1 bt ,

(9)

where δ is the depreciate rate of capital, and bt is debt.
There are two aggregate shocks. First, σz,t is an aggregate shock to the standard deviation of zt . It follows a Markov chain on the space {σz1 , ..., σzS }. The volatility of the
idiosyncratic productivity shock is time-varying while the mean level of this shock is
2
fixed, with µz,t = −σz,t
−1 /2. The timing assumption is such that this period’s volatility

level σz,t determines the distribution of zt+1 in the following period. The second aggregate shock is a first-moment shock. In the baseline, I model this as a credit shock γt ,
14 Having two independent shocks is a simplifying assumption, and not crucial for the mechanism. One can rewrite
the model with only one shock, and firms receive an interim signal before its realization. As long as firms face gradually
resolving uncertainty and can adjust their asset portfolio upon observing the signal, the mechanism still goes through.
15 The assumption that debt has a tax benefit is common in the financial frictions literature (see, among many others,
Covas and Den Haan, 2011; Jermann and Quadrini, 2012). Besides its empirical relevance, it also makes debt more
attractive and thus slows down the rate at which firms grow out of financial frictions. Here I subtract the risk-free rate
for tractability reasons. To subtract the default-adjusted interest rate, one needs to keep track of the previous period
bond price, which would further increase the computational time. Since firms tend to choose leverage in the risk-free
range, the impact on the aggregate results is most likely very small.
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Figure 1: Timeline

(k̂ t , ât )
determined
t

idiosyncratic
demand shocks ψt

idiosyncratic
production
productivity shocks zt
&
aggregate shocks (σz,t , γt )

debt settlement

t+1

(dt , k t+1 , at+1 , bt+1 ) determined

which follows a Markov process:
log γt = µγ + ργ log γt−1 + σγ ε γ,t ,

(10)

with ε γ,t ∼ N (0, 1). γt directly affects the cost of lending from financial intermediaries to
all intermediate goods firms. I formally describe the debt pricing schedule and the role
of γt in Section 3.2.16
Two Investment Phases

Figure 2 summarizes the timing of the intermediate goods

firms’ problems. Notably, firms build their capital stock over time and in two phases.
At the end of t − 1, firms choose their debt bt , capital k t , and saving at to carry to t.
Investment at this stage entails an adjustment cost:
Fk1 k̂ t−1 , k t



!
 k − (1 − δ)k̂ 2
1
t
t −1
=
Fk+ 1(kt −(1−δ)k̂ )>0 + Fk− 1(kt −(1−δ)k̂ )<0
k̂ t−1
t
−
1
t
−
1
2
k̂ t−1
(11)

where Fk+ < Fk− so reversal is more costly (Abel and Eberly, 1996).
At the beginning of period t, firms learn about their idiosyncratic productivity zt and
the aggregate shocks (σz,t , γt ). Given the new information, firms then enter a second
investment phase, during which they can adjust their holdings of capital and safe asset
to k̂ t and ât , respectively, subject to an intra-period resource constraint:
k̂ t + ât + Fk2 ,t ≤ k t + at ,

(12)

and the cost of adjusting capital within a period:
Fk2 k t , k̂ t
16 Section



!
 k̂ − k 2
1
t
t
Fk+ 1(k̂t −kt )>0 + Fek− 1(k̂t −kt )<0
kt
=
2
kt

5.1 explores alternative aggregate shocks in the model.
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(13)

where Fk+ < Fk− < Fek− , i.e. it is even more costly to disinvest in the second phase than in
the first phase.
One could interpret the initial phase as investment in assets that take time to build,
such as buildings and land; the intermediate phase could be investment in less durable
assets that require shorter construction periods and are less project-specific, such as computers, vehicles, machinery and inventories. Since the latter is more readily available,
firms have an incentive to wait for some uncertainty to resolve before making the purchase. Although firms have the opportunity to do so, un-installing capital from the first
phase k t at this stage is more costly.
Furthermore, constraint (12) implies that firms cannot issue new debt to finance additional investment in the second phase. An alternative way to model the asymmetric adjustment frictions on firms’ balance sheets is to allow debt to have longer maturities than
assets, as typically seen in the data. The two-stage investment setup here is a tractable
way of capturing this feature in a model with default risk.17
Default Rule


Firms default in t if there is no feasible choice of k t+1 , bt+1 , at+1 that

satisfies the nonnegative dividend constraint (Arellano, Bai, and Kehoe, 2019; Ottonello
and Winberry, 2020; Khan, Senga, and Thomas, 2021):
dt = xt − k t+1 − F1,k (k̂ t , k t+1 ) + qbt bt+1 − qta at+1 ≥ 0

(14)

where xt is a non-defaulting firm’s net profit:
1

xt = ψt Ytζ zt h(wt )k̂ot + (1 − δ)k̂ t − Fo,t − τt + ât − bt ,

(15)

and qta and qbt are the prices of risk-free asset and defaultable debt, respectively, as shown
in Section 3.2. From (14), a firm defaults in t if xt < x (St , zt , k̂ t ):
x (St , zt , k̂ t ) =

min

k t+1 ,bt+1 ,at+1



a



b

k t+1 + F1,k (k̂ t , k t+1 ) − q (St ) at+1 + q (St , k̂ t , zt ; bt+1 , at+1 , k t+1 )bt+1 .
(16)

States

The idiosyncratic states of an intermediate goods firm include its productiv-

ity zt , capital k̂ t , and its net profit xt . The aggregate state, denoted as St = (γt , σz,t , µt ),
includes the two aggregate shocks γt and σz,t , and the distribution of firms µt over the
17 Debt contracts are typically one-period intertemporal contracts in general equilibrium models with default risk
(see, for example, Arellano, Bai, and Kehoe, 2019; Khan and Thomas, 2013; Gilchrist, Sim, and Zakrajšek, 2014; Ottonello and Winberry, 2020). The assumption here captures the essence that debt typically has longer maturities than
assets, while helps to maintain tractability in two ways. First, unlike in models with long-term debt, one does not need
to include debt as a state variable here. Secondly, to the extent that the price of long term debt depends on firms’ policies in the next period (see, for example, Bianchi, Hatchondo, and Martinez, 2018) long-term debt requires iterations
on both firm value/policy functions and debt market equilibrium conditions in the inner loop.
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idiosyncratic states.
Given the stochastic discount factor M (S, S′ ), which I define in

Recursive problem

Section 3.3, and a law of motion for the joint distribution of the idiosyncratic states,
µ′ = Γ(σz′ , γ′ , S),

(17)

the dynamic problem of a non-defaulting firm consists of choosing equity payout d, new
debt level b′ , and its asset portfolio ( a′ , k′ ), in order to maximize:
(
V (z, k̂, x, S) = max

b′ ,k′ ,a′

"

+ E M(S, S′ ) max
k̂′ ,â′

x − k′ − F1,k (k̂, k′ ) + qb (S, k̂, z; b′ , a′ , k′ )b′ − q a (S) a′
Z ∞





!#)

V x (S, S′ , z′ , ψ′ , â′ , k̂′ , b′ ), k̂′ , z′ , S′ dF (ψ′ )dψ′

ψ∗ (S,S′ ,z′ ,k̂′ ,â′ ,b′ )

,
(18)

subject to (11)–(14). The default threshold level of the demand shock is given by:
ψ∗ (S, S′ , z′ , k̂′ , â′ , b′ ) =
1
1

(1 − τ̄ )Y (S′ ) ζ z′ h(w(S′ ))k̂ot

h

(19)
i


x (S′ , z′ , k̂′ ) − â′ + 1 − τ̄r (S) b′ − 1 − (1 − τ̄δ) k̂′ + Fo (k̂′ ) .

The recursive problem (18) gives the decision rules for dividend d(z, k̂, x, S), borrowing
b′ = b(z, k̂, x, S), initial phase investment k′ = k (z, k̂, x, S), savings a′ = a(z, k̂, x, S), second
phase investment k̂′ = k̂ (z′ , S′ , S; a′ , k′ , b′ ), and buffer stock cash â′ = â(z′ , S′ , S; a′ , k′ , b′ ).
Firm Entry

The problem of potential entrants largely follows Arellano, Bai, and Kehoe

(2019). To enter, they must pay an entry cost ω in period t and decide on the capital k t+1
for the following period. Each potential entrant i draws ωi from a lognormal distribution
with mean µω and standard deviation σω , cdf G (ω ), and density g(ω ). They must borrow
from financial intermediaries to pay for the entry cost and current dividend. Hence,
entering is only feasible for those whose entry costs are smaller than
 the maximal funds
 ′
b
′
′
′
they can raise, i.e. ωi ≤ Σ(ze , k̂ e , S), where Σ(ze , k̂ e , S) = maxb′ ,k′ ,a′ q S, k̂ e , ze ; b , a , k b .
ze denotes the density from which entrants draw their productivity shocks. Among the
feasible set of entering firms, a subset is randomly chosen to ensure that the number
of exiting firms equals the number of entering firms. Each entrant is endowed with k̂0 ,
which is a fixed fraction υ of the average capital level of the incumbent firms in the steady
R
state, i.e. k̂ e = υ N1 k̂dµss ( x, k̂, z). At the end of period t, all entering firms solve the same
14

problem as an incumbent firm (18), with zt = ze , xt = −ωi , and k̂ t = k̂ e .

3.2

Financial Intermediaries

At the end of period t, competitive financial intermediaries receive deposits from households and firms, denoted by qta Ath+1 and qta at+1 , respectively, and lend out the funds to


firms at qbt . The price of deposits satisfies qta (St ) = Et M(St , St+1 ) . Since repayment is
not enforceable, the price of debt qbt adjusts to reflect the probability of default in period
t + 1 and satisfies a zero expected profit condition:
qb (St , k̂ t , zt ; bt+1 , at+1 , k t+1 ) + γt
"
h

i
∗
= E M(St , St+1 ) 1 − F ψ (St , St+1 , zt+1 , k̂ t+1 , ât+1 , bt+1 )


 

+ F ψ∗ (St , St+1 , zt+1 , k̂ t+1 , ât+1 , bt+1 ) R bt+1 , k̂ t+1

(20)

!#

with k̂ t+1 = k̂(zt+1 , St+1 , St ; at+1 , k t+1 , bt+1 ) and ât+1 = â(zt+1 , St+1 , St ; at+1 , k t+1 , bt+1 ). In
bankruptcy, lenders can seize a fraction χ ∈ [0, 1) of the firm’s capital, so the recuperation
rate of bond takes the value:18

χ
R bt+1 , k̂ t+1 =
(1 − δ)k̂ t+1 .
bt + 1
The aggregate credit supply shock, γt , captures the time-varying risk-bearing capacity
of the financial sector, which is not explicitly modeled and orthogonal to firms’ performance. An increase in γt reflects a reduction in the capacity and results in a higher cost
of borrowing for firms and therefore a contraction of credit supply.

3.3

Households

Ct1−θ
1−θ − ιLt . The household chooses their consumption Ct , labor supply Lt , and new saving qta Ath+1 . They receive
labor income wt Lt , saving from the previous period Ath , aggregate dividends Dt from

There is a representative household with utility function u(Ct ) =

their ownership of the intermediate goods firms, and any realized profit or loss incurred
R
by the intermediaries, ΠtI . All costs of operation Fo,t of all firms with Kt = k̂ t dµ(zt , xt , k̂ t )
are also rebated to the household in a lump-sum fashion, and hence do not affect the
18 1 − χ represents deadweight loss in bankruptcy. This assumption is common in many models in which the underlying financial friction is limited liability. This captures that bankruptcy proceedings are inefficient, and typically
involve a loss of resources expanded by creditors to prevent managers of a defaulting firm from behaving opportunistically, as in Townsend (1979).
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economy-wide resource constraint. The recursive problem of the household is given by:
V h ( Ath , St ) =

n

max

Ct ,Ath+1 ,Lt

h
io
u(Ct ) + βE V h ( Ath+1 , St+1 ) ,

(21)

subject to the budget constraint:
Ct + qta Ath+1 ≤ wt Lt + Ath + Dt + ΠtI + Fo (Kt ),

(22)

and the law of motion for µt+1 (17). From the household’s problem, we get M (St , St+1 ) =
β

u′ (Ct+1 )
u′ (Ct )

3.4

as the stochastic discount factor.

Equilibrium

Given an initial firm distribution µ0 and initial aggregate shocks (γ0 , σz,0 ), an equilibrium
in this economy consists of (i) policy and value functions of firms {d(z, k̂, x; S), b(z, k̂, x; S),
k (z, k̂, x; S), l (z, x, k̂, S), a(z, k̂, x; S), k̂ (z′ , S′ , S; a′ , k′ , b′ ), â(z′ , S′ , S; a′ , k′ , b′ ), V (z, k̂, x; S)}, and
households {C (S), Ah (S), L(S), V h (S)}; (ii) prices {qb (S, k̂, z; b′ , a′ , k′ ), q a (S), w(S)}; (iii)
the evolution of aggregate states µ governed by the transition function Γ, such that: (1) all
firms optimize; (2) the household optimizes; (3) lenders price default risk competitively;
(4) all markets clear; (5) the evolution of the measure of firms is consistent with decision
rules.
Aggregate output at time t satisfies
Y (S) =

Z

y(S, z, k̂ )

ζ −1
ζ

dµ(z, k̂, x )

 ζ −ζ 1

,

Market clearing in the final goods market requires that total consumption of households
plus total investment by firms equals the total final good output, less the inter-temporal
adjustment costs, intermediation costs and loss of resources from defaults:
C (S) +

Z

i (z, k̂, x; S)dµ(z, k̂, x ) = Y (S)
Z 


−
F1,k k̂, k (z, x, k̂, S) + γb(z, x, k̂; S) + 1default (z, x, k̂; S)(1 − χ)(1 − δ)k̂ dµ(z, x, k̂ ),
(23)

where i = k (z, x, k̂; S) − (1 − δ)k̂. Market clearing for labor is given by:
L(S) =

Z

l (z, x, k̂, S)dµ(z, x, k̂ ).
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Market clearing for bond satisfies:19
a

h

q (S) A (S) +

Z

a

q (S) a(z, x, k̂, S)dµ(z, x, k̂) =

Z

qb (S, k̂, z; b′ , a′ , k′ )b(z, x, k̂, S)dµ(z, x, k̂ ).

Finally, the transition function Γ is implicitly defined by
′

′

′

Γ(z , x , k̂ ; S) =

Z

′

′

′

Λ(z , x , k̂ , z, x, k̂ |S)dµ(z, x, k̂) +

Z
ω ≤Σ(ze ,k̂ e ,S)

Λ(z′ , x ′ , k̂′ , ze , −ω, k̂0 |S)dG (ω ).

Let Λ(z′ , x ′ , k̂′ , z, x, k̂ |S) denote the probability that an incumbent firm with states (z, x, k̂ )
transits to (z′ , x ′ , k̂′ ) if k′ = k (z, k̂, x, S), a′ = a(z, k̂, x, S), k̂′ = k̂ (z′ , S′ , S; a′ , k′ , b′ ), â′ = â(z′ , S′ , S;
a′ , k′ , b′ ), and x ′ = x (S′ , z′ , ψ′ , â′ , k̂′ , b′ ) ≥ x (S′ , k̂′ , z′ ). Similarly, conditional on having an
entry cost less than the maximum borrowing limit, ω ≤ Σ(ze , k̂ e , S), the probability that a
new entrant with (ze , −ωi , k̂0 ) transits to (z′ , x ′ , k̂′ ) is given by Λ(z′ , x ′ , k̂′ , ze , −ω, k̂0 |S).

4

Quantitative Analysis

This section explores the quantitative implications of the model. I begin with an outline
of the solution method and a description of how the model is parameterized. Next, I
discuss firms’ policy functions and impulse response functions to dissect the workings
of the model at both the firm and the aggregate level. Then I compare the model implications against micro and aggregate data. Finally, I perform an event analysis to assess
the macroeconomic implications of the “borrowing to save” mechanism during the Great
Recession.

4.1

Algorithm

The numerical algorithm largely follows the procedure in solving general equilibrium
models with heterogeneous agents using nonlinear techniques (e.g. Khan and Thomas,
2013; Bachmann, Caballero, and Engel, 2013; Bloom, Floetotto, Jaimovich, Saporta-Eksten,
and Terry, 2018). Here I provide an overview of the algorithm and highlight the key features that are specific to this model. The detailed description is in Appendix A.3.
First, I rewrite the firm problem in terms of marginal utility, and denote the new value
19 “Cash

is a storable and accumulable resource in the model. In the aggregate, both firms and households are
R ′

′
net “savers” during a crisis, with Ah > 0 and
â − b′ dµ > 0. Given the two-stage investment setup, the amount
deposited by a firm (a′ ) – determined at the end of t – does not have to equal to the amount of buffer stock cash
accumulated within the firm (â′ ) in t + 1.”
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function as:
(
e (z, k̂, x, S) = max
V

b′ ,k′ ,a′

"

+ E max
k̂′ ,â′



p(S) x − k′ − F1,k (k̂, k′ ) + qb (S, k̂, z; b′ , a′ , k′ )b′ − q a (S) a′

Z





e x (S, S′ , z′ , ψ′ , â′ , k̂′ , b′ ), k̂′ , z′ , S′ dF (ψ′ )dψ′
V

ψ∗ (S,S′ ,z′ ,k̂′ ,â′ ,b′ )

#)
,

where p(S) ≡ u′ (C (S)) is the intertemporal price of consumption goods, and real wage is
w(S) =

ι
.
p(S)

Then in order to solve its problem, each firm needs to forecast the aggregate

price p(S) and output Y (S), and approximate the intractable cross-sectional distribution
µ. Following a version of Krusell and Smith (1998), I approximate the forecasting rules
using the first moment of the distribution of capital Kt and the lagged uncertainty shock
σz,t−1 . With a slight abuse of notation, in the rest of this section I denote the approxiate
aggregate state vector by S = (σz , σz,−1 , γ, K ). The equilibrium mappings Γ p , Γy , and Γµ
are approximated by the following log-linear rules:
Γ p : log( p) = α p (σz , σz,−1 , γ) + β p (σz , σz,−1 , γ) log(K )
Γy : log(Y ) = αy (σz , σz,−1 , γ) + β y (σz , σz,−1 , γ) log(K )
Γk : log(K ′ ) = αk (σz , σz,−1 , γ) + β k (σz , σz,−1 , γ) log(K )
As usual with this procedure, the explicit forms chosen for equilibrium mappings are
assumptions, and are verified that they are good approximations to the actual mapping
(see Appendix A.3). The algorithm begins with guessing the initial coefficients and ini(1)

(1)

(1)

tializing the forecast rules Γ p , Γy and ΓK . Then the model is solved with two loops.
(1)

(1)

Given the current set of aggregate rules, Γ p , Γy

(1)

and ΓK , the firm’s policy functions

and debt market equilibrium are solved iteratively and simultaneously in the inner loop.
Two features of the inner loop algorithm are worth noting. First, as shown in Arellano, Bai, and Kehoe (2019), there exists a cutoff level of net profit x̄, such that for x < x̄,
the non-negative equity payout (NEP) constraint is binding. I follow their procedure in
e (i,j) (z, k̂, x, S) (where i and j denote the ith and jth itfinding x̄: given a value function V
eration of the outer and inner loop, respectively), I first solve a “relaxed” version of the
firm’s problem in which the non-negative equity payout condition is dropped for the
current period only. The “relaxed” policy functions – denoted by k̆′NB , b̆′NB , ă′NB – do not
vary with x and are used to construct x̄:


(i,j)
(i,j)
x̄ (i,j) (S, z, k̂ ) = k̆ NB (S, z, k̂ ) + F1,k k̂, k̆ NB (S, z, k̂ )


(i,j)
(i,j)
(i,j)
(i,j)
(i,j)
− qb S, k̂, z; b̆ NB (S, z, k̂), ă NB (S, z, k̂), k̆ NB (S, z, k̂) b̆ NB (S, z, k̂) + q a (S) ă NB (S, z, k̂).
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Then one can find the policy functions of non-defaulting firms with x < x̄ (i,j) (S, z, k̂), for
whom the NEP is binding so we can solve for one of the choice variables off-grid.
Secondly, since firms make optimal decisions sequentially and asset prices are forward looking, the debt pricing schedule qb (S, k̂, z; b′ , a′ , k′ ) must be consistent with the
optimal second phase policies k̂′ = k̂ (z′ , S′ ; a′ , k′ ) and â′ = â(z′ , S′ ; a′ , k′ ), and hence cannot
be solved independently from the firm problem. Furthermore, since the lower bound of
net profit x below which a firm defaults depends on qb (S, k̂, z; b′ , a′ , k′ ), it is updated in
e (i,j) (z, k̂, x, S), the solution for x (i,j) (S, z, k̂ )
each iteration of the lower loop.20 For a given V
must be consistent with the default rule (16), debt market equilibrium (20), and optimal
policy functions in the second investment phase. Therefore, along with the value funce (z, k̂, x, S), the endogenous grid x = { x, ..., x̄ } is updated in each iteration of the
tion V
inner loop until convergence.
In the outer loop, I simulate the economy for T periods and use a histogram-based approach to tracking the cross-sectional distribution of N firms (Young, 2010). All markets
clear in each period, and individual firm policy functions are consistent with marketclearing prices and the optimization problem. Then the equilibrium mappings are up(2)

(2)

dated using an OLS regression on a subset of the simulated data, resulting in Γ p , Γy
(2)

and ΓK . The procedure is repeated until the approximated equilibrium mappings have
converged.

4.2

Parameterization

I classify the parameters into two groups: those that are exogenously fixed, and those
that are chosen to match moments in the data. Each period reflects one quarter.
Data

The data sources are Compustat (quarterly), S&P Capital IQ, the ICE Bank of

America Merrill Lynch Indices, Moody’s Default and Recovery Database (DRD), and the
excess bond premium (EBP) estimated by Gilchrist and Zakrajšek (2012). I use firm-level
data from Compustat between 1995Q1 and 2011Q4 for US non-financial public firms. I
restrict the sample of firms to those with at least 40 quarters of observations since 1985.
For entrants, I consider only firms that start appearing in the database since 1995, and I
use the first two years’ data to construct their moments.
I construct six firm-level series using Compustat: sales growth, investment, leverage,
debt purchases, cash-to-asset, and spread. As in Arellano, Bai, and Kehoe (2019), I define sales growth as (si,t − si,t−3 )/(0.5(si,t + si,t−3 )), where si,t the the nominal sales for
firm i at time t deflated by the GDP deflator. I define investment in a similar way, as
20 This is different from the algorithm in Arellano, Bai, and Kehoe (2019), where both the debt pricing schedule and
the lower bound of net profit are found before the inner loop starts.
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ii,t /(0.5(k i,t + k i,t−3 )) where k i,t denotes the productive capital as defined in Section 2,
and ii,t is the sum of net capital expenditures on plant, property and equipment, and inventory changes. Following previous studies, the growth rates are computed across four
quarters to help eliminate the strong seasonal effects in the data. Furthermore, leverage
(debt to total assets), debt purchases (change in debt to total assets), and cash-to-asset are
averaged across the previous four quarters to remove seasonality.
Fixed Parameters

Table 5.A reports the fixed parameters. Starting from the household’s

preferences, the discount factor is set to β = 0.99, so the annual interest rate is 4%, and the
risk aversion parameter in the utility is set to a standard value in business cycle studies,
θ = 2. Turning to the production side, the quarterly depreciation rate δ is 0.025. Using
the estimates of Foster, Haltiwanger, and Syverson (2008), I set the serial correlation of
the firm-level productivity shock ρz to 0.9. α = 0.3 reflects the share of capital cost in total
input costs. The returns to scale parameter ϕ is 0.7, consistent with the range of estimates
in Atkeson and Kehoe (2005). The elasticity of substitution in the final goods production
function ζ is set to 5.75. This generates a markup of 20%, which is in the range estimated
by Basu and Fernald (1997). Corporate tax rate τ̄ is 0.3 (Graham, 2002).
The last group in Table 5.A relates to financial frictions and credit supply. According to the Moody’s Default and Recovery Database, the mean recovery rate of corporate
bonds χ is 0.43 over the sample period. γt is approximated by a two-state Markov process. µγ is the mean cost of financial intermediation. Using the evidence from Philippon
(2015) on the overall intermediation costs in the U.S., I set µγ to 2%. ργ and σγ govern the
dynamics of the credit supply shock. I use the excess bond premium (EBP) by Gilchrist
and Zakrajšek (2012) as a proxy for credit supply shocks, or exogenous disturbances to
the efficiency of financial intermediation. Estimating an AR(1) of the quarterly EBP series
yields ργ = 0.85, which implies a half-life of four quarters, and σγ = 0.26.
Fitted Parameters & Targeted Moments

The rest of the parameters are set in a moment-

matching exercise that targets moments. Tables 5.B and 6 reports the fitted parameters
and targeted moments, respectively. There are 13 targeted moments.21 The first four are
the mean, standard deviation, autocorrelation, and skewness of the interquartile range
(IQR) of sales growth. I first compute the interquartile range of sales growth across firms
for each quarter, and subsequently calculate the mean, standard deviation, autocorrelation, and skewness of the time series. The next five relate to firms’ balance sheet policies,
including the median investment rate, and the median fraction of firms that disinvest,
21 At

each step of the moment-matching process, the disutility of labor supply ι is set such that households spend a
third of their time working in the steady state.
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the median leverage ratio, the median and standard deviation of cash-to-asset ratio. To
maintain comparability with the frequency of the data, here I define investment per period as

k̂′ −(1−δ)k̂
,
k̂

and the cash ratio as

â′ 22
.
k̂′ + â′

For the medians, I first calculate for each

period the median in the cross section and then report the medians of the time series; or in
the case of the fraction of firms that disinvest, I directly compute the median of the time
series. The investment rate and the fraction of observations with negative investment
reported here are similar to the findings by Cooper and Haltiwanger (2006). The standard deviation of cash-to-asset is the standard deviation of the cross-sectional median.
I compute the median productivity, investment, and leverage of the entrants relative to
the incumbents in the same way as those of the incumbents.
Since the model is highly nonlinear, all parameters affect all the moments. Nonetheless, certain statistics are more sensitive to some parameters than others. Specifically, the
mean and difference in volatility levels affect the mean and standard deviation, respectively, of the IQR. Thus together they pin down σH and σL in the model. The autocorrelation and skewness are mostly affected by the transition probabilities π HH and π LL ,
such that high volatility shocks are relatively low probability events. Despite slightly
overpredicting its mean, the model matches the standard deviation, autocorrelation, and
skewness of the sales growth IQR well.
Turning to firms’ balance sheet policies, the median investment is sensitive to Fk+ ,
and the median fraction of firms that disinvest is most affected by the costs to disinvest,
F − and Fe− . The calibrated Fe− is larger than F − , suggesting that it is even more costly
k

k

k

k

to disinvest the initial phase investment before production. This is consistent with the
interpretation that the initial phase is investment in assets that take time to build (e.g.
building and land), which are more costly to reverse (Abel and Eberly, 1996).23 The
median cash-to-asset and its standard deviation are affected by several parameters, most
notably the mean and standard deviation of the demand shock {µψ , σψ }, the operating
cost fˆo , and the cost to disinvest in the second phase Fe− . The model roughly matches
k

the median investment rate and cash-to-asset ratio, but slightly overpredicts the median
fraction of firms that disinvest and the median leverage ratio. The relative productivity,
leverage, and investment of the entrants are largely determined by ze , µω and σω . The
model somewhat underpredicts the investment and leverage ratio of the entrants, but
roughly matches their relative productivity.
22 In

computing the leverage and cash-to-asset ratios in moment matching, instead of using the “total assets” item
from Compustat, I define total assets as the sum of capital and cash, to ensure that these ratios are directly comparable
between the data and the model.
23 Given the two-phase setup here, ideally one would calibrate F − and F
e− to match the frequencies at which firms
k
k
adjust different types of capital in the model: those that take time to build (e.g. buildings and land) and those that
require shorter construction periods (e.g. computers, vehicles and machinery). However, since both types are reported
as “property, plant and equipment”, the breakdown is not feasible with Compustat.
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The last targeted moment is the mean default rate. Due to limited data access, I cannot
compute the data moment using micro data; instead, I use the (aggregate) time series of
quarterly U.S. corporate bond default rates from Moody’s DRD report. In the model, the
default rate is sensitive to several parameters, most notably the fixed cost f o . The model
matches data on corporate bond defaults reasonably well.24

4.3

Working of the Model

The model has three key ingredients. First, firms’ debt contracts are state-uncontingent,
and when firms cannot meet their financial obligations, they must experience a costly
default and lose their continuation value. Secondly, firms face gradually resolving uncertainty in the form of sequential shocks. Thirdly, firms’ leverage is chosen based on
the expectation of future productivity z′ , uncertainty σz′ and financial shocks γ′ , whereas
their assets are partially chosen based on their realizations. The goal of this section is to
illustrate how these three ingredients together generate the “borrowing to save” mechanism following a combination of uncertainty and financial shocks.
Counterfactual Model

Firms make joint asset composition and liability decisions in

the benchmark model. As I show below, this generates amplification and is crucial for
matching the within-firm evidence documented in Section 2. To highlight these effects, I
solve and simulate a counterfactual model, in which firms cannot choose the composition
of their asset portfolios. Specifically, I assume that in each period firms have a constant
fraction of their total assets as cash on their balance sheets. The model setup resembles
a workhorse model of financial frictions with default risks. Both investment and debt
choices occur at the end of a period, and the demand shock is realized at the same time
as all other shocks. To facilitate comparison, the parameterization is the same as in the
benchmark model.
Firm Decision Rules

First, I illustrate the firm’s decision rules in Figure 2. Firms solve

their investment and borrowing decisions using backward induction. Panel A shows the
solution to a firm’s problem at the second investment phase in t + 1, where the optimal
level of safe asset as a fraction of total assets

â′
â′ +k̂′

is plotted against different levels of debt

b′ and the realized productivity z′ . Although capital yields a higher expected return, the
fungible nature of safe assets ensures against default in the case of a low realization of
demand ψ′ . Therefore, the optimal cash-to-asset is decreasing in z′ and increasing in b′ ,
as default probabilities are higher when z′ is low and b′ is high.
24 According to the “distance to default” measure of Gilchrist and Zakrajšek (2012), the mean value in the data is 5.4
for the sample period. The untargeted model counterpart is 4.1, which is reasonably close to the data.
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Next, Panel B of Figure 2 shows the optimal level of borrowing b′ determined at the
end of t, for different levels of net profit x and aggregate states. First, firms would like to
borrow more if their net profit is low, in order to satisfy the non-negative dividend constraint. Thus b′ is decreasing in x until x = x̄. Secondly, for a given level of uncertainty,
a higher risk premium proxied by γ reduces firms borrowing incentives unambiguously,
as debt becomes more costly for all firms. Thirdly, and most importantly, borrowing b′ is
increasing in the volatility of productivity shock, despite that higher volatility increases
the cost of borrowing. The intuition is as follows. If σz,t is high, the probability of receiving a very favorable productivity draw in t + 1 is higher, which encourages the firm to
issue more debt at the end of t, so it will have enough funds to capture the investment
opportunity in t + 1. It is also more likely that the firm receives a very bad draw, but
since the firm can adjust its asset portfolio at the second investment stage, it still has the
opportunity to self-insure against default using the safe asset before the demand shock
is realized.25
The opportunity to adjust its asset allocation, albeit at a cost, is crucial for a firm’s
borrowing decision ex ante. If, on the other hand, the uncertainty shock increases the
dispersion of the demand shock in the next period (ψ′ ), firm borrowing today would
be lower. In other words, the optimal b′ has asymmetric responses to the volatilities of
the two idiosyncratic shocks: it is increasing in the volatility of the first shock (z′ ) and
decreasing in the volatility of the second one (ψ′ ). I illustrate the mechanism behind the
asymmetry in a simple model in appendix A.1. Intuitively, after the realization of ψ′ ,
firms no long have the opportunity to adjust their cash balances for self-insurance, so
they are discouraged from borrowing if σψ is high to avoid the downside risk of a costly
default. This is consistent with the results in Gilchrist, Sim, and Zakrajšek (2014) and
Arellano, Bai, and Kehoe (2019).
The ability to optimize their asset composition reduces a firm’s default probability,
which in turn reduces the cost of debt and increases their borrowing capacity. Hence
the optimal leverage is lower in the counterfactual model (Panel B), in which firms do
not have the opportunity to adjust their cash balances. A higher borrowing capacity allows firms to operate at a larger scale, as shown in Panel C where I plot the expected gross


1
profit in both models. In the benchmark, this is defined as E Π′ |S, z = ψ′ Y (S′ ) ζ z′ h(w(S′ ))k̂′o

+(1 − δ)k̂′ − Fo (k̂′ ) + â′ , and I substitute in the decision rules k̂′ = k̂(z, S′ , S, a′ , k′ , b′ ), â′ =
â(z, S′ , S, a′ , k′ , b′ ), a′ = (z, k̂, x, S) and k′ = (z, k̂, x, S). In the counterfactual model, it is
 ′

1
b |S, z = ψ′ Y (S′ ) ζ z′ h(w(S′ ))k′o + (1 − δ)k′ − Fo (k′ ) + a′ with the decision
given by E Π
25 Although the uncertainty shock increases the dispersion of idiosyncratic productivity symmetrically, this is not
crucial for the mechanism. I illustrate the intuition behind this in Appendix A.4. The alternative model with a negative
aggregate demand shock is an example where the distribution of firm revenue shifts to the left during a crisis (see
Section 5.1).
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rule k′ = k c (z, k̂, x, S), and a′ =

c ′
1− c k

where c is the constant cash-to-asset ratio. The ex-

pected revenue is higher in the model with endogenous asset choices.
However, conditional on survival, firms in the benchmark model make lower net
profit xt+1 after debt repayment (Panel D). One reason is that firms need to repay a larger
amount of debt in the benchmark. In addition, safe asset earns a lower return than capital, so a higher cash-to-asset portfolio implies a lower profit, ceteris paribus. Since endof-profit is reinvested, it takes longer for the firm with safe assets to build its equity. A
greater optimal scale and slower equity growth both imply that firms that invest in safe
assets rely on debt financing for longer, and financial frictions could have a longer impact
on firms with a large stock of safe assets.
Credit Spread Schedules

Figure 3 shows the spread schedules for different levels

of borrowing b′ , savings a′ , aggregate credit supply γ, and aggregate uncertainty σz . As
discussed above, the bond pricing schedule (20) must be consistent with the optimal
second phase policies k̂′ = k̂(z′ , S′ , S; a′ , k′ , b′ ) and â′ = â(z′ , S′ , S; a′ , k′ , b′ ), and therefore qb
depends on the aggregate state S, idiosyncratic states k̂ and z, and the firm’s choice of
b′ , a′ , k′ . The price of bond maps into a credit spread schedule: spread(S, k̂, z; b′ , a′ , k′ ) =
1
qb (S,k̂,z;b′ ,a′ ,k′ )

−

1
.
q a (S)

The movement in credit spread in the model is tightly linked to a firm’s default probability. Thus it is increasing in borrowing b′ and decreasing in cash holdings a′ . Safe
asset accumulation reduces default probability by providing liquidity, which is valued
by firms for two reasons. First, it helps firms to avoid default when operational profit
is low. Secondly, if the firm observes a favorable productivity shock in the next period,
it can use the cash a′ for purchasing additional capital in the second investment phase.
Hence it gives the firm an opportunity to earn potentially higher profits, which also reduces the default probability.
Turning to the aggregate states, a higher γ (low credit supply) raises credit spread
both directly and indirectly by increasing the default probability. Due to the latter, the
impact of a higher γ is larger for firms with low z, high b′ and low a′ . A higher σz (high
uncertainty) increases the dispersion of z′ . Since the spread is bounded below at γ, a
fatter right tail of z′ matters less for credit spreads than a fatter left tail. As a result,
an aggregate state with low volatility σL and high credit supply γL generates, for any
given leverage or productivity, the lowest default probability and hence the lowest credit
spread, whereas an aggregate state with high uncertainty σH and low credit supply γ H
generates the highest default probability and credit spread.
Impulse Response Functions

Figure 4 shows the aggregate impulse response func24

tions of firms’ indebtedness, cash holdings, investment, output, employment and consumption, in response to a combination of one-time financial and uncertainty shocks. I
compare the propagation of aggregate shocks in the benchmark and the counterfactual
model. The impulse response functions are averages of 30,000 independent simulations
for each economy, where each simulation is an aggregation of the impulse response functions of 3,000 firms for 1,000 periods. Each economy is hit with an uncertainty shock
(σz,t = σH ) in the 971th quarter, which corresponds to period 0 in Figure 4. As a result, the
dispersion of idiosyncratic productivity shocks starts to increase from period 1, which
coincides with a tightening of credit supply. γt increases by 2 standard deviations, which
is approximately the increase in EBP at the peak of the crisis. From the shock period
onward each economy evolves normally. To calculate the impact, first I compute the
cross-economy average of each aggregate variable in each period. Then I calculate the
percentage deviation of the average in each period from its value in the pre-shock period.
In the benchmark model, firms’ indebtedness and cash holdings both increase following the two shocks, whereas real activity decreases. Upon observing the uncertainty
shock, firms choose to take on a higher level of leverage in the hope of receiving a more
favorable productivity draw in the next period. Instead, an unexpected credit supply
shock hits, which implies higher costs of borrowing for any given level of debt. Together
with higher indebtedness, firms’ default probabilities increase. Default is inefficient as
firms risk losing potentially positive continuation values, so they have an incentive to
avoid it by raising new debt to finance existing ones and/or accumulating cash, which is
both safe and liquid. Since the credit supply shock is persistent and the cost of borrowing
increases nonlinearly in leverage, it becomes too costly to issue new debt for refinancing
once a firm becomes highly leveraged. By contrast, the incentive to accumulate cash is
strengthened by the fact that it lowers the cost of borrowing, as shown in Figure 3.C. As a
result, the increase in cash quantitatively dominates the increase in leverage, resulting in
a fall in investment, employment and output. Hence we observe the divergence between
borrowing and real activity after the two shocks. Consumption starts to fall immediately
after the uncertainty shock hits, as the cost of intermediation γt Bt+1 directly affects the
resource constraint (23) and debt is predetermined. Since the dynamics of debt, cash
holdings, and investment in the data (column (2) of Table 1), I conclude that simultaneous first- and second-moment shocks in the model explain the behavior of U.S. public
firms after the 2007-09 financial crisis.
To dissect the mechanism further, the top panel of Figure 5 shows the impulse response functions of the key variables for each shock in the benchmark model. Since the
uncertainty shock increases the dispersion of idiosyncratic productivity, which is realized
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before the final asset choices, it is responsible for the rise in indebtedness. By contrast, the
financial shock increases the cost of borrowing, so firms’ leverage decreases in response.
Nevertheless, both shocks result in higher cash holdings. The uncertainty shock generates an increase in cash as firms become more indebted, but their realized productivity
remains unchanged on average, so they accumulate more safe assets after observing their
productivity to avoid default. The financial shock makes it more expensive to refinance
existing debt, so firms prefer to rebalance their portfolios from capital to cash, which is
safe and liquid and lowers the cost of borrowing.
The impact on investment reflects two channels: the availability of credit, and the
allocation of assets. Under the uncertainty shock, initially investment increases as there is
more credit available. As firms become more indebted, the precautionary saving motive
strengthens, and investment in capital decreases relative to the pre-shock level. Under
the financial shock, both channels lead to a sharp reduction in investment. Finally, after
the uncertainty shock, consumption falls sharply; whereas after the financial shock, since
corporate borrowing falls and savings rise, bond market clearing implies that households
temporarily borrow more.
In the counterfactual model, by contrast, both debt and investment decline in response to higher uncertainty and credit tightening. Without the opportunity to adjust
their asset composition, firms’ only way to avoid default is by deleveraging. Their cash
holding is also lower by construction, since capital decreases and the cash-to-asset ratio is
fixed. Thus, we observe positive co-movement of corporate debt, cash holdings, investment and output during a crisis. Consumption increases upon impact, which attenuates
output fluctuations.
In sum, the impulse response functions illustrate how firm balance sheet adjustments
in a crisis amplify and propagate the effects of adverse shocks to aggregate demand and
supply. Adverse aggregate shocks increase the cost of borrowing, making it harder for
firms to roll over debt and diminishing their incentives to invest. This is the standard
contractionary effect, which is present in both (benchmark and counterfactual) models.
In addition, there is a debt overhang distortion. When uncertainty is high, firms have
an incentive to borrow for liquidity ex ante. However, ex post, this makes firms’ balance
sheets weaker, and forces them to devote more cash to repay debt, thereby diminishing
their incentives to invest and restrain hiring. Because of this additional effect, the impact
of aggregate shocks is larger and more prolonged. For instance, the impact of the two
adverse shocks on investment and output is 18% higher in the benchmark model.
Moreover, it takes longer for firms’ to rebuild their net worth when firms’ decisions
to borrow, invest and save are jointly modeled.26 As shown in Figure 5, the realized net
26 I

present a simplified version of the benchmark model – one without adjustment costs – in Appendix A.5. The
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profit returns to the pre-shock level at a slower rate in the benchmark model, where both
cash holdings and indebtedness increase after the shocks. Since net profit is a firm state,
this hinders the recovery of real activity. The half-life of output in the benchmark model
is about 5 quarters, which is double the duration in the counterfactual model.

4.4

Model Fit

Firm Distribution

Table 7.A displays the cross-sectional moments in the model, which

were not explicitly targeted. For each period, I compute the medians within each asset
class, and report the time series median of each variable. Investment rates are concave
in firm size, as in the data. Although smaller firms have higher incentives to invest due
to the decreasing returns to scale assumption, their debt capacity is lower so their investment is constrained by their ability to borrow. Next consider the cash to asset ratio, which
is decreasing in size in both the data and the model. Smaller firms hold proportionally
more safe assets in the steady state as their default probabilities are higher. Having a
safer asset portfolio thus lowers their cost of borrowing and hence increases their debt
capacity. The model also captures the cross-sectional patterns of leverage, whereby larger
firms have higher levels of leverage than smaller firms.
Both default rates and credit spreads are decreasing in firm size, as larger firms are
less likely to default. Without micro data on default rate, I cannot check the distribution
of defaults against the data. Nonetheless, Table 7.A shows that the cross-sectional pattern
for spreads is consistent with the data.27 It is also worth mentioning that despite not being explicitly targeted, the model generates a similar level of credit spreads as in the data:
the median is 2.5% in the data, and 2.3% in the model. Without the intermediation cost
γt , the price of bond is simply a risk-neutral pricing of default risk, so the model-implied
spread would be lower than the data counterpart, which also reflects aggregate risk premia. Therefore, consistent with its calibration, the credit supply shock in the model γt
can be viewed as unmodeled forces driving fluctuations in aggregate risk premia that are
orthogonal to firms’ default risks.28
Business Cycle Statistics

Table 7.B reports for both the data and the model the cor-

impulse response functions in Figure A.5 illustrates that even in the absence of adjustment costs, modeling firms’ joint
asset composition and liability decisions generates a slower recovery.
27 For spread, first I combine Compustat and S&P Capital IQ to obtain credit ratings by firms. Then I use the ICE
Bank of America Merrill Lynch corporate bond spread for a particular rating in each period as a proxy for the spread
of firms with the same rating, and compute the sample mean.The Compustat sample consists of firms with ratings
between AAA and D. The Bank of America Merrill Lynch Indicators report the US corporate AAA, AA, A, BBB, BB, B,
CCC (and below) yields since 1997. I construct the spread between each yield and the 10-year Treasury yield.
28 It therefore enables me to reconcile the the “credit spread puzzle”, simultaneously matching spreads without
counterfactually large default rates, by generating an empirical plausible risk premium.
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relations of investment, consumption, employment, cash, and debt, respectively, with
output, as well as the standard deviations of these variables relative to output. These
series are logged and filtered with a Hodrick-Prescott filter. I also report the standard deviations of median spread and default rate, as well as their correlations with output. Here
I focus on the business cycle moments of aggregate variables for U.S. public firms, so most
data moments are computed from the sources described in Section 4.2, except for output,
consumption and employment, which are from the Bureau of Economic Analysis.29
Overall, the business cycle implications of the model are consistent with the data.
Investment, hours and consumption co-move with output. Investment is more volatile
than output, while consumption is less volatile. Due to the high assumed Frisch elasticity
of labor supply, the model also generates a realistic volatility of hours relative to output
(Rogerson, 1988). Moreover, with the combination of first- and second-moment shocks,
the model produces countercyclical debt and cash, as in the data for public firms.30 Both
cash and investment are much more volatile than debt. This validates the assumption in
the model, that it is easier for firms to adjust the asset-side of their balance sheets than the
liability-side. The model also produces countercyclical default rates and spreads, which
are consistent with the data, although spread is not as volatile as in the data.
Model-Implied Regressions

As an additional test of the model fit, I estimate the

empirical specifications in Section 2 on a simulated panel of firms. I define the dummy
variable crisist to be one if the aggregate state at t is characterized by high uncertainty
(σz,t = σz,H ) and low credit supply (γt = γ H ), and zero otherwise. Table 8 shows that in a
crisis, firms that become more indebted increase their cash holdings and cut investment
by more, compared to firms which deleverage. This is consistent with Fact 2.
Table 9 display the within-firm correlations from fixed effects regressions. Panel A
shows that there is a state-dependent relationship between cash holdings and borrowing
within a firm: they are positively correlated during recessions, and negatively correlated
outside recessions, which is consistent with Fact 3. In Panel B I examine the within-firm
correlation between cash and credit spread. The empirical result in column (1) echoes the
findings of Acharya, Davydenko, and Strebulaev (2012), who show that this correlation
29 It has been shown that there are considerable measurement issues in the employment data in Compustat (Davis,
Haltiwanger, Jarmin, and Miranda, 2006). For this reason, I use the BEA data for employment.
30 While debt (b′ ) is countercyclical for public firms, debt purchases (b′ − b) are highly procyclical, as shown in the
literature (e.g. Jermann and Quadrini, 2012; Covas and Den Haan, 2011). It is important to clarify that the model seeks
to explain why public firms simultaneously increased their indebtedness and cash holdings during the crisis when
credit spreads are high, and it does not claim that these firms increased borrowing during the crisis. Moreover, since
debt is one-period in the model, it can be matched to either debt or debt purchase in the data, depending on which
one matters more for the mechanism being studied. For instance, as the focus here is on the allocation of total credit, I
match b′ to debt in the data; Arellano, Bai, and Kehoe (2019) focus on firms facing liquidity crisis, and match b′ to debt
purchase in the data.
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is robustly positive, against the intuition suggests that firms with higher cash holdings
should be “safer” with lower credit spreads. The benchmark model can capture the positive correlations, which arise because asset choices are endogenous in the model, and
safe and liquid assets are more valuable for riskier firms.
I repeat these regressions for the model with a fixed cash-to-asset ratio, which produces the following counterfactual results. First, as shown in Table 8, cash holdings
decrease in a crisis, and more so for firms which deleverage. Moreover, firms which
deleverage cut investment by more in a crisis than firms that increase their indebtedness,
since firms’ decision to borrow coincide with their intention to invest in the counterfactual model. These results do not match with Fact 2. Secondly, as shown in Table 9,
when firms cannot choose their asset allocation, the model cannot match the empirical
relation between borrowing and cash holdings documented in Fact 3. It also produces a
counterfactually negative correlation between cash holdings and credit spread, as firms
‘endowed’ with more cash have a lower default risk.
Overall, the signs of coefficients from the benchmark model match with the data and
they are statistically significant. The point estimates are of similar magnitudes. By contrast, the signs of coefficients from the counterfactual model do not match with the data.
This highlights the importance of modeling the allocation of credit and adjustments on
both sides of firms’ balance sheets.

4.5

The Great Recession of 2007-09

In this experiment, I back out the σz,t series by matching the IQR of sales growth in the
model to the data. The series for γt is backed out by matching the default rate. As shown
in Figure 6, the IQR and default rate increased substantially, and reached their highest
levels in 2009Q2 and 2009Q3, respectively. I use the shock series implied by the IQR and
default rate to compute the model-implied series for cash â′ , debt b′ , investment

k̂′ −(1−δ)k̂
,
k̂

and output y – aggregated across all firms – with the actual data for U.S. non-financial
public firms between 2007Q3 and 2010Q3 from Compustat.31
The model generates a significant increase in cash holdings, although it is still less
than the increase in the data after 2009Q3.32 Moreover, the model generates changes in
firms’ indebtedness and investment that are comparable to the data: relative to the precrisis (2007Q2) levels, firms indebtedness increased whereas investment declined. Both
the magnitudes and timing match well with the data. In the model, indebtedness is 7
31 I

use total sales from Compustat as a proxy for output by public firms.

32 Adding other mechanisms, such as intangible capital, would amplify the increase in cash holdings and capture the

trend in the data. Here I have focused on the Great Recession, whereas the intangible capital mechanism speaks to the
secular trend increase in cash holdings by firms, as shown by Falato, Kadyrzhanova, Sim, and Steri (2018).
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percent higher at the height of the crisis in 2009Q1, comparable to 9 percent in the data
for public firms; investment is 21 percent lower in the model and 26 percent lower in the
data; output is 20 percent lower in the model and 18 percent lower in the data.
For comparison, I also plot the series for debt, investment and output from the counterfactual model without cash, in which firms deleverage and disinvest simultaneously
after two adverse aggregate shocks. Moreover, the decline in investment and output is
approximately 17 percent and 20 percent less, respectively, in the counterfactual model
than in the benchmark model. The amplification comes from the “borrowing to save”
channel, and the magnitude is similar to the prediction from the impulse response functions. Moreover, the benchmark model predicts a slower recovery than the counterfactual model. For instance, while investment is back to the pre-crisis level by 2010Q1 in the
counterfactual model, both investment and output are still below the pre-crisis level in
the benchmark model as in the data for public firms.

5

Model Robustness and Extensions

Below I discuss several robustness checks and one extension of the benchmark model. I
first experiment with different aggregate shocks as alternative theories of the Great Recession, and illustrate that the “borrowing to save” channel is not restricted to the combination of uncertainty and financial shocks. Then I enrich the model with different types
of debt instruments: loans and bonds. I show how endogenous debt substitution by
firms, as we observed during the Great Recession, can amplify the “borrowing to save”
channel. I summarize the main results in this section, and relegate the model descriptions
to the appendix.

5.1

Alternative Theories of the Great Recession

Both the baseline (Section 3) and the extension (Section 5.2) feature negative first-moment
and positive second-moment shocks, modeled as financial and uncertainty shocks, respectively. Now I explore other types of shocks and show that the mechanism is also
consistent with alternative theories of the Great Recession.
Aggregate Demand Shock

First I replace the credit supply shock γt by an aggregate

demand shock ψt . ψt follows an AR(1) process with parameters ρψ and σψ . The innovation ε ψ,t introduces fluctuations in aggregate demand. The timing assumption remains
unchanged: firms observe their idiosyncratic productivity before learning the (aggregate)
demand condition.
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Figure A.6 shows the impulse response functions to a combination of uncertainty and
demand shocks. The economy is hit by higher uncertainty (σz,t = σH ) in period 0, and subsequently by a negative shock to ψt of two standard deviations in period 1. The impulse
responses are qualitatively similar to the benchmark model: When uncertainty is high,
firms have an incentive to borrow for liquidity ex ante. However, ex post, the marginal
return on cash exceeds that on investment due to the adverse aggregate demand condition, especially for firms with a higher default risk. This shows that a more general class
of negative first moment shock (together with the second moment shock) generates the
mechanism in the paper. Financial frictions play a crucial role here, even in the absence
of an exogenous shock to the cost of funding: Since debt is not state contingent and default is costly, any first moment shock that increases the default risk (either by increasing
the amount of repayment or reducing firms’ cash flows for repayment) gives firms incentives to lower this risk by cutting investment and holding safe assets. Therefore, as
long as financial frictions exist, the mechanism could be applied more broadly, and is not
restrictive to crises originating in the financial sector.
Alternative Uncertainty Shock

Next I experiment with a different uncertainty shock.

I allow the variance of innovations to the credit supply process, σγ,t to vary over time
according to a two-state Markov chain. A higher σγ,t indicates an increase in the dispersion of γt+1 ; in other words, there is more uncertainty surrounding the credit supply
condition in the next period. Firms continue to be hit by idiosyncratic productivity and
demand shocks, in addition to aggregate shocks γt and σγ,t .
Figure A.7 shows the impulse response functions to a combination of first- and secondmoment shocks to credit supply γt . Again the economy is first hit by higher uncertainty
(σγ,t = σH ) in period 0, and subsequently by a one standard deviation increase in γt in
period 1. The “borrowing to save” mechanism gives firms the flexibility to rebalance
resources across periods depending on the realization of γt+1 . Thus, an increase in σγ,t
prompts an increase in firm borrowing in period 0: if γt+1 is very high, then it will be
very expensive for firms to borrow tomorrow, so it is optimal for them to borrow more
today and store it as cash. If γt+1 turns out to be very low, then it will be relatively cheap
for firms to roll over today’s debt by issuing new bonds. In this exercise, as a relatively
high γt+1 is realized in period 1, the liquidity value of cash increases significantly.

5.2

Model with Debt Substitution

Last but not least, I enrich the benchmark model with multiple types of debt instruments
to evaluate how debt substitution by firms interacts with the “borrowing to save” mech-
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anism. This is particularly relevant for public firms, as a significant fraction of them
substituted from bank loans to bonds during the crisis.33
In this extension, the intermediate good firms choose not only the level of debt, but
also the composition of debt. There are two types of debt: bank loans and bonds. I model
the trade-off between loans and bonds à la Crouzet (2015, 2018): on the one hand, loans
are more flexible than bonds as only the former can be restructured when a firm is at the
risk of default; on the other hand, loans entail a higher intermediation cost per unit of
lending due to the more costly bank-specific activities such as screening and borrowing.
The aggregate financial shock is modeled as a shock to the wedge in intermediation costs:
a positive shock captures an unexpected increase in the relative cost of bank loans, which
encourages firms to issue more bonds instead.
Figure A.8 presents the impulse response functions in the extended model in response
to a combination of one-time uncertainty and financial shocks for firms’ total debt, loans,
bonds, cash, investment, and output. Like in the benchmark model, firms choose to
take on more debt after the uncertainty shock, knowing that they can self-insure against
downside risks with the safe asset. The impact on safe assets now reflects both debt
substitution and asset allocation effects. As the cost of bank debt increases unexpectedly,
a significant fraction of firms switch to bond-only financing, and they lose the ability to
restructure debt when they are at risk of default. As a result, debt substitution amplifies
the precautionary saving motive compared to the benchmark model. Again I quantify
the size of the “borrowing to save” channel by constructing a counterfactual model with
a fixed cash-to-asset ratio. Aggregate investment and output fall by 21 percent less in
the model without safe assets.34 This is the size of the “borrowing to save” channel,
which is stronger than in the benchmark model without debt substitution. Furthermore,
one testable implication from the model is that a firm’s cash-to-asset ratio is positively
correlated with its bond-to-total debt ratio. In the appendix, I show that this relation
holds in the data.
In summary, the extended model reinforces the main argument of the paper: Firms
that cut investment and output the most during a recession are not necessarily those that
deleverage the most, as firms’ decision to borrow may not coincide with their intention
to invest. Therefore, it is important to model how firms adjust their balance sheets – on
both asset and liability sides – to study the propagation of aggregate shocks.
33 I document additional stylized facts in the appendix that further corroborates the “borrowing to save” mechanism

in addition to those reported in Section 2. These facts directly speak to the extended model with debt substitution (see
appendix A.10).
34 Importantly, one cannot draw conclusions from these counterfactuals on the effectiveness of the bond market in
a banking crisis. Instead, the appropriate counterfactual should be removing the bond market altogether from the
model, which actually leads to a deeper recession than the model with bond markets (results available upon request).
This suggests that the bond market can act as a “spare tire” when the banking sector is impaired.
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6

Concluding Remarks

I have argued that financial frictions during the Great Recession worked through the reallocation of firms’ assets from productive capital to liquid assets, as well as through any
contraction in the total quantity of credit. I have formalized the new mechanism, “borrowing to save”, in a quantitative general equilibrium model with heterogeneous firms
that face default risk and sequential shocks. In the model, firms borrow for liquidity, but
such liquidity could be used to either invest or increase assets, depending on the realization of their uncertainty. Since firms are loaded with debt, any shock that increases
default probabilities will incentivize them to accumulate safe assets to avoid costly default. In the model, recessions are modeled as being driven by shocks with a negative
first moment and a positive second moment. In addition, I have shown that adding safe
assets to firms’ portfolios implies that firms have a greater optimal scale, but conditional
on survival, firms earn less profit. These two effects lead to slower equity growth. Hence
the effects of financial frictions are amplified and more persistent in recessions.
The quantitative framework developed in this paper can be extended in several dimensions. For example, I have shown how adding debt substitution, as we observed
during the Great Recession, can amplify the “borrowing to save” mechanism due to the
trade-off of bonds and loans. A missing element in the analysis is policy. An interesting
extension would be to examine, for example, open market operations, that may potentially change the mix of assets held by the firms. Such an extension that allows for quantitative and welfare evaluation of the effectiveness of monetary policy during recessions
appears as a promising avenue for research.
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Table 1: Growth rates of debt, investment, and liquid assets in 2007-09:
A comparison between Flow of Funds and Compustat firms

Debt
Investment
Liquid assets

All

All
public
firms

Public firms
with positive
debt purchase
in crisis

Public firms
with negative
debt purchase
in crisis

(1)

(2)

(3)

(4)

−1.4%
−6.1%
+2.0%

+0.6%
−8.7%
+4.3%

+2.8%
−10.1%
+7.6%

−4.2%
−7.2%
+0.3%

Note: This table presents the average annual growth rates of the aggregate debt, investment, and liquid assets between
2007 and 2009 in four samples of non-financial firms: (1) all firms, including both public and private firms (Flow of
Funds) (2) all public firms (Compustat); (3) all public firms with positive debt purchases in 2008-09 (Compustat); (4)
all public firms with negative debt purchases in 2008-09 (Compustat). Debt is the sum of short-term and long-term
debt, and debt purchase is the change in total debt. Liquid assets are the cash and marketable securities. Following the
definition of the National Income and Product Accounts, investment is the sum of capital expenditures in property,
plant, and equipment, and inventory investment. See Appendix A.8 for detailed variable definitions.

Table 2: Within-firm growth rates of debt, productive capital, and liquid
assets in 2007-09
log(debtit )

log(capitalit )

log(cashit )

(1)

(2)

(3)

(4)

(5)

(6)

crisist

0.064***
(4.21)

0.062***
(4.14)

-0.035***
(-3.61)

-0.029***
(-3.17)

0.089***
(4.79)

0.114***
(9.31)

Firm FE
Firm controls
Clustered SE
R2 (within)
No. of firms

yes
no
yes
0.005
4754

yes
yes
yes
0.073
4562

yes
no
yes
0.004
4754

yes
yes
yes
0.326
4562

yes
no
yes
0.008
4754

yes
yes
yes
0.193
4562

Note: This table reports the estimates from the following fixed effects regressions using the annual Compustat
database of non-financial firms in the US between 2007 and 2009:
log(yit ) = αi + βcrisist + ΓXit + ε it
where crisist is a dummy variable that is 1 for 2008 and 2009, and 0 for 2007. yit are, in turn, total debt (columns
1-2), capital (columns 3-4), and liquid assets (columns 5-6) for each firm and year. Debt is the sum of short-term
and long-term debt, and debt purchase is the change in total debt. Liquid assets are cash and marketable securities
(che). Productive capital is the sum of property, plant, and equipment (ppent) and inventories (invt). Each dependent
variable is expressed in logs, so the coefficient estimates (×100) are the average (within-firm) percentage changes in
debt, capital, or cash during the financial crisis, compared to 2007. Firm controls include the log of sales (sale) and the
log of total book assets (at). Outliers are removed at the 5th and 95th percentiles. Standard errors are clustered by firm
in all specifications. ***p < 0.01; **p < 0.05; ***p < 0.1.
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Table 3: Supporting evidence:
Impact of crisis on investment and cash holdings
– A comparison of firms with positive and negative debt purchases
∆log(k it )

∆log( ait )

(1)

(2)

(3)

(1)

(2)

(3)

crisist−1

-0.145***
(-12.69 )

-0.077***
(-6.43)

-0.053***
(-4.54)

-0.060***
(-3.28)

0.071***
(3.50)

0.040**
(2.01)

crisist−1
×debtpurch

-0.057***
(-3.60)

-0.058***
(-3.70)

-0.077***
(-4.97)

0.086***
(2.75)

0.074***
(2.66)

0.126***
(4.41)

Firm FE
Time trend
Firm controls
Clustered SE
R2 (within)
No. of firms

yes
no
no
yes
0.011
3587

yes
yes
no
yes
0.017
3587

yes
yes
yes
yes
0.056
3524

yes
no
no
yes
0.006
3587

yes
yes
no
yes
0.012
3587

yes
yes
yes
yes
0.026
3524

Note: This table reports the estimates from the following fixed effects regressions for the period 1995-2011, for Compustat firms whose debt positions changed in 2008-09:
∆ log(yit ) = αi + β 0 crisist−1 + β 1 crisist−1 × debtpurch + ΓXit−1 + λt + ε it
where yit is k it (capital) in columns (1)–(3) and ait (cash) in columns (4)–(6). crisist is a dummy variable that is 1 for
2008 and 2009, and 0 otherwise. debtpurch is a dummy variable that is 1 if a firm’s debt purchase was positive in
2008-09, and 0 if it was negative. λt is a time trend. Debt is the sum of short-term and (dlc) long-term debt (dltt), and
debt purchase is the change in debt. Cash holdings are the cash and marketable securities (che). Productive capital is
the sum of property, plant, and equipment (ppent) and inventories (invt). Firm-level controls Xit−1 include the log of
sales, the log of total assets, and the net equity raised. Outliers are removed at the 5th and 95th percentiles. Standard
errors are clustered by firm in all specifications. t-statistics are reported in brackets. ***p < 0.01; **p < 0.05; ***p < 0.1.
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Table 4: Supporting evidence:
Within-firm correlations between borrowing and cash holdings
∆log ait



(1)
OLS

(2)
OLS

(3)
FE

(4)
FE

(5)
FE

(6)
FE



-0.055***
(-9.37)

-0.061***
(-10.93)

-0.070***
(-10.34)

-0.074***
(-12.36 )

-0.070***
(-10.45)

-0.075***
(-12.23)


∆log bit × crisist

0.079***
(2.64)

0.079***
(2.86)

0.090***
(2.70)

0.087***
(2.84)

0.098***
(2.92)

0.086**
(2.35)

Firm FE
Industry-time FE
Time trend
Firm controls
Clustered SE
R2
No. of firms

no
no
yes
no
no
0.001
11016

no
no
yes
yes
no
0.001
9386

yes
no
yes
no
yes
0.009
11016

yes
no
yes
yes
yes
0.040
9386

yes
yes
yes
no
yes
0.038
11016

yes
yes
yes
yes
yes
0.069
9386

∆log bit


Note: This table reports estimates from panel regressions of the growth rate of debt ∆log bit on the growth rate of

cash holdings ∆log ait , using Compustat data between 1995 and 2011:



∆log ait = αi + β 0 ∆log bit + β 1 ∆log bit × crisist + γcrisist + Γ1 Xi,t−1 + λt + ε it ,
I consider two specifications, OLS (columns 1–2) and fixed effects (columns 3–6). In both specifications, crisist is a
dummy variable that is equal to 1 for fiscal quarters which coincide with the NBER recession dates, and 0 otherwise.
Xi,t−1 is a vector of firm-level controls including the log of total book assets, the log change in real sales, and the net
equity raised. λt is a set of time dummies. Standard errors are robust in OLS estimation (columns 1–2), and clustered by
firm with fixed-effects estimation (columns 3–6). t-statistics are reported in brackets. ***p < 0.01; **p < 0.05; ***p < 0.1.
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Table 5: Parameterization
A. Fixed parameters
Description

Parameter

Target

Households
Discount rate
Risk aversion

β = 0.99
θ=2

Annual interest rate 4%
Standard business cycle models

Firms
Depreciation
Persistence of z
Share of capital
Returns to scale
Markup
Corporate tax

δ = 0.025
ρz = 0.9
α = 0.3
ϕ = 0.7
ζ/(ζ − 1) = 1.21
τ̄ = 0.3

NIPA depreciation
Foster et al. (2008)
National accounts
Atkeson and Kehoe (2005)
Basu and Fernald (1997)
Graham (2002)

Financial frictions & credit supply shock
Bond recovery rate
χ = 0.47
Intermediation cost
µγ = log(0.0145)
Credit supply shock
ργ = 0.85, σγ = 0.26

Moody’s Default & Recovery
Philippon (2015)
Estimated from excess bond premia
by Gilchrist and Zakrajšek (2012)

B. Parameters from moment matching
Description

Parameter

Uncertainty shock
Volatility levels
Volatility transitions

σH = 0.137, σL = 0.094
π HH = 0.853, π LL = 0.935

Firms
Invest adj cost
Disinvest adj cost (first phase)
Disinvest adj cost (second phase)
Operating cost (fixed)
Operating cost (proportional)
Revenue shock

Fk+ = 2.36
Fk− = 4.55
Fek− = 6.28
f o = 1.273
fˆo = 0.125
µψ =-0.74, σψ = 0.15

Entry
Entrant productivity
Entry cost

ze
z̄ = 0.788
µω = 0.2,
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σω = 1.8

Table 6: Targeted moments
Description (%)

Data

Model

Sales growth IQR
Mean
Std deviation
Autocorrelation
Skewness

27.2
3.2
74.6
0.9

29.3
3.6
73.7
1.0

Investment, leverage, cash holdings
Median investment
Median fraction of firms that disinvest
Median leverage
Median cash-to-asset
Std of median cash-to-asset

11.3
9.1
39.2
16.1
7.3

11.0
10.8
42.1
15.2
7.9

Relative entrant
Productivity
Investment
Leverage

85
258
68

82
235
62

Financial frictions
Mean default rate

1.2

1.6
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Table 7: Untargeted moments
A. Distribution by firm size
Moments (%)

[0, 25]

Asset Percentiles
[25, 50]
[50, 75]

[75, 100]

Data
Investment
Cash-to-asset
Leverage
Spread

9.6
19.5
9.8
4.9

14.7
16.3
11.0
2.5

15.2
8.2
21.0
1.9

12.0
3.8
31.4
1.4

Model
Investment
Cash-to-asset
Leverage
Default
Spread

9.8
41.0
27.0
5.1
3.0

12.3
23.9
36.3
1.8
2.3

11.0
10.0
43.5
1.2
2.2

9.9
5.1
49.3
0.5
2.1

Note: For each asset class and moment, I first calculate the median across firms for each quarter, then report the
median of the time series.

B. Business cycle moments
Correlations with output (%)
Data
Model
Investment
72.4
91.8
Consumption
90.7
76.0
Employment
81.0
92.3
Cash
-5.4
-24.1
Debt
-6.9
-12.2
Default rate
-63.2
-35.6
Spread
-45.3
-30.8

Standard deviations
Data
Investment
2.9
Consumption
1.1
Employment
1.3
Cash
3.2
Debt
1.2
Default rate (%) 1.4
Spread (%)
2.3

Model
4.2
0.6
1.2
3.7
1.5
0.7
0.9

Note: The model-implied moments are based on 4,000 quarters of simulated data for 3,000 firms, discarding the first
400 quarters. Data sources are BEA (output, consumption and labor), Compustat (cash, debt and investment), Capital
IQ merged with ICE Benchmark Administration (spread), and Moody’s Default and Recovery Database (default rate).
Compustat data is aggregated across all non-financial public firms. Output, investment, consumption, employment,
cash, and debt are logged and filtered with a Hodrick-Prescott filter with a smoothing parameter equal to 1600. For
investment, consumption, employment, cash and debt, I report the relative standard deviations to output. The sample
period is 1995Q1 and 2011Q4.
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Table 8: Model-implied regressions:
Impact of crisis on investment and cash holdings
– A comparison of firms with positive and negative debt purchases
A. Cash holdings
∆log( âit )
Data
(1)

Benchmark
model
(2)

Model with fixed
cash-to-asset ratio
(3)

crisist−1

0.040**
(2.01)

0.114***
(2.92)

-0.208***
(-3.25)

crisist−1
×debtpurch

0.126***
(4.41)

0.102**
(1.92)

-0.046
(-1.04)

Firm FE
Time trend
Firm controls
Clustered SE

yes
yes
yes
yes

yes
yes
yes
yes

yes
yes
yes
yes

B. Investment
∆log(k̂ it )
Data
(1)

Benchmark
model
(2)

Model with fixed
cash-to-asset ratio
(3)

crisist−1

-0.053***
(-4.54)

-0.074***
(-3.02)

-0.258***
(-7.44)

crisist−1
×debtpurch

-0.077***
(-4.97)

-0.062**
(-2.00)

0.062**
(2.21)

Firm FE
Time trend
Firm controls
Clustered SE

yes
yes
yes
yes

yes
yes
yes
yes

yes
yes
yes
yes

Note: This table shows the results from running the specification: ∆ log(yit ) = αi + β 0 crisist−1 + β 1 crisist−1 ×
debtpurch + ΓXit−1 + λt + ε it , where yit is k̂ it (capital) in Panel A and âit (cash) in Panel B. In the model, crisist is
a dummy variable that is 1 if γt = γ H and σz,t = σz,H , and 0 otherwise. debtpurch is a dummy variable that is 1 if
a firm’s debt purchase was positive in crisis, and 0 if it was negative. λt is a time trend. t-statistics are reported in
brackets. ***p < 0.01; **p < 0.05; ***p < 0.1.
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Table 9: Model-implied regressions:
Within-firm correlations
A. Borrowing and cash holdings
∆log( âit )
Data
(1)

Benchmark
model
(2)

Model with fixed
cash-to-asset ratio
(3)

∆log(bit )

-0.074***
(-12.36)

-0.098***
(-5.07)

-0.067***
(-5.11)

∆log(bit ) × crisist

0.087***
(2.84)

0.161**
(2.47)

-0.030
(1.63)

Firm FE
Time trend
Firm controls
Clustered SE

yes
yes
yes
yes

yes
yes
yes
yes

yes
yes
yes
yes

B. Cash holdings and credit spread
spreadit
Data

cash-to-asset
âit
âit +k̂ it

Firm FE
Time trend
Firm controls
Clustered SE

(1)

Benchmark
model
(2)

Model with fixed
cash-to-asset ratio
(3)

1.51***
(2.70)

0.68**
(2.02)

-0.98**
(-2.53)

yes
yes
yes
yes

yes
yes
yes
yes

yes
yes
yes
yes

Note: This table shows the within-firm correlations between borrowing and cash holdings (Panel
A) and cash-to-asset


and credit spread (Panel B). The specification in Panel A is: ∆log ait = αi + β 0 ∆log bit + β 1 ∆log bit × crisist +
γcrisist + Γ1 Xi,t−1 + λt + ε it . In the model, crisist is a dummy variable that is 1 if γt = γ H and σz,t = σz,H , and 0
otherwise. The specification in Panel B is: spreadit = αi + β âit + Γ1 Xi,t−1 + λt + ε it . t-statistics are reported in
âit +k̂ it

brackets. ***p < 0.01; **p < 0.05; ***p < 0.1.
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Figure 2: Firm decision rules
A. Optimal cash-to-assets

B. Optimal leverage

C. Expected revenue

D. Net profit conditional on survival
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Figure 3: Credit spread schedules
A. Against indebtedness: different aggregate states

B. Against cash holdings: different aggregate states
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Figure 4: Impulse Response Functions
A. Debt
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E. Labor

B. Cash

C. Investment

F. Consumption

D. Output

G. Net profit

Note: This figure shows the aggregate impulse response functions in the benchmark model and the counterfactual model. In the benchmark model, firms can borrow, save and
invest. In the counterfactual model, firms cannot optimize the composition of their asset portfolios; their cash holdings are exogenously fixed as a constant fraction of assets. The
impulse response functions are averages of 30,000 independent simulations, where each simulation is an aggregation of the impulse response functions of 3,000 firms for 1,000
periods. In the 971st quarter (period 0 in the figure), the economy switches to the high volatility regime (σz,t = σH ). As a result, the dispersion of idiosyncratic productivity shocks
increases in period 1, when the economy is also hit by an increase in γt by 2 standard deviations. From then onward each economy evolves normally.

Figure 5: Shock Decomposition
Benchmark Model
A. Debt

B. Cash

C. Investment

D. Consumption
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Model with Fixed Cash-to-Asset Ratio
E. Debt

F. Cash

G. Investment

H. Consumption

Note: In the 971st quarter (period 0 in the figure), the economy switches to the high volatility regime (σz,t = σH ). As a result, the dispersion of idiosyncratic productivity shocks
increases in period 1, when the economy is also hit by an increase in γt by 2 standard deviations. From then onward each economy evolves normally.

Figure 6: The Great Recession
A. Sales IQR

B. Default rate

C. Debt

D. Cash

E. Investment

F. Output

Note: In this exercise, I back out the σz,t series by matching the IQR of sales growth in the model to the data. The series
for γt is backed out by matching the default rate in the model to the data. Each figure shows the percentage deviation
from the pre-crisis (2007Q2) level. In the counterfactual model, firms have a constant fraction of their total assets as
cash on their balance sheets.
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