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ABSTRACT

I estimate a structural VAR identified using sign restrictions to separately identify financial, macro uncertainty, and financial

uncertainty shocks. The novelty of the estimation procedure relies on the qualitatively different response of corporate liquidity:

Financial shocks lead firms to draw down their liquidity as they lose access to external finance, while uncertainty-type shocks

drive-up liquid assets as a precautionary measure. While all three shocks have contractionary effects on the US economy, only

macro uncertainty shocks trigger deflationary patterns. Existing theoretical frameworks can rationalize this finding.

JEL Classification: C32, E31, E32

1 | Introduction

I propose a novel structural VAR strategy that relies on the
response of corporate liquidity to separately identify financial,
macroeconomic uncertainty, and financial uncertainty shocks.
Empirical results reveal that although the three shocks have
significant contractionary effects on the economy, only macro
uncertainty shocks are deflationary. This difference has relevant
monetary policy implications: In the presence of macro uncer-
tainty shocks, the central bank can stabilize both output and
inflation simultaneously, while first- and second-moment finan-
cial shocks may pose a trade-off, where maintaining price stabil-
ity may exacerbate output volatility.!

The empirical identification argument begins with the analysis
of the corporate finance model by Strebulaev and Whited (2012)
to formalize why corporate liquidity displays qualitatively dif-
ferent responses to financial and uncertainty-type shocks. In
this framework, firms choose physical capital, liquid assets, and
debt to maximize the expected present discounted value of div-
idends. The presence of real and financial frictions underscores

the importance of liquidity as a tool for managing cash flow short-
falls and maintaining financial flexibility. A qualitative analysis
and numerical simulations robustly confirm that financial and
uncertainty-type shocks have distinct effects on corporate lig-
uidity. Financial shocks restrict access to external finance, forc-
ing firms to draw down their liquid assets as a substitute for
unavailable funds. In contrast, uncertainty shocks heighten the
unpredictability of future cash flows, increasing the precaution-
ary value of liquidity and leading firms to accumulate liquid
reserves to mitigate potential shortfalls.

In the second part of the paper, I employ the differential response
of corporate liquidity as an identifying assumption to investigate
the effects of financial, macroeconomic uncertainty, and financial
uncertainty shocks on the US economy. In the baseline specifica-
tion, a structural VAR model is estimated using a minimal set of
sign restrictions, where the shocks of interest coexist with supply,
demand, investment, and monetary policy shocks.

The results point out that while the shocks of interest have con-
tractionary effects on quantities, prices respond negatively and
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significantly only to macroeconomic uncertainty shocks. In con-
trast, for both first- and second-moment financial shocks, price
responses remain overall nonsignificant. This asymmetry can be
understood in light of existing theoretical frameworks: macro
uncertainty shocks operate primarily through aggregate demand
by inducing precautionary savings, which puts downward pres-
sure on prices (Leduc and Liu 2016; Basu and Bundick 2017).
Financial shocks, by contrast, may trigger inflationary pressure
as tighter credit conditions prompt firms to raise prices to boost
cash flow, effectively substituting for limited access to external
finance (Gilchrist et al. 2017).

The excess bond premium (EBP) (Gilchrist and Zakrajsek 2012),
the MU index (Jurado et al. 2015), and the FU index (Ludvig-
son et al. 2021) all exhibit positive and significant responses to
each of the three shocks, offering evidence against the use of
recursive identification in this setting (Bloom 2009; Gilchrist and
Zakrajsek 2012; Jurado et al. 2015; Basu and Bundick 2017; Leduc
and Liu 2016; Berger et al. 2017).

Quantitatively speaking, financial, macro uncertainty, and finan-
cial uncertainty shocks account for more than 50% of output
fluctuations at business-cycle frequencies, with first-moment
financial shocks and macro uncertainty shocks accounting for
the largest share. The finding that financial uncertainty shocks
are not the primary driver among these shocks contrasts with the
results of Ludvigson et al. (2021) and is in line with the work
of Forni et al. (2023). Variation in the EBP, MU, and FU cannot
be attributed solely to their corresponding shocks, as each vari-
able typically exhibits a quantitatively important response to all
three shocks—thereby challenging the validity of identification
strategies based on quantitative restrictions (Caldara et al. 2016;
Carriero and Volpicella 2024).

Historical decomposition provides a VAR-based perspective on
three major crises: the early 1990s recession, the early 2000s
recession, and the Great Recession. For the first two recessions,
the model supports the conventional narratives presented in ear-
lier work. During the Great Recession, the contraction in GDP
is driven by a combination of the three shocks, each contribut-
ing significantly to the overall downturn. This composition helps
explain the so-called “missing disinflation puzzle”: Among the
three shocks, only macro uncertainty exerts meaningful down-
ward pressure on prices. However, because these shocks account
for only a portion of the total contraction, it is not surprising that
the overall response of nominal variables was limited. This inter-
pretation aligns with the earlier work of Gilchrist et al. (2017) and
Del Negro et al. (2015).

2 | A Model of the Firm

This section explores how financial and uncertainty shocks dif-
ferently impact corporate liquidity. The hypothesis is that liquid
assets decrease following a financial shock because firms rely
on these reserves as a substitute for external financing, which
becomes either less available or more costly. In contrast, liquidity
is expected to increase after an uncertainty-type shock due to pre-
cautionary motives. The analysis is based on the textbook model
of corporate finance presented by Strebulaev and Whited (2012).

2.1 | General Setting

The model describes a general equilibrium economy in discrete
time. In this framework, an infinitely lived, risk-neutral manager,
acting on behalf of shareholders, chooses the next period’s input
of production k,,,, the stock of debt b,,,, and liquid assets x,,;
to maximize the firm’s value, which is defined as the expected
present value of future dividends. These dividends, denoted by
d,, are subject to the following flow-of-funds constraint:

d; + K(dt) < th(kt) - ir - W(ira k;)
by @
m - b, — X4 + Xy + ﬂ(X,).

Here, x(d,) represents a convex cost of adjusting dividends away
from their steady-state value. The after-tax profit function z, f (k,)
depends on the exogenous technological process z, and the physi-
cal capital k,, and the usual assumptions for f/(-) > 0Oand f”(-) <
0 apply. A change in z, indicates a technology shock, whereas a
shift in the variance of future z,; represents a macro uncertainty
shock. Physical capital evolves according to its conventional law
of motion:

ki = (1= 8)k, +1, )

where § is the constant rate of capital depreciation and i, denotes
physical capital investment. The function y (i,, k,) captures a con-
vex cost of adjusting investment in physical capital away from its
steady-state value.

Debt b, is issued in the form of one-period, risk-free bonds.
The model incorporates corporate taxation, which allows firms to
deduct interest payments from their taxable income. This mech-
anism effectively reduces the cost of debt by r,z, where r, is the
risk-free rate endogenously determined in the household’s opti-
mization problem and 7 is the constant tax rate. To ensure debt
remains risk-free, lenders require that in the event of bankruptcy,
a firm must be able to fully repay its debt by selling capital. Con-
sequently, the ceiling on the stock of debt is determined by the
level of physical capital according to

by < stk 3)

where s, is an exogenous process that reflects the quality of the
enforcement system in case of bankruptcy, as well as the fire-sale
price of liquidating physical capital. A change in s, represents a
financial shock, while a shift in the variance of future s, ; serves
as a financial uncertainty shock.

In addition, firms can save in the form of liquid assets x,,
through one-period, risk-free bonds. Holding liquidity is finan-
cially disadvantageous because it is nonproductive and does not
generate any interest income. However, liquidity provides firms
with greater financial flexibility, which can be valuable given
the uncertainty associated with the path of the exogenous vari-
ables in the economy. Finally, the function 5(x,), with #'(x,) > 0
and #”(x,) < 0, represents any other financial benefit provided
by the availability of liquid assets. As shown by Strebulaev and
Whited (2012), this function is not strictly necessary: Even with-
out the additional benefit provided by #(x,), firms would still hold
a positive amount of liquid assets because “it is an alternative to
costly external finance.” However, in this context, n(x,) allows for
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the calibration of the steady state and the standard deviation of
the liquidity-to-physical capital ratio.

The value of the firm at time 7 can be expressed in the following
recursive form:

V, =max {d, + E,[M,,V, ]} “

where the firm value V, is a function of both the endogenous
and exogenous state variables of the economy; E, represents the
rational expectations operator, conditional on all the informa-
tion available at time #; and M,,; = pu'(c,,,)/¥ (c,) is the stochas-
tic discount factor determined by the household’s optimization
problem.

The problem reduces to maximizing the firm’s value (4) subject
to the flow-of-funds constraint (1), the law of motion for physical
capital (2), and the credit constraint (3). More details about the
household’s optimization problem, the solution of the model, the
law of motion of the shocks, and the steady-state solution can be
found in Section C of Appendix S1.

2.2 | Inspecting the Mechanism
The optimal condition for liquid assets equates the marginal ben-
efit to the marginal cost and is expressed as

1 1
M —|1+4 =
t 174 K'(d,yy) [ +1 (xr+1)] 1+ +(d)

~
Marginal benefit Marginal cost

5)

Its interpretation is intuitive and akin to that of a household’s
Euler equation. The marginal cost of saving an additional unit
of liquidity is incurred today and includes the direct payout of
one unit of resources, adjusted for the increased cost of dividend
adjustment represented by 1/(1 + «’(d,)). The marginal benefit
manifests only in the following period; thus, it is discounted by
the stochastic discount factor M, ; and evaluated in expectation
E,. This benefit consists of the additional resources available in
the next period, enhanced by the increased financial flexibility
represented by #'(x,,,). Similarly to the marginal cost, the bene-
fit is adjusted for the possibility of reducing the cost of dividend
adjustment, captured by 1/(1 + «’(d,,,)), due to the loosening of
the ¢ + 1 flow-of-funds constraint.

In sum, liquidity serves as a means of transferring readily avail-
able resources from one period to another, and its optimal
amount depends on the cost of forgoing resources today com-
pared to the benefit of allocating resources to the future.

To understand how the shocks affect the optimal amount of lig-
uidity, I follow the approach by Bianchi et al. (2023) and analyze
the risk-adjusted log-linear approximation of Equation (5):
ﬁch_l = ;[dAt - [Et(dAt+l)] + 7[61 - Et(éx+1)]
——— ———

Dividends smoothing motive ~ Consumption smoothing motive

1— ~ 1 o — o >
+ zxz\/ar, [d] + Eyz\/ar, [641] + ¥KCovV, |61, d, 4]

" J

(6)

Precautionary savings motive

where hats denote log-linear deviations from the steady state and
Var,(-) and Cov,(-) represent the variance and covariance opera-
tors, respectively. In addition, the parameters 7, x, and y are all
positive and govern the benefit of holding liquid assets, the cost
of adjusting dividends, and the household’s degree of relative risk
aversion, respectively. Further details on the derivation are pro-
vided in Appendix A.

Equation (6) is intuitive and highlights a dual role for corporate
liquidity. On the one hand, corporate liquidity is useful to smooth
the path of dividends and consumption. In the first case, firms
have an incentive to maintain dividends as constant as possi-
ble and implement gradual adjustments over time, because the
convex adjustment cost k(d,) penalizes abrupt changes. In addi-
tion, through the stochastic discount factor, households implic-
itly provide firms with incentives to adjust their liquidity in a
way that makes dividends more countercyclical, thereby helping
to smooth consumption over time.

On the other hand, due to their flexibility, liquid assets also serve
as a convenient tool to cope with future uncertainty. In par-
ticular, if future dividends are expected to exhibit greater vari-
ance, firms have an incentive to increase their liquid assets as
a precautionary measure to mitigate the convex costs associated
with adjusting dividends. Analogously, if future consumption is
expected to be more uncertain, firms have an incentive—through
the stochastic discount factor—to accumulate more liquidity
to accommodate the household’s precautionary motive. Finally,
if—everything else equal—the covariance between consump-
tion and dividends is expected to be higher, firms have an incen-
tive to invest more resources in liquid assets. This incentive
operates through a more subtle precautionary motive channel:
When dividends become more procyclical, firms increase their
stock of liquidity because they need greater financial flexibility
to meet household preferences for countercyclical assets, which
help smooth their consumption.

Equation (6) suggests a clear dichotomy between the impacts
of financial and uncertainty shocks on liquidity. Adverse finan-
cial shocks, which decrease the pledgeability of physical capi-
tal by lowering s,, constrain current external financial resources,
b,;1- These reduced inflows lead to smaller equity payouts, d,,
and, as a consequence, to lower consumption, ¢,. In response,
firms disinvest in liquid assets to help smooth the current decline
in dividends and consumption. Intuitively, corporate liquidity
serves as a substitute for limited access to external financing:
in periods of financial strain, firms rely more heavily on their
internal reserves to fund operations, investment, and equity pay-
out, thereby sidestepping the costs associated with any other
form of external finance. Conversely, adverse uncertainty shocks
heighten the variance of future technology shocks (macro uncer-
tainty) or of future financial shocks (financial uncertainty), mak-
ing the economic outlook less predictable. Consequently, this
increased unpredictability implies greater variance in future div-
idends, Var,(d,,,), and consumption, Var,(c,,,), thus prompting
firms to boost their liquid assets x,,; as a precautionary measure.?
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2.3 | Parameterization and Simulation

To ascertain whether the theoretical insights hold when consid-
ering the simultaneous response of all the endogenous variables,
I calibrate the model and solve it numerically using a third-order
approximation. The parameterization relies mostly on conven-
tional empirical moments or values borrowed from previous stud-
ies, as summarized in Table 1. Additional details on the calibra-
tion, the targeted empirical moments, the functional forms, and
the solution method of the model can be found in the caption of
Table 1 and in Section C of Appendix S1.

Figure 1 presents the model-implied impulse responses of out-
put y, liquidity x, and debt b to a financial, macro uncertainty,
and financial uncertainty shock. Along with the baseline calibra-
tion, the shaded areas indicate the upper and lower bounds from
a series of robustness checks, where each parameter is increased
or decreased by 10%, while holding all other parameters constant.
To facilitate comparison between the different models, I normal-
ize the impulse responses to have a 1% cumulative contraction on
economic activity over the first year.

Numerical simulations confirm the mechanism outlined above:
Although all shocks have a contractionary effect on economic
activity and reduce the availability of external finance, only finan-
cial shocks lead to a decline in liquid assets. Quantitatively, the
response of liquidity may seem large, but it is actually in line with
the magnitude of the shocks. For instance, in response to a finan-
cial shock that causes a 17% drop in corporate debt, the econ-
omy experiences a 65% decline in liquid assets. Adjusting for the
respective steady-state values, this implies that liquid assets are
compensating for roughly 40% of the shortfall in external finance,
a figure that is fairly reasonable.

TABLE1 | Model’s parameter values.

3 | The VAR Model and Empirical Evidence

Leveraging the qualitatively distinct response of corporate liquid-
ity as the primary identifying assumption, Section 3.1 introduces
the VAR model and estimation strategy. Section 3.2 presents the
baseline results, together with their interpretation and policy
implications. Finally, Section 3.3 provides a sensitivity analysis.

3.1 | Estimation

3.11 | Reduced-Form VAR

Consider the following VAR model:

y=c+Byy_4+--+ Bp)’t—p +uy,

where y, is a n x 1 vector of endogenous variables in levels, ¢ is
a n x 1 vector of intercepts, B, ..., BIJ represent the n X n matri-
ces of slopes, and u, is the vector n X 1 of reduced-form residuals
such thatu, ~ N'(0, %), where X is the n X n variance -covariance
matrix of the residuals u,.

The model is estimated using quarterly US data from 1982Q1
to 2020Q1, focusing on the post-Volcker era while excluding
pandemic-related observations.> To model the US economy,
the VAR includes 10 endogenous variables: y, = [GDP,, TFP,,
Investment,, S&P 500,, Liquidity,, EBP,, MU,, FU,, CPI,, and
FFR,]’, where GDP is the log of real gross domestic product; TFP
is the utilization-adjusted total factor productivity; Investment
is the log of real gross private domestic investment; S&P 500 is
the log of the Standard & Poor’s 500 stock market index; Liq-

Parameter Description Value Target/reference

p Discount factor 0.99 Annual bond yield =3%

Y CRRA parameter 1 Log-utility

T Tax shield 0.35 Jermann and Quadrini (2012)
a Capital share 0.36 Jermann and Quadrini (2012)
1) Capital depreciation rate 0.025 Annual depreciation rate =0.10
K Dividend adjustment cost 0.426 Jermann and Quadrini (2012)
s Financial constraint 0.872 b,/ ks, =0.8721

72 Investment adjustment cost 1.224 S.d.(i,/y,) = 0.0199

m Benefit of liquidity: param. 1 1.414 Xs/kss =0.1001

1, Benefit of liquidity: param. 2 0.119 S.d.(A x,/Ak,) = 0.0064

P Persistence of first-moment shocks 0.95 Leduc and Liu (2016)

o, Mean volatility of first-moment shocks 0.01 Leduc and Liu (2016)

0 Persistence of second-moment shocks 0.76 Leduc and Liu (2016)

0, S.d. of second-moment shocks 0.392 Leduc and Liu (2016)

Note: Regarding the functional forms, I assume a Cobb-Douglas production function given by f(k,) = k{', with @ € (0, 1). The cost of adjusting investment is specified as
wiip k) =w/2(i,/k, — S)Zk,, with ¥ > 0. The cost of adjusting dividends takes the form x(d,) = 0.5x/d,,(d, — d,,)*, where k > 0. The additional benefit from holding
liquid assets is given by n(x,) =1, x, — O.Sﬁzxf, with 77, > 0 and , > 0. Finally, household preferences are described by a CRRA utility function u(c,) = c,1 /(1 =y), with

7 > 0. Regarding the exogenous states, I assume z, and s, to follow the AR(1) process @, = p;@,_; + (1 — p))® + 6,,,_,€, With ®, = {z,,5,}, @ = {1,5}, and &/ representing
either a technology or a financial shock. Whereas, I assume macro uncertainty o, , and financial uncertainty o, , to follow the AR(1) process

0.0

Cpr = P20,,-1 + (1 = py)oy + 0,6, witho,,, = {0,,,
for further details on the targeted empirical moments and the solution method.

oc.w

o,,} and 7 representing either a macro uncertainty or financial uncertainty shock. See Section C.3 of Appendix S1
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FIGURE1 | Model-implied impulse responses. Note: Model-implied impulse responses to a financial shock (circle markers), a macro uncertainty

shock (square markers), and a financial uncertainty shock (diamond markers), each calibrated to trigger a 1% cumulative contraction in economic
activity over the first year. Parameter values are detailed in Table 1. The shaded areas indicate the upper and lower bounds from a series of robustness
checks, where each parameter is increased or decreased by 10%. The responses are expressed as percent deviations from their stochastic steady-state
values. See Section C.3 of Appendix S1 for additional details on the solution method.

uidity is the log of corporate real liquid assets; EBP is the stan-
dardized transformation of the EBP proposed by Gilchrist and
Zakrajsek (2012); MU and FU are the standardized transforma-
tions of the 3-month macro uncertainty and financial uncertainty
proxies, respectively, constructed by Jurado et al. (2015) and
Ludvigson et al. (2021); CPI is the log of the comprehensive con-
sumer price index; and FFR is that shadow federal funds rate
from Wu and Xia (2016). Additional information on the data
sources and their construction is provided in Appendix B.

Real GDP, along with total factor productivity (TFP) and Invest-
ment, are included as proxies for current and potential eco-
nomic activity, while the consumer price index (CPI) provides
information on the behavior of economy-wide nominal variables.
The shadow federal funds rate (FFR) is included to account for
the zero lower bound and to provide an indicator of the stance
of monetary policy. The S&P 500 stock market index and the
EBP offer insights into financial and credit conditions. Specif-
ically, the EBP is the aggregated component of the firm-level
“GZ” credit spread (Gilchrist and Zakrajsek 2012) purged of
expected default risk, making it an ideal measure for assess-
ing the availability and cost of external funds. Aggregate cor-
porate Liquidity is typically excluded from VAR models. How-

ever, as discussed in Section 2, it may offer crucial insights
into firms’ financial strategies, helping to simultaneously iden-
tify financial shocks and uncertainty shocks. The MU and FU
proxies use present information to estimate the expected fore-
cast error in macro and financial outcomes, respectively. They are
well suited for this analysis as their construction aligns with the
prevalent theoretical definition of aggregate uncertainty, charac-
terized by “second-moment shocks” (see Jurado et al. 2015 for
a detailed discussion). Moreover, their comparable construction
methodology ensures that any discrepancies in behavior cannot
be attributed to differences in measurement approach.

The VAR is estimated with five lags using Bayesian tech-
niques. The prior distributions for the VAR coefficients are
Normal -Inverse-Wishart, leading to posteriors that also follow
Normal-Inverse—Wishart distributions. A Minnesota prior is
assumed (Litterman 1979, 1980), which posits that each variable
in the VAR follows a random walk process. The hyperparame-
ters governing the tightness of the prior are selected using the
data-driven method described by Giannone et al. (2015). For fur-
ther details and derivations, see Section D.1 of Appendix S1.
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3.1.2 | Structural Shocks

Under the assumption of invertibility of the VAR, the struc-
tural shocks ¢, can be derived as a linear combination of
the reduced-form innovations u,, so that A='u, = ¢, where ¢, ~
N'(0,1,) and 0 is a (nx 1) vector of zeros while I, is a (n X n)
identify matrix. It follows that to estimate the impact matrix A,
one needs to solve the following system £ = AA’. As usual in the
structural VAR analysis, n(n — 1)/2 exogenous restrictions on A
are necessary to exactly identify the system X = AA’ because the
variance-covariance matrix X is symmetric.

Due to the nature of the prediction discussed in Section 2,
a procedure that is particularly appropriate to map the
reduced-form residuals u, to the structural shocks ¢, is one
that relies on methods based on sign restrictions (Faust 1998;
Canova and De Nicol6 2002; Peersman 2005; Uhlig 2005; Fry
and Pagan 2011). Moreover, in order to avoid the issue that the
sign restrictions imposed on financial shocks or uncertainty-type
shocks may be consistent with other shocks affecting the system
(see the “multiple shocks problem” as described by Fry and
Pagan 2011), I simultaneously identify seven shocks in the base-
line estimation in an effort to offer a comprehensive structural
representation of the US economy.

To impose the sign restrictions, I follow Rubio-Ramirez
et al. (2010) and implement the following algorithm. Given
a drawn of ¢, By, ... , B, and X, one has to obtain A using the
Cholesky decomposition of ¥ and generate a set of candidate
structural VAR models using the QR decomposition. This
procedure requires drawing a (n X n) matrix W with multivariate
normal distribution W ~ MWN(0,J,) and decomposing it into
an orthogonal matrix Q and an upper triangular matrix R such
that W = QR.* Orthogonal matrix Q can then be used to obtain
candidate impulse responses from AQ and ¢, B, ... , B, If the
obtained impulse responses satisfy the sign restrictions, one can
store the economy generated by AQ and draw new values for
¢, By, ..., B, and X. If the sign restrictions are not satisfied, the
candidate economy is discarded and a new matrix W is extracted
until the impulse responses satisfy the required sign conditions.

TABLE2 | Sign restrictions.

Following the recommendation of Canova and Paustian (2011),
all the sign restrictions are imposed on impact. These restrictions
are summarized in Table 2.

I identify seven main business-cycle drivers: supply, demand,
monetary policy, investment, financial, macro uncertainty, and
financial uncertainty shocks. To separate supply shocks from
demand and monetary policy shocks, prices are assumed to move
in opposite directions: Supply shocks increase the CPI, whereas
demand and monetary policy shocks decrease it. To then distin-
guish between the latter two, the FFR is required to fall following
adverse demand shocks and rise following tightening monetary
policy shocks. These assumptions are standard and consistent
with canonical New Keynesian models (Smets and Wouters 2007;
Justiniano et al. 2010). To separate demand and monetary policy
shocks from investment, financial, and both types of uncertainty
shocks, I employ the same strategy by Furlanetto et al. (2019).
In this setting, a contractionary demand/monetary policy shock
is required to have a positive effect to the Investment-to-GDP
ratio, while the remaining four shocks reduce the same ratio.
Although all shocks may negatively impact both Investment and
GDP, this restriction reflects the idea that demand-type shocks
are primarily driven by all components of aggregate demand
except investment. Meanwhile, investment, financial, and uncer-
tainty shocks can lead to recessions through a substantial con-
traction in investment.’

Because I aim to remain agnostic about the response of prices
to investment, financial, macro uncertainty, and financial uncer-
tainty shocks, it becomes less clear how to distinguish these four
disturbances from a supply shock. A possible solution is to use
the result by Smets and Wouters (2007) that shows “an imme-
diate and significant reduction in hours worked” in response to
a positive productivity shock (see also Gali 1999; Francis and
Ramey 2005) and impose restrictions on the TFP-to-GDP ratio.
Thus, as labor input is free to move and capital remains con-
stant, a contractionary supply shock should reduce TFP relatively
more than GDP—at least on impact—triggering a decline to the
TFP-to-GDP ratio. Conversely, in the case of investment, finan-
cial, and the two types of uncertainty shocks, TFP should be

Monetary Macro Financial
Supply Demand Policy Investment Financial Uncert. Uncert.
GDP - - - - - - -
CPI + - - 2 ? 2 ?
Investment/GDP ? + + - - - -
TFP/GDP - + + + + + +
S&P 500 2 2 ? + - - —
Liquidity ? ? ? ? - + +
EBP ? ? ? ? + + +
MU ? ? ? ? + + +
FU 2 ? ? 2 + + +
FFR 2 - + 2 ? ? ?
MU/FU 2 2 ? ?2 ? + -

Note: Sign restrictions on the impact response of the endogenous variables used to identify the shocks of interest in the baseline model. Question marks indicate that the

response is left unrestricted.
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mostly unaffected —at least on impact—with GDP free to move.
This implies that contractionary investment, financial, or uncer-
tainty shocks should lead to an increase in the TFP-to-GDP ratio.

Moreover, to disentangle investment shocks from financial,
macro uncertainty, and financial uncertainty shocks, Iimpose the
same restrictions by Furlanetto et al. (2019). Because investment
shocks are shocks to the supply of capital, these shocks lead a neg-
ative comovement between the quantity and the price of capital
(see also the discussion by Christiano et al. 2014). It follows thata
contractionary investment shock has a negative effect on Invest-
ment, while the S&P 500 stock price index—a proxy for the price
of capital —is rising. Financial and various types of uncertainty
shocks, on the other hand, represent shocks to the demand for
capital and result in a simultaneous decrease in Investment and
stock prices.

Finally, to distinguish financial shocks from the two types of
uncertainty shocks, I rely on the theoretical prediction regard-
ing the different response of corporate liquidity, as discussed
in Section 2. Contractionary financial shocks lead to a fall in
Liquidity, while adverse uncertainty shocks trigger an increase
in the same variable. Furthermore, in distinguishing between
macro uncertainty and financial uncertainty shocks, I adopt the
methodology outlined by Caggiano et al. (2020). This involves
imposing restrictions on the MU-to-FU ratio. Specifically, I posit
that a contractionary macro uncertainty shock exerts a positive
impact on this ratio, whereas an adverse financial uncertainty
shock yields a negative effect. The intuition is that MU reacts
more than FU in response to macro uncertainty shocks, whereas

GDP TFP S&P 500

Investment
0

Financial

Liquidity

-0.2 9 0.2 0. Og
V i i % _, - | v
- 0
g 0.1 W‘ﬂ
09 g, . L/ M T . .
-2 0 -20

0.1 0.1 40

the reverse is true for financial uncertainty shocks. In addition, I
also require the three shocks to have a positive effect on the EBP,
MU, and FU to ensure that they impact their endogenous coun-
terparts. These restrictions are consistent with the empirical evi-
dence provided by Caldara et al. (2016), Ludvigson et al. (2021),
and Caggiano et al. (2020), among others.

To sum up, most of the restrictions borrow from Furlanetto
et al. (2019) which, in turn, builds on the predictions of stan-
dard New Keynesian models. In addition, two novel restrictions
are imposed. First, to remain agnostic on the response of prices, I
interpret supply shocks mostly as productivity shocks and impose
restrictions on the TFP-to-GDP ratio. Second, I use the quali-
tatively different response of corporate Liquidity to disentangle
financial shocks from macro uncertainty and financial uncer-
tainty shocks. This is the main novelty of the identification strat-
egy and the foundation of this restriction is discussed in Section 2.

3.2 | Results

3.21 | Impulse-Response Functions

Figure 2 displays the median impulse responses of the endoge-
nous variables, alongside their 90% and 80% credible sets, to a
standard deviation financial shock (first row), a macro uncer-
tainty shock (second row), and a financial uncertainty shock
(third row). The median impulse responses to the remaining
shocks align with conventional wisdom and are presented in
Figure E1 in Appendix S1.
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Impulse responses. Note: Impulse responses of the US economy to a one standard deviation financial shock (circle markers), macro

uncertainty shock (square markers), and financial uncertainty shock (diamond markers) for the baseline model. Lines with symbols represent the pos-

terior median across simulations and the shaded areas represent the 80% and 90% posterior probability regions. The responses of GDP, TFP, Investment,

S&P 500, Liquidity, and CPI are in percentage deviations, the responses of the excess bond premium (EBP), MU, and FU are in standardize deviations,
and the responses of the shadow federal funds rate (FFR) are in basis points. Data range: 1982Q1-2020Q1. VAR has five lags following the prescription
by Giannone et al. (2015). See Appendix B for variable descriptions. See Section D.1 of Appendix S1 for more details on the VAR estimation.
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All three shocks have contractionary effects, causing significant
and persistent declines in GDP, Investment, and the S&P 500
index over a period of approximately 3-5years. Corporate Lig-
uidity shows a mild increase in response to macro uncertainty
and financial uncertainty shocks, while it declines sharply and
persistently following a financial shock. Lastly, CPI responds
negatively and significantly only to macro uncertainty shocks,
while for both first- and second-moment financial shocks, prices
remain overall nonsignificant.

The different response of prices can be understood in light of
existing theoretical frameworks that help clarify the different
mechanisms through which uncertainty and financial shocks
operate. On the one hand, macro uncertainty shocks prompt
households to save more and spend less due to a precau-
tionary saving motive, reducing aggregate demand and putting
downward pressure on prices (Leduc and Liu 2016; Basu and
Bundick 2017). Financial uncertainty shocks may also activate
this precautionary saving channel, but its effect is likely more
limited, as concerns about future financial conditions are typ-
ically concentrated among households more directly engaged
with financial markets. On the other hand, financial shocks lead
firms to raise prices in an effort to generate additional internal
cash flow to sustain operations that can no longer be externally
financed. As a result, this liquidity-driven pricing response may
offset, or even reverse, the deflationary effects typically associated
with downturns (Gottfries 1991; Chevallier and Scharfstein 1996;
Gilchrist et al. 2017; Abbate et al. 2023; Balduzzi et al. 2024).

The different conditional correlation between output and infla-
tion under macro uncertainty shocks and financial shocks car-
ries important implications for monetary policy. The strong
positive comovement in response to macro uncertainty shocks
allows monetary authorities to stabilize output and inflation
simultaneously. In contrast, financial shocks—lacking this pos-
itive comovement—imply that monetary policy efforts to main-
tain price stability may come at the cost of undesirable output
fluctuations.

Moreover, the EBP, as well as the MU and FU indexes, exhibit
positive and statistically significant responses to the three
shocks. This pattern suggests that a short-run recursive iden-
tification strategy—that is, a Cholesky decomposition—may
be ill-suited for capturing the contemporaneous interactions
among these variables. By construction, such approaches impose
zero-impact restrictions that can bias the estimated effects of
the shocks, depending on variable ordering. For instance, iden-
tifying a macro uncertainty shock by placing a MU index first
in the ordering—as in Leduc and Liu (2016) and Basu and
Bundick (2017)—mechanically rules out any contemporaneous
effect of financial shocks on that index, despite current evidence
that both first- and second-moment financial shocks indeed influ-
ence MU in the short run.’

3.2.2 | Forecast Error Variance Decomposition

Table 3 reports the share of forecast error variance of the
endogenous variables explained by the three shocks of inter-
est, measured on impact, 1year ahead, and 5years ahead.® For
results covering the other identified shocks, refer to Table E1 in
Appendix S1.

Financial, macro uncertainty, and financial uncertainty shocks
together account for the majority of GDP and Investment fluctua-
tions, each explaining a relevant part of these variations. Notably,
the finding that financial uncertainty shocks are not the sole
exogenous driver of economic activity—indeed, first-moment
financial shocks and macro uncertainty shocks appear to
explain more than the variation explained by financial uncer-
tainty shocks—stands in contrast to the results of Ludvigson
et al. (2021) and is instead consistent with recent work by Forni
et al. (2023), which identifies macro uncertainty shocks as a key
driver of economic fluctuations.

The S&P 500 stock price index is primarily driven by
first-moment financial shocks, while both types of uncer-
tainty shocks play a nonnegligible but secondary role. Similarly,
the forecast error variance decomposition for Liquidity indicates
that first-moment financial shocks are the dominant force
behind its fluctuations, suggesting that firms adjust corporate
liquidity mainly in response to changes in the availability or
cost of external finance. Although no quantitative constraint
is imposed on the response of corporate liquidity, this finding
provides strong support for the identification strategy, as the
firm-level corporate finance literature consistently points to
financial conditions as the primary driver of liquid asset holdings
(see Endnote 2 for references).

Importantly, although the three shocks explain a substantial
share of economic activity, TFP appears to be driven almost
entirely by other shocks.® This muted TFP response serves as a
useful sanity check, as it would be difficult to reconcile significant
dynamics with a plausible economic narrative. Besides, it aligns
with the findings of Angeletos et al. (2020), who argues that pro-
ductivity do not appear to play a dominant role in business-cycle
fluctuations.

Moreover, macro uncertainty shocks emerge as the dominant
driver of the CPI. Consistent with the impulse-response anal-
ysis, first- and second-moment financial shocks have virtually
no effect on price dynamics, whereas macro uncertainty shocks
account for up to three-quarters of the CPI’s forecast error vari-
ance at medium and long horizons. A similar pattern appears
in the FFR: Although its response is left unrestricted, the FFR
exhibits a (marginally significant) decline only after a macro
uncertainty shock, which likewise explains a sizable share of its
variance.

Finally, the EBP and the MU and FU indexes are not exclusively
driven by their respective shocks. Instead, all three shocks appear
to play a meaningful role in explaining the variation in each of
these variables. Notably, macro uncertainty shocks explain more
of the variation in the EBP than financial shocks do at certain
horizons. Conversely, financial shocks explain a similar share of
the variation in both the EBP and the uncertainty indexes.

This result is particularly important as it highlights that relying
on quantitative restrictions to identify these three shocks could
result in biased estimates. For instance, Caldara et al. (2016)
identifies financial and uncertainty shocks using a sequential
max-share approach, in which either financial shocks or uncer-
tainty shocks must be ordered before the other. When financial
shocks are ordered first, they are identified as the ones that max-
imize the FEVD of the EBP over the first 6 months, subject to
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TABLE 3 | Forecast error variance decomposition for the baseline model.
Macro Financial Other
H Financial Uncertainty Uncertainty Shocks
GDP 1 19.3 17.4 15.3 48.1
4 32.2 25.0 14.2 28.6
20 32.8 31.2 17.1 18.8
Investment 1 22.1 16.0 10.1 51.8
4 37.9 29.2 13.3 19.5
20 394 31.8 17.4 11.5
S&P 500 1 32.5 7.3 7.8 52.4
4 44.8 10.3 7.1 37.8
20 36.9 18.5 14.9 29.7
Liquidity 1 73.4 5.9 4.7 16.0
4 80.1 2.4 3.0 14.6
20 86.1 0.6 1.4 11.9
TFP 1 0.0 1.1 0.0 98.9
4 0.5 0.8 3.7 95.1
20 5.1 0.9 14.1 79.9
CPI 1 0.5 35.0 7.4 57.1
4 0.4 62.3 1.6 35.8
20 0.4 75.6 1.4 22.5
FFR 1 0.0 251 0.5 74.4
4 4.7 33.1 3.7 58.5
20 9.5 40.2 16.1 34.2
EBP 1 32.5 31.6 22.6 13.3
4 35.5 35.2 17.8 11.5
20 33.2 37.3 16.7 12.7
MU 1 24.2 59.0 8.3 8.6
4 18.8 62.2 9.9 9.1
20 20.2 55.1 9.5 15.3
FU 1 27.5 6.0 47.3 19.2
4 15.2 19.8 52.2 12.9
20 20.2 22.8 38.9 18.1

Note: Forecast error variance decomposition at horizons one, four, and eight for the baseline model. The decomposition is based on the median VAR model that satisfies the
sign restrictions, that is, the “median model,” (see Section D.2 of Appendix S1 for details). Data range: 1982Q1-2020Q1. VAR has five lags following the prescription by
Giannone et al. (2015). See Appendix B for variable descriptions. See Section D.1 of Appendix S1 for more details on the VAR estimation.

the constraint that the response of this variable remains pos-
itive throughout this horizon. The findings of my paper indi-
cate that adopting such an identifying assumption would over-
estimate the quantitative importance of financial shocks, as the
approach implicitly limits the effect that uncertainty shocks can
have on the EBP.1

3.2.3 | Historical Decomposition

Using the baseline VAR model, Figure 3 displays the contribution
of financial, macro uncertainty, and financial uncertainty shocks
to the evolution of GDP, corporate liquidity, and the CPI dur-
ing the three crises covered in the sample period: the early 1990s
recession, the early 2000s recession, and the Great Recession.!!

The early 1990s recession was brief and relatively mild, with its
narrative attributing it to a combination of shocks. These include
a moderately restrictive monetary policy implemented by cen-
tral banks in response to concerns about high inflation, oil price
shocks, and the resulting decline in consumer and business con-
fidence (McNees 1992; Walsh 1993; Blanchard 1993; Hall 1993).
Building on this general narrative from the literature, the VAR
model provides additional insights by tracing the effect of the
three shocks of interest. It suggests that the rise in inflation was
partially driven by a resolution of macroeconomic uncertainty.
Following this, the decline in GDP appears to be explained by
a combination of shocks, with first- and second-moment finan-
cial shocks also playing a relevant role. Notably, the three shocks
account for roughly half of the contraction in GDP, with the
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FIGURE3 | Historical decomposition for the baseline model. Note: Historical decomposition of GDP, Liquidity, and CPI for the baseline model,

expressed as percentage deviations from the latest precrisis observation. Lines with diamonds show the actual data; solid lines represent the model’s
forecast based on information available just before the crisis; and the blue, red, and green histograms capture the contributions of financial, macro
uncertainty, and financial uncertainty shocks, respectively. The estimation is based on the median historical decomposition implied by each simulation.
See Section D.3 of Appendix S1 for more details. Data range: 1982Q1-2020Q1. VAR has five lags following the prescription by Giannone et al. (2015).

See Appendix B for variable descriptions. See Section D.1 of Appendix S1 for more details on the VAR estimation.

remaining half attributed to residual variation —likely driven by
supply-side factors, such as oil shocks, which have been recog-
nized as a key driver of the downturn.

The early 2000s recession is widely attributed to the collapse of
the speculative dot-com bubble (Kliesen 2003). This interpreta-
tion is supported by the VAR model, which points to first-moment

financial shocks as the main driver of the downturn, evidenced by
a marked decline in corporate liquidity. In addition, the muted
response of prices implicitly confirms the predominant role of
financial shocks in the recession, as impulse-response functions
and variance decompositions indicate that such shocks exert little

to no influence on prices.
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The Great Recession of 2007-2008 was a deep and long-lasting
economic downturn driven by the collapse of the housing market
and the subsequent breakdown of the financial system. Thisled to
steep declines in economic output and a pronounced contraction
in credit. The crisis was further exacerbated by elevated levels of
uncertainty, both financial and economic (for an earlier analysis,
see Stock et al. 2012). An intriguing aspect of this period was the
so-called “missing disinflation puzzle,” where prices decreased
less than anticipated despite the significant economic downturn
(see, among others, Christiano et al. 2015).

According to the VAR model, the initial contraction in GDP is
driven entirely by first- and second-moment financial shocks,
with uncertainty shocks beginning to contribute only after few
quarters. Over time, the three shocks together explain about
two-thirds of the decline, each playing a significant role in
the overall downturn. Corporate liquidity experiences a decline,
mostly attributed to first-moment financial shocks, while both
types of uncertainty shocks have an extremely small yet pos-
itive effect on the same variable. The overall response of
the CPI is delayed—because uncertainty shocks are initially
absent—relatively muted, and entirely attributable to macro
uncertainty shocks. This finding is particularly noteworthy, as
the nonsignificant effect of first- and second-moment financial
shocks on nominal variables provides an explanation for the
so-called “missing disinflation puzzle.”!?

3.3 | Sensitivity Analysis
To corroborate the results presented in the previous section, a set
of robustness checks are presented in Section F of Appendix S1.

3.3.1 | Central Tendency

Figure F1 presents the baseline results alongside two alternative
measures of central tendency: the impulse responses from the
median VAR model that satisfies the sign restrictions (Furlanetto
etal. 2019; see also Section D.2) and the median target model (Fry
and Pagan 2011; see also Section D.4), which selects the model
yielding responses closest to the median shown in Figure 2. These
alternative measures closely align with the median impulse
responses, indicating that the latter are not merely a byproduct of
combining multiple VAR models but are instead consistent with
responses implied by a single model.

3.3.2 | Robust Bayesian Inference

Along the same lines, Figure F2 presents results when employ-
ing robust Bayesian inference (Giacomini and Kitagawa 2021;
see also Section D.5). The set of posterior means and the robust
credible bands are generally wider than conventional Bayesian
credible bands, which reflects the inherently more conservative
nature of the method. Nonetheless, two important points emerge.
First, the credible bands presented in the baseline specification
are always nested within the set of posterior means and robust
credible bands, suggesting that the priors used in this context
are not biasing the results. Second, and most importantly, when
focusing on the set of posterior means, the key results discussed

throughout the paper remain valid: All three shocks have contrac-
tionary effects on the US economy. Among them, only financial
shocks have a pronounced negative impact on corporate liquidity,
while only macroeconomic uncertainty shocks trigger deflation-
ary patterns.

3.3.3 | Liquidity Ratio

Furthermore, the corporate finance model presented in Section 2
predicts that the identifying assumption regarding corporate lig-
uidity applies not only to its level but also to its share of total assets
(hereafter referred to as the liquidity ratio).!* As the liquidity ratio
may serve as an equally valid variable to employ the underlying
identifying assumption, Figure F3 in Appendix S1 presents the
impulse responses implied by a VAR model in which the level of
liquidity is replaced with the liquidity ratio, implicitly shifting the
sign restrictions to the ratio rather than the level of this variable.
Consistent with the predictions of the corporate finance model,
the two specifications yield nearly identical impulse responses.
This result stems from the greater variability of liquid assets com-
pared to illiquid assets, making movements in the liquidity ratio
largely driven by changes in liquidity levels. The liquidity level
and liquidity ratio are highly correlated (87%, highly significant),
whereas the correlation between total assets and the liquidity
ratio is negligible (—6%, not significant). These considerations
are further supported by the results in Figure F4 in Appendix S1,
where the baseline model is augmented with the liquidity ratio,
allowing its responses to remain unrestricted. As expected, the
responses of the liquidity ratio qualitatively mirror the ones of
Liquidity.

3.3.4 | Consumption

The baseline specification relies on a parsimonious VAR that
includes only the essential variables required to identify the
shocks of interest using sign restrictions. An important variable
omitted in this framework is consumption, which is essential
for a more comprehensive analysis. Figure F5 in Appendix S1
presents impulse responses from an otherwise identical VAR
augmented with real personal consumption expenditure (PCE)
(code PCECC96, source: McCracken and Ng 2020). The inclu-
sion of consumption does not affect the overall results. Notably,
the response of consumption is negative and persistent, closely
mirroring the dynamics of output both qualitatively and quanti-
tatively (see Table F2 in Appendix S1 for the FEVD analysis).

3.3.5 | Nominal Variables

Moreover, because the response of prices is particularly impor-
tant for the analysis, Figure F6 in Appendix S1 presents the
results when re-estimating the baseline VAR using different
price indexes in place of CPI. The 10 alternative VARs con-
firm that macro uncertainty shocks are generally deflationary,
with the only exceptions being the PCE on durable goods and
CPI when excluding food and energy. Meanwhile, first- and
second-moment financial shocks continue to have a nonsignif-
icant effect on prices. Notably, the response of PCE on durable
goods to a first-moment financial shock is positive and significant
at the 80% significance level over medium-run horizons.!*
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4 | Conclusion

This paper provides evidence that business-cycle fluctuations
originate from distinct sources, each associated with heightened
uncertainty and wider credit spreads. Regardless of whether these
shocks are labeled as financial, macro uncertainty, or financial
uncertainty shocks, the analysis highlights the key role of cor-
porate liquidity in distinguishing whether an economic contrac-
tion is primarily driven by disruptions in financial markets or
by uncertainty rooted in the economy. Financial shocks restrict
access to credit, prompting firms to draw down internal lig-
uidity to substitute for reduced external financing. In contrast,
uncertainty-type shocks increase the value of liquid assets due
to a precautionary savings motive. This different prediction is
employed in the form of a sign restriction to identify a struc-
tural VAR model and formally trace how these shocks propagate
through the US economy.

The analysis shows that while all three shocks have con-
tractionary effects, only macro uncertainty shocks lead to
a pronounced reduction in prices. In contrast, first- and
second-moment financial shocks have limited and statistically
nonsignificant effects on prices. This finding aligns with existing
theoretical and empirical work and helps explain the so-called
“missing disinflation puzzle” observed during the Great Reces-
sion. Moreover, it underscores a critical challenge for policymak-
ers: only in the presence of macro uncertainty shocks inflation
and output move in tandem, allowing monetary policy to stabi-
lize both simultaneously. In contrast, financial shocks create a
trade-off between output and price stability, limiting the effective-
ness of monetary policy.

Taken together, these findings provide new empirical insights
into the nature of business-cycle fluctuations and underscore the
importance of distinguishing among these shocks when design-
ing effective stabilization policies.
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Endnotes

! To clarify the terminology, the following labels define the different
types of shocks analyzed throughout the analysis. Shocks that impact
the current availability or cost of external finance are referred to as
financial shocks or first-moment financial shocks. Shocks that increase

uncertainty about the broader economy are referred to as macroe-
conomic uncertainty shocks or macro uncertainty shocks. Shocks
that increase uncertainty regarding financial conditions are referred
to financial uncertainty shocks or second-moment financial shocks.
Moreover, uncertainty shocks in general —whether macroeconomic
or financial —may be referred to as uncertainty-type shocks or sim-
ply uncertainty shocks. Finally, the focus of the paper is explicitly
on aggregate shocks, and as such, the analysis offers limited insight
into firm-level or idiosyncratic disturbances. For discussions related to
firm-level dynamics, the reader is referred to Endnote 2, which surveys
relevant empirical findings from the literature.

[N}

The model’s prediction is consistent with empirical (usually firm-level)
evidence on corporate liquidity/cash management in response to
changes in financial conditions and uncertainty. When financial con-
ditions worsen, corporate liquidity often acts as a substitute for exter-
nal finance, particularly for constrained firms, allowing them to fund
valuable projects when external financing becomes costly or unavail-
able (Keynes 1936; Almeida et al. 2004; Kaplan and Zingales 1997;
Campelloetal. 2010, 2011). On the other hand, firms accumulate liquid
assets as a precautionary measure in response to increased uncertainty
(Han and Qiu 2007; Baum et al. 2008; Smietanka et al. 2018; Alfaro
et al. 2024; Julio and Yook 2012; Gao et al. 2017; Duong et al. 2020)
On a side note, the simultaneous identification of the distinct effects of
first-moment and second-moment financial shocks contributes to this
body of literature by providing new insights into the differing nature
of these two dimensions of financial conditions.

w

Lenza and Primiceri (2022) argue that dropping the observations con-
cerning the pandemic crisis, which have an exceptionally large volatil-
ity, is sensible when it comes to a VAR estimation.

Notation W ~ MWN'(0, J,) implies that W is distributed as a (n X n)
multivariate normal distribution with mean equal to 0—a (n X n)
matrix of zeros—and variance-covariance matrix J,—a (N2 x N?2)
identity matrix.

IS

w

As in Furlanetto et al. (2019), what it is labeled as demand shocks may
also capture discount factor shocks, sentiment shocks, fiscal shocks, or
foreign shocks.

o

The implicit cost of remaining agnostic about the price response to
investment, financial, or uncertainty shocks is that the identified sup-
ply shocks effectively capture only productivity-related disturbances.
As a result, other types of supply shocks—such as oil shocks and
labor supply shocks—remain unidentified. Most likely, these shocks
are absorbed by the residual variation as there is no reason to believe
that they should play a major role in driving the variables included in
the system.

N

In Appendix S1, I replicate three Cholesky identification strategies
used in the literature, employing the baseline reduced-form VAR spec-
ification: (i) Basu and Bundick (2017) and Leduc and Liu (2016), who
identify a macro uncertainty shock by placing an uncertainty index
first in the Cholesky ordering; (ii) Jurado et al. (2015), who identify
a macro uncertainty shock by placing the MU index last; and (iii)
Gilchrist and Zakrajsek (2012), who identify a financial shock using a
Cholesky scheme in which the EBP is ordered just before financial vari-
ables. Figures E3-ES5 in Appendix S1 present the impulse responses
and forecast error variance decomposition associated with each of
these strategies. While the impulse responses broadly replicate the
original findings, results confirm that each recursive scheme mechan-
ically shuts down contemporaneous interactions that are empirically
important in the baseline model.

o

Following Furlanetto et al. (2019), the variance decomposition is esti-
mated on the median VAR model that satisfies the sign restrictions
(“median model”). See Section D.2 of Appendix S1 for details. In addi-
tion, to address potential concerns about model selection, Table F1 in
Appendix S1 shows that employing an alternative measure of central
tendency does not affect the FEVD results.

9 Table E1 in Appendix S1 confirms that supply shocks account for the
bulk of the variation in TFP.
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10 Carriero and Volpicella (2024) generalizes this approach with the aim
of avoiding imposing any ordering assumption regarding which shock
should be identified first. However, the authors still rely on quan-
titative assumptions about which shock explains a relatively larger
share of each variable. Additionally, papers like Ludvigson et al. (2021),
Abbate et al. (2023), Caggiano et al. (2020), and De Santis and Van der
Veken (2021) also incorporate quantitative assumptions—sometimes
on the specific shock series, other times on the relative responses of
certain variables—making them subject to the same critique.

The approach follows Giannone and Primiceri (2024) and, as sug-
gested by Bergholt et al. (2024), the estimation relies on the median
historical decomposition calculated from all historical decompositions
obtained from the simulated VAR models. Further details can be found
in Section D.3 of Appendix S1. Moreover, to address potential con-
cerns regarding model selection, Figure F9 in Appendix S1 shows that
using four alternative measures of central tendency —including three
derived from a unique VAR model—does not significantly affect the
overall conclusions of the historical decomposition exercise.

This finding aligns with firm-level evidence from Gilchrist et al. (2017),
which shows that credit-constrained firms were more likely to raise
prices compared to their unconstrained counterparts during the Great
Recession. Similarly, Del Negro et al. (2015) shows that a standard
DSGE model with financial frictions is able to predict sharp contrac-
tions in economic activity coupled with protracted yet relatively mod-
est declines in inflation.

Refer to Figure C1 in Appendix S1 for the model-implied impulse
responses of liquidity and the liquidity ratio to the three shocks of
interest.

A couple of minor robustness checks are presented in the same section.
First, Figure F7 in Appendix S1 shows the impulse responses when
real gross private domestic investment is replaced with real private
fixed investment. Additionally, Figure F8 in Appendix S1 displays the
impulse responses obtained from a VAR model where the macroeco-
nomic uncertainty (MU) index by Jurado et al. (2015) is replaced with
the real uncertainty (RU) index by Ludvigson et al. (2021). Both indexes
are conceptually similar, with the distinction that MU reflects uncer-
tainty across a broad set of real, nominal, and financial variables, while
RU captures uncertainty only across real variables. In all cases, the
results remain largely consistent.

The functional form for the convex cost of adjusting dividends away

from their steady-state value is x(d,) = - (d, — d,,)>, with k'(d,) =
i(d, —dg), k'(d,) = d%, and ¥ > 0. The function for of #(x,), denot-
ing other financial benefit associated to the availability of liquid assets,
is n(x,) = ﬁlxt - %zxrz’ with ”,(xt) = ﬁl _ﬁzxn ”,,(xt) = _ﬁb ﬁl >0,
and 7, > 0. Finally, the utility function of the household u(c,) takes

-1
7~% and

the following form: u(c,) = %,With We)=¢", u'(c)=—yc]

y > 0.

—
o

This variable represents all corporate assets deemed sufficiently liquid
by the Federal Reserve Board (2024), including municipal securities,
commercial paper, checkable deposits and currency, total time and sav-
ings deposits, Treasury securities, agency- and GSE-backed securities,
private foreign deposits, security repurchase agreements, money mar-
ket fund shares, mutual fund shares, corporate equities, and corporate
and foreign bonds held by equity real estate investment trusts.
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Appendix A
Linearization of Equation (6)

Begin by rewriting the optimality condition for liquid assets x,,; as fol-
lows: L+ 6(d)
+ k'(d, ,
1= Mg

_ 12 ’ Mr+1
= [1+«&'@)][1+ 1 (x40 E, [—1 " x'(d,+1)]'
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Taking the natural logarithm of both sides and using the assumption of
log-normal distributions of the variables of interest, obtain

M,
0 =1log |1 +«'(d)] +1log 1 + 1 (x,,,)] + logE, [H,(,—'(j)
1+1

=log [1+«'(d)] +10g [1 + 1/ (x,41)] + E, [log M, ;]
-, [log(1 + «'(d,,))]
+ %\/ar, [log M, 4] + %\/ar, [log(1 + «"(d,;1))]

— Cov, [log M,,,,log(1 + K/(dM))].

Thus, the expression can be approximated using a risk-adjusted
log-linearization around the steady state:

k1) . (X)) "
= Tt S Ty o T E M)
xk1(d,) A
= [EI(dH-l)

A kM (d ~
+ %\/ar,[M,H] +%\/ar, [d ) d ]

ss HK—’(dss) t+1

~ KkMdg) 5
- Cov, Mr+1’dssmdt+l :

Substituting for the associated functional forms yields'®:

— P

O0=xd, —xy—————%X, + E,(M,_,,Q _FlEr(a?rH)
1+ My — MaXgs

1 ~ 1 A — N ~
+ EVar,[Mm] + 5¥ Var, [dm] —kCov, [M,H,dm].
Now, isolating %,,, gives
NRpq = EdAt - EIEx(dArJrl) + Ez(MzH)
1 ~ 1— ~
+ S Var, [M,,] + K Var, [d41]
- FCOV, [Mtﬂ"irﬂ]v

___ > 0.

where n=Xg m

The stochastic discount factor is defined as

u,(ct+1>

w(c)

Mx+1 =p
Taking the natural logarithm of both sides, one gets

log(M,,;) = log(p) + log(w'(c,,;)) — log(/(c,)),
which follows the conventional first-order approximation:

. u(cg) . ull(cyy) .
=C—— €, —C C,.
1+1 s5 u/(c”) +1 S8 u/(c”) t

Thus, under the assumption of CRRA utility function with parameter y:
My =vyé—véy.
Substituting back into the optimality condition:

Nk = E[dAr - [Er(Jr+1)] + 7[61 - |E,(f',+1)]

1_ > 1 o — A 2
+ EK'Z\/B.I', [d,+1] + Eyz\/ar, [C,H] + ykCov, [c,+1,d,+1].

Appendix B
Data

1. Variable: GDP
Code: GDPC1
‘Website: M McCracken
Reference: McCracken and Ng (2020)
Transformation: logarithmic

2. Variable: TFP
Code: dtfp_util
Website: J Fernald
Reference: Fernald (2014)
Transformation: cumulated

3. Variable: Investment
Code: GDPIC1
‘Website: M McCracken
Reference: McCracken and Ng (2020)
Transformation: logarithmic

4. Variable: S&P 500
Code: SP500
Website: M McCracken
Reference: McCracken and Ng (2020)
Transformation: logarithmic

5. Variable: Liquidity
Notes: Ratio of two variables
Transformation: logarithmic
Numerator:
Name: Nonfinancial corporate business—liquid assets (broad
measure)!®
Code: BOGZ1FL104001005Q
Website: FRED
Reference: Federal Reserve Board (2024)
Denominator:
Name: Business Sector—Implicit Price Deflator
Code: IPDBS
‘Website: M McCracken
Reference: McCracken and Ng (2020)

6. Variable: Excess bond premium
Code: EBP
‘Website: FEDS Notes
Reference: Favara et al. (2016)
Transformation: standardized

7. Variable: Macroeconomic uncertainty (MU)
Code: EMU, h =3
Website: S Ludvigson Reference: Jurado et al. (2015)
Transformation: standardized

8. Variable: Financial uncertainty (FU)
Code: EFU, h =3
Website: S Ludvigson Reference: Ludvigson et al. (2021)
Transformation: standardized

9. Variable: Consumer price index
Code: CPI
Website: M McCracken
Reference: McCracken and Ng (2020)
Transformation: logarithmic

10. Variable: Shadow federal funds rate
Code: Wu-Xia shadow federal funds rate
Website: Atlanta Fed Reference: Wu and Xia (2016)
Transformation: level
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