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ABSTRACT

This appendix contains:

e a detailed literature review of structural / quantitative papers assessing

the role of financial frictions (Section I);
e the method used to solve and estimate the model (Section II);

e the methodology used to solve and estimate 4,000 alternative models in

our exploration of misspecification (Section [11);

e additional comparative static results in partial equilibrium designed to
show that the model is well behaved around the estimate (Figures A1 to
TA5);

e a description of the various adjustments to debt, total assets, physical
capital, and investment that we use when we explore potential misspeci-
fication due to measurement issues in Section V of the main article (Sec-

tion IV).
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I. Detailed Literature Review

We first review the quantitative macroeconomic literature on financial frictions,
with an emphasis on the moments targeted in the estimation / calibration. A first
strand of this literature relies on aggregate data. Kahn and Thomas ( ) con-
sider state-dependent collateral constraints: constraints in the normal state are
calibrated by targeting a debt-to-asset ratio of 0.372 in the nonfarm nonfinancial
sector using data from the Flow of Funds; constraints in the bad state are set
to match a 26% drop in debt in crisis times. Liu, Wang, and Zha ( ) focus,
like us, on fluctuations on house prices and their effect on investment. They cal-
ibrate the steady-state level of collateral constraint by matching a debt-to-asset
ratio of 0.75 for nonfarm nonfinancial corporate businesses and nonfarm noncor-
porate businesses.” Bernanke, Gertler, and Gilchrist ( ) develop a dynamic
general equilibrium model to quantify the role of credit market frictions in busi-
ness fluctuations; their calibration sets bankruptcy costs to match, in particular,
an aggregate debt-to-physical capital ratio of 0.5. Jo and Senga ( ) study the
aggregate impact of targeted credit subsidies in a heterogeneous firm model with
collateral constraints and endogenous entry and exit. The parameter value in the
collateral constraint is set to match the average debt-to-capital ratio of 0.57 for the
nonfarm, nonfinancial businesses in the Flow of Funds from 1954 to 2007. While
these papers target an aggregate debt-to-capital ratios, other papers normalize the
aggregate stock of debt or external finance with output.

Midrigan and Xu ( ) evaluates the importance of financial constraints for
misallocation by matching the aggregate debt-to-output ratio in Korea of 1.2. In
their quantitative analysis of the role of financial frictions for development dynam-
ics, Buera and Shin ( ) set the collateral constraint to match a cross-country
average external finance-to-GDP ratios of 0.6. Moll ( ) adopts a similar ap-

proach to calibration: collateral constraints are set to match an average external-

2To obtain this ratio, they measure business debt as the sum of all credit market instrument
and assets as the value of commercial land and equipment and software.



finance-to-GDP ratio for India of 0.54. In a similar vain, Itskhoki and Moll ( )
select a collateral constraint parameter to match an external finance to GDP ratio
of 2.3. Jermann and Quadrini ( ) offer a quantitative exploration of how the
dynamics of real and financial variables are affected by “financial shocks”; they
calibrate the collateral constraint parameter to a steady-state ratio of debt over
quarterly output of 3.36.

Finally, two notable contributions use aggregate data but focus on different vari-
ables for calibration purposes. Amaral and Quintin ( ) consider a model of
economic development in which firms face a borrowing constraint. The extent of
financial frictions is calibrated together with the degree of managerial talent by
matching the ratio of intermediated capital to GDP and two moments of the labor
size distribution of manufacturing establishments in the United States. Green-
wood, Sanchez, and Wang ( ) also use aggregate data, but exploit a different
moment. They quantify the impact of financial development on economic devel-
opment using a costly state verification model of financial intermediation. The
monitoring cost, which drives the extent of financial constraints in the model, is
estimated by targeting an intermediation spread of 2.62% in the U.S. for 2004,
calculated using NIPA data.

Another strand of the literature rely instead on firm-level data for calibration
purposes. Cooley and Quadrini ( ) explain the simultaneous dependence of
firm dynamics on size and age by introducing persistent shocks and financial fric-
tions in a model of firm dynamics. The calibration is set in part to match the av-
erage leverage ratio of 0.25 documented in Hall et al. ( ) for Compustat firms.
In Arellano, Bai, and Zhang ( ), the effect of financial development on firm dy-
namics is obtained by targeting an average leverage ratio among Bulgarian private
firms of 0.36.” Gopinath et al. ( ) show how the decline in the real interest rate

following the Euro convergence process leads to a significant decline in sectoral

3The estimation also matches the standard deviation of leverage and the mean leverage ratio
for entrants.



total factor productivity due to financial frictions. They calibrate a size-dependent
collateral constraint by targeting two moments: i) the fraction of firms that borrow
to 0.90, and ii) the cross-sectional regression coefficient of firm leverage on log cap-
ital, which equals 0.15 in their data. Ottonello and Winberry ( ) quantitatively
estimates the role of financial frictions and firm heterogeneity in the transmission
of monetary policy to corporate investment. Their estimation targets an average
firm-level gross leverage ratio of 0.34 from the microdata underlying the Quarterly
Financial Reports. Their results suggest that lenders can recover 54% of the cap-
ital stock in bankruptcy. Garcia-Macia ( ) builds a model with heterogeneous
firms that can invest in both physical and intangible capital and where intangi-
ble assets are harder to seize by creditors upon default. The model calibrates the
collateral constraint on physical capital by targeting an average leverage ratio of
0.18 among private firms in Spain, as well as a cross-sectional regression coeffi-
cient of average investment ratio on leverage ratio. Finally, Gilchrist, Sim, and
Zakrajsek ( ) evaluate the relative importance of financial frictions and uncer-
tainty through the lens of a quantitative general equilibrium model. Bankruptcy
costs, which characterize the degree of frictions in the bond market, are estimated
to generate an average credit spread of 160 bps, which corresponds to the median
of the BBB-Treasury spread. They find that about 10% of asset value is dissipated

in the bankruptcy process.

The structural corporate finance literature also commonly targets the average
leverage ratio to estimate the importance of financial frictions. Hennessy and
Whited ( ) estimate a dynamic trade-off model with endogenous financing and
investment against the predictions of a static trade-off model. Their model is esti-
mated using SMM, and the estimation targets in particular an average net-debt-
to-total-assets ratio of 0.075. They estimate a collateral constraint parameter of
0.59. Gomes and Schmid ( ) analyze the relation between leverage and stock
returns in a structural dynamic model where both corporate investment and fi-

nancing decisions are endogenous. Their model assumes that lenders can recoup
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75% of asset values in bankruptcy, and it matches an average debt-to-total-assets
ratio of 0.67. Hennessy and Whited ( ) infer the magnitude of financing costs
by matching several moments related to corporate financing. In particular, they
target an average net-debt-to-asset ratio of 0.12 on Compustat firms and estimate
that about 10% of the capital stock is dissipated in default. DeAngelo, DeAngelo,
and Whited ( ) estimate a dynamic capital structure model in which firms
sometimes issue transitory debt and deviate deliberately, but temporarily, from
leverage target in order to fund investment. Among other moments, they target an
average leverage ratio of 0.24 (and its variance of 0.011). Their model does not in-
clude a collateral constraint; instead, it features an exogenous debt ceiling, which
is estimated to be 72% of the steady-state capital stock. Li, Whited, and Wu ( )
consider the effect of taxes on leverage; they target an average debt-to-total-assets
ratio of 0.29 in Compustat data and estimate a collateral constraint parameter
that ranges from 0.37 to 0.46 depending on the tax rate. Begenau and Salomao
( ) explain cyclical patterns in corporate financing using a quantitative model
with endogenous firm dynamics and financing frictions. Their calibrated model
matches an average leverage ratio of 0.23 in Compustat by setting bankruptcy
costs to 10% of total asset value and equity issuance costs of 20%. Michaels, Beau,
and Whited ( ) explain the negative correlation of wages and leverage in a
model that integrates factor adjustment frictions and wage bargaining with costly
external financing. They target an average net-debt-to-total asset ratio of 0.35
and estimate that about 50% of the capital stock can be surrendered to the lender
in default as collateral. Nikolov, Schmid, and Steri ( ) analyze quantitatively
the role of credit lines in corporate liquidity management by developing a model
where credit lines provide firms with financial flexibility, but are costly in terms
of collateral. In the estimation, the collateral constraint parameter is set to match
the average credit line limit of 17.2% along with an average leverage ratio (net of
credit line) of 0.17 using Compustat data. The estimated collateral parameter is

0.33.



II. Solving the Model and Estimation

This section details the algorithms used to solve the model and estimate it.
To estimate the model, one needs to find the set of parameters such that model-
generated moments fit a pre-determined set of data moments. Because our model
does not have an analytic solution, we need to use indirect inference to perform

the estimation. Such inference is done in two steps:

e For a given set of parameters, we need to solve the model numerically, which
means solving the Bellman problem (7) and obtain the policy function S;,; =

(dy11,ki11) as a function of S; = (d;, k;) and exogenous variables X; = (z;, p;).

e We then use this resolution technique to estimate the parameters that match
best a set of moments chosen from the data. We explain the methodology
(Simulated Method of Moments) and the numerical algorithm that we use to

implement it.

A. Solving the Model Numerically

In this section, we describe how we numerically solve the firm’s problem with

given parameters.

A.1. Grid Definition

To solve the model numerically, we need to discretize the state space (5;X).
Let us start with the two exogenous variables. The log productivity process z
is discretized using the standard Tauchen method on 51 grid points. Log real
estate prices are also an AR(1), discretized using the Tauchen method on 11 grid
points. For both variables, we set the bounds of the grid at -2.5 and 2.5 standard
deviations.

Capital choice is discretized over a range from k,,;, to k..., where k,,;, is the
smallest level of capital chosen by a firm without adjustment costs and financing

constraints. For this particular case, we can solve the capital decision analytically.
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In most cases, this number should serve as a lower bound because adjustment costs
would prevent firms from adjusting all the way down to this level; and financial
constraints would push them to keep more capital as precautionary savings. Since
we did not, however, establish this result analytically, we check that k,,;, is always
“far enough” from the lowest simulated value of capital. Similarly, k,,.. is the
capital stock chosen by unconstrained firms, without adjustment cost, facing the
highest productivity level on the grid. Again, we expect this level to be above the
upper bound of capital for a constrained firm with adjustment costs. We check
that this is the case in our simulations. We then form an equally spaced grid for
log capital between log k,,;, and log k.., with increment of log(1 + §/2). Thus, the
capital grid is geometrically spaced using (1 + 0/2) as the multiplying coefficient,
that is, the n'* point is equal to k,.;, x (1 + §/2)" until k,,.,. Given that k,,;,, and
knma are functions of productivity, the grid thus depends on the persistence p and
volatility o of log productivity. Larger persistence or volatility leads to a wider grid.
In our preferred specification, capital evolves on a grid containing 270 points. We
take this number as a reference when we discuss grid size below, bearing in mind
that the capital grid is a function of parameter values.

Finally, the debt grid d; is defined as a function of the amount of capital k;. This
adaptive feature of the debt grid comes from the fact that the amount of debt is
bounded above by a function of capital: larger firms can borrow more. We restrict
future-period debt d’ to the [—4d;d| interval, where d = s((1 — 6)k + ppash) and
Pmaz 18 the maximum house price level. The grid interval is thus a function of
the model parameters s but also p and o via the grid of £. The upper bound is a
natural consequence of the collateral constraint: the model imposes that it cannot
be exceeded. The lower bound is somewhat arbitrary as in theory there is no upper
bound as to how much cash the firm may decide to hold. We check that there is
no accumulation of cash at this bound during the estimation process. Within this
interval, the grid is geometrically spaced so that it is denser when debt becomes

closer to the constraint, that is, right below d. We implement this by setting the



n'" grid point to d (1 — 0.001 x ") until it reaches —4d. Thus, the grid size for debt
does not depend on parameters (in contrast to the capital grid size) and always has

29 points.

A.2. Bellman Resolution Algorithm

We solve the firm’s problem using policy iteration. This algorithm is based on
the fact that the value function is the solution of a fixed point problem generated
by a contraction mapping.

Before starting to iterate, we compute profit flows ¢(.5,.5’; X)) using the produc-
tion and cost functions, for all possible values of S and X on the grid. We set e to
“missing” when (5,5’; X) are such that e < 0 — the no equity issuance constraint
is violated, or when the borrowing constraint is violated. Profits are only defined
when both financing constraints are satisfied.

To initiate the process, we start with the value function 1 (S; X) = 1. We then

look for the policy function (£, d,) = Py(S; X) that solves

1
Py(S; X) = argmaxg {e(S,5"; X) + 1—+T} (IA1)

for each state of (5; X). Next, we iterate the following loop (where n > 1 denotes

the step in the loop):

1. Start from (k],_,,d, ,) = P,—1(S5;X), the policy function obtained from the
previous round, and V,,_; (S; X), the value function obtained from the previ-
ous round. For every point (S; X) on the grid, we compute the value function

V,, that satisfies:

1—d
Va(8; X) = e(S, Poa (55 X); X) + 1 ‘l‘T'EX/ Vo1 (Po1(S; X'); X7 | X
d , o
1 (B = (L4 7)d, ) - (TA2)

2. We then use the new value function V,, and compute the optimal policy given



this value function (P,(S; X)):

1—
P, (S;X)=argmaxg{e(S, S"; X)—I—1—+f]EX, V(S X)X
d / ~ !/

3. We stop when P, = P,_;.

Thanks to the contraction mapping theorem, we are guaranteed to find a good
approximation of the value function V(S5; X)) and the policy function S’ = P(S; X)
defined over the grid. The computationally costly step is the determination of the
policy function in step 2 with respect to S’. This consists of 29 x 270 x 51 x 11 =
4,392,630 optimizations of vectors with 29 x 270 = 7,830 points. This is where
parallelization achieved through a GPU accelerates the process. For the range of
parameters we explore, we typically solve the model in about two minutes with a
GPU (Nvidia K80), compared to several hours with a CPU. What prevents us from
having a finer grid is the RAM of the GPU, since the computer needs to create the
maximand in step 2, a 29 x 270 x 29 x 270 x 51 x 11 ~ 34 billion numbers array.

The above algorithm is the standard policy function iteration algorithm. We
make two adjustments to adapt it to our setting. First, to reduce computing time,
we first solve the model with a coarser grid and then solve it again on the grid
described above. To define this coarser grid, we divide the resolution of the control
(k and d) grids by two. This divides computing time by four in the first step but
only gives us the value and policy functions on the coarser grid. We then re-run
the algorithm on the finer grid with the “coarser” policy and value functions as a
starting point. Convergence occurs much more quickly.

The other adjustment is related to the treatment of missing values, which in
our set-up occur when one of the two financing constraints is violated (i.e., the
no-equity constraint or the collateral constraint). Without modification, the policy
iteration algorithm does not behave well in the presence of missing values. This is

because, for some given value functions V,,_;, there may exist some (5, X') for which
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there is no acceptable policy S’. In this case, the optimal policy function P, (S, X) is
not defined everywhere on the grid (note (Sy, X) such states for which the policy
is not defined). When this happens, the next iteration value V,(.5; X) is not defined
for all (S, X), which leads with nonzero probability to states (Sy, X;). As we iterate,
missing values progressively spread to the entire grid and the algorithm is blocked.
To solve this problem, we modify step 1 of the algorithm by requiring that V,,(S; X)
replaces V,,_1(S; X) if and only if V,(S5; X) is nonmissing. This prevents missing

values from spreading to the entire grid of states (S; X).

B. Estimation

We now estimate the parameters (s, c, p, 0, ¢) for which the model best matches
a pre-defined set of moments (we experiment with a different set of moments and

models in the main text).

B.1. Estimation Method: SMM

We estimate the key parameters of the model by simulated method of moments
(SMM), which minimizes the distance between moments from real data and simu-
lated data. Let us call m the vector of moments computed from the actual data, and
(2 the moments generated by the model with parameters (2. The SMM procedure
searches the set of parameters that minimizes the weighted deviations between

the actual and simulated moments,

(m — () W (m — 7 (Q)) (IA4)

We detail the various components of our implementation in the following sections.

B.2. Empirical Moments m and Weight Matrix W

The empirical moments are computed in a simple way, and the definitions are

given in the main text, in Section I1I.

10



The weight matrix W adjusts for the fact that some moments are more precisely
estimated than others. It is computed as the inverse of the variance-covariance
matrix of actual moments estimated by bootstrap with replacement on the actual
data. To compute the elements of this matrix, we repeat 100 times the following
procedure. Using our data set, we draw, with replacement, N firms with their
entire history where N is the number of firms in the sample (we use the bsample
command in Stata, clustered at the firm level). We then compute the moments
and store them. Once we have performed this procedure 100 times, we compute

the empirical variance-covariance matrix of the moments and invert it.

B.3. Model-Generated Moments m

Once we have solved the model for a given set of parameter 2 (Section in
the Internet Appendix), we need to simulate data in order to compute the simu-
lated moments. We simulate a balanced panel of 1,000,000 firms over 100 years,
and only keep the last 10 years to ensure each firm has reached steady-state. For
each firm, we simulate a path of log productivities z;; and a path of log real estate
prices p;;. This makes the variability of real estate prices larger than in the data,
where prices only vary at the MSA level. Recall however that our objective in this
simulation is not to replicate the variability of the data, but ideally to estimate
model-generated moments. If we had closed forms for the model, we could mea-
sure these moments without infinite precision. The problem here comes from the
fact that we cannot directly compute these moments but have to “estimate” them.
Ideally, we would want to generate an infinitely large simulated dataset in order
to compute the model-generated moments exactly, but computational constraints
make it infeasible. 1,000,000 firms over 100 years already generate arrays with
100m entries. Allowing real estate prices to vary at the firm-level is a way to make
sure the sensitivity to prices model-generated moments are estimated as well as

possible.
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B.4. Optimization Algorithm

We now have all the ingredients necessary to compute the objective function

). In this section, we explain how to minimize it. Since in our most preferred

specification we have five parameters, we need to make sure that we are indeed

reaching a global minimum. We do this by implementing the following two-step

procedure, which follows Guvenen, Ozkan, and Song ( ):

e We generate 1,000 quasi-random vectors of parameters () taken from a Hal-
ton sequence. The Halton sequence is a deterministic sequence of numbers
that has the property of covering the parameter space evenly. For each of
these parameters, we solve the model to obtain the policy function, simulate

a dataset, compute the moments, and obtain the distance to data moments

(IA4).

e We then use the lowest points (in terms of the objective function) as starting
points for minimization. We iterate on the following loop. We begin with
parameter estimate (); for which the objective function is the lowest. We then
use the Nelder-Mead method (command fminsearch in Matlab) to perform
local optimization starting from this point. We next compute the objective
function O;. We then move to the second-lowest parameter estimate (€2,) and
compute the objective function O,. We iterate on this and stop as soon as
O, = 0. Among the lowest parameters, a large fraction typically leads to the
same parameters for which the objective function is equal to zero. This gives

an indication that our objective function is well behaved.

There are no general theoretical results arguing that this technique dominates

other popular algorithms adapted for large dimension optimization. In our set-

ting, however, we found that the genetic algorithm and simulated annealing were

much slower at converging. Also, this approach allows to “control” the smoothness

of the objective function. For instance, within the lowest 20 parameters isolated

after step 1, it would be worrisome if minimizations starting from each of these
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parameters gave inconsistent parameters. On the contrary, they tend to be very
consistent. The only cases in which convergence goes to the alternative choice of
parameters than the one we present are cases where the objective function is much
bigger than zero (i.e., other local optima). Finally, the best argument in favor of our
selected estimates is the well-behaved comparative statics we present in Internet

Appendix Figures to

B.5. Standard Errors

To compute standard errors, we use the standard formula for the variance-

covariance matrix of parameter estimates {2 in SMM estimation

(w4 (J’W—lj)_l ,

which consists of two terms. The first term corresponds to the error coming from
the estimation of data moments, where 1/ is the variance-covariance matrix of
data moments (which we use as weighting matrix in our SMM and estimate by
bootstrap — see the previous section). Intuitively, the data induce little estima-
tion error if I is small (the moments are precisely estimated). The second term
comes from the noise we face when estimating the simulated moments: W is the
variance-covariance matrix of moments in simulated moments. It is an object that
can also be estimated by bootstrap like /. Intuitively, the more precise the esti-
mation of simulated moments (for instance, because the simulated dataset is very
large), the smaller this term. Last, .J is the Jacobian matrix around the SMM esti-
mate. The bigger it is, the more sensitive moments are to parameters. And when
this is the case, the estimation is more precise. With some abuse of language,
economists tend to say that the model is well identified (locally, around 2) when
the coefficients in J are large. It is more accurate to say that the model is precisely
estimated. We have a discussion like this in the main text (Section [1I) and report
the log Jacobian matrix (the matrix of elasticities) in Table I.

Ideally, we would want to try to minimize the error coming from the imprecise
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estimation of the model-generated moments. This estimation is imprecise because
we do not simulate an infinitely large data set. If we did, we would have W = 0 and
the second term in equation (IA5) would be zero. In Section of the Internet
Appendix, we make sure that IV is as small as possible (by maximizing the number
of observations and having one price path per firm), but, in practice, the sensitivity
of investment to real estate prices is still estimated with significant error, which
forces us not to neglect the second term in equation (IA5).

In practice, we compute I as described in Section of the Internet Ap-
pendix, and W by bootstrapping the simulated sample using SMM-estimated pa-
rameters. We start with simulated data (100,000 firms followed over 100 years
each). We then draw 100,000 firms from this sample with replacement. We com-
pute the moments and repeat this procedure 100 times. Using these 100 sets of
model-generated moments, we then compute the variance-covariance matrix 1.
We estimate J using the following technique. For each parameter j, we note Qj
the SMM estimate. We then simulate the model, holding the other parameters
constant, for w;.“ immediately above w; and w; immediately below. We use a 10-
grid point scale as in Internet Appendix Figures to . We compute model-
generated moments m™ and m~ associated with these two variants. The moment

gradient % is the j* column of our estimate the J matrix.
i Y

III. Building the Data Set of Misspecification
Errors

A. Auxiliary Model

We perform our Monte Carlo analysis using a dedicated and accelerated SMM
procedure. This procedure relies on an auxiliary model that captures the re-
lationships between each simulated moment and the vector of parameters Q2 =
(p,0,s,c,e,h) estimated by the econometrician. Specifically, we assume that each

moment k is a cubic polynomial function f, of the parameters, including cross
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terms. So the auxiliary model is a set of polynomial equations. Hence, if we know
the coefficients of these polynomial functions, we can predict each simulated mo-
ment and the SMM error function using the auxiliary model. The advantage of this
approach is that the computing time of the auxiliary model is shorter by several
orders of magnitude.

The first step of this procedure is to train the auxiliary model. To do so, we gen-
erate a training sample using the real structural model. We draw 20,000 vectors of
parameters (); and generate the simulated moments m(€);) by simulating the true
structural model under our baseline specification and calibration. By doing so, we
obtain a dataset with 20,000 observations, which contain the vector of generating
parameters (2; and the vector of simulated moments m(2;). The vectors €); are
drawn from a quasi-random (Halton) sequence with p € [0.50,0.95] , o € [0.08,0.17]
, 5 €[0.01,1], h € [0.05,0.4], ¢ € [0,0.04] and e € [0,0.40).

Our goal is to use this training data set to predict the vector m(£2;) using poly-
nomial approximations instead of the full structural model. We test this approach

as follows.

1. Take a vector (2; and generate the vector of simulated moments m(£2;) using

the full structural model.

2. Using the training data set, compute the SMM error function for each obser-

vation 7, that is:

3. For each moment k, estimate the generating funciton f;, with a weighted cubic
polynomial regression, using the invert of the SMM error function as regres-

sion weights.

4. For each moment k, use the estimated polynomial f; to predict the simulated

moments f;(€2;).
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By repeating this procedure 100 times, we get a sense of the quality of our aux-
iliary model. Specifically, we find that the auxiliary model predicts each simulated
moment generated by the true structural model with an R? above 0.97. This out of
sample performance gives us confidence that we can use this approach to perform

our Monte Carlo analysis.

B. Monte Carlo Procedure

The Monte Carlo procedure works as follows. We start by drawing 4,000 vec-
tors of parameters Q; = (p;, 04,5, ¢, e;,h;) and six supplementary parameters
© = (I;,U;,044,Ki,dos, 7). To do so, we use a quasi-random (Halton) sequence
with p € [0.80,0.95] , ¢ € [0.10,0.15] , s € [0.10,0.7], h € [0.10,0.3], ¢ € [0,0.03],
e €[0,0.30], I €[0,04], U € [0,04], x € [-0.3,0.3], do € [0,0.4], o, € [0,0.03] and
7 €[1/3-0.075,1/3 + 0.075].

Next, for each random draw, we follow the steps below.

1. Solve the true, correctly specified model and simulate the moments. Compute

the true TFP and output losses caused by financial constraints.

2. Set © =(0,0,0,0,0,0.33) as in our baseline specification and estimate the vec-
tor 2 by SMM. First, we target our investment sensitivity moment. Because
we need to estimate the model thousands of times, we use the auxiliary model
described in Section of the Internet Appendix and the global optimiza-

tion routine described in Section of the Internet Appendix.

3. Compute the TFP losses and output losses implied by the structural estima-

tion of the misspecified model.

4. Repeat the last two steps but target leverage instead of the investment sen-

sitivity moment.
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IV. Detailed Description and Robustness of
Table V of the Main Article

First, we explain in detail the adjustments we make to calculate leverage and
estimate S under the various sources of misspecification considered in Table V of
the main article. Line 1 corresponds to our baseline estimate for § and our baseline
leverage.

In line 2, debt is unchanged but total assets are now the sum of book assets
and the off-balance-sheet intangible capital in Peters and Taylor ( ). For the
estimation of 3, the dependent variable is the ratio of capital expenditures plus
R&D expenditures plus 30% of SG&A (Peters and Taylor ( )), normalized by
the sum of lagged tangible assets and lagged intangible capital (k™*2"gible from Pe-
ters and Taylor ( )). In terms of explanatory variables, REV alue;; is normalized
by lagged tangible assets and lagged intangible capital (k™*2gile from Peters and
Taylor ( )); cash flows add back (1 — 7) of the expenditures in intangible cap-
ital (capital expenditures plus R&D expenditures plus 30%) and are normalized
by lagged tangible assets and lagged intangible capital (Peters and Taylor ( ).
We use a tax rate of 7 = 30%. We use the total Q in Peters and Taylor ( ) as
our measure of Q.

In line 3, we calculate leverage by adding leases to both the numerator and the
denominator of our baseline measure. We calculate leases following an approach
similar to Rampini and Eisfeldt ( ). For each firm-year, we compute [/, the ratio
of operating lease rentals (lagged COMPUSTAT item mrcl) to on-balance sheet
capital rental (depreciation plus 10% of total assets (COMPUSTAT item at)). We
then compute leases as | x at. To estimate 3, the dependent variable is the ratio
of capital expenditures plus the yearly difference in leases, normalized by the sum
of lagged tangible assets and lagged leases. In terms of explanatory variables,
REValue; and cashflows are normalized by the sum of lagged tangible assets and
lagged leases. Our market-to-book ratio is similar to the baseline, except that the

denominator is now the sum of total assets and leases.
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In line 4, we calculate leverage by adding the present value of lease commit-
ments (PV(lease)) to the net debt used in our baseline measure. To calculate
PV(lease), we start from the next five years commitments (mtrl-5), spread ex-
pected commitment (mrtca) over these five years equally, and calculate the present
value of these commitments at a 10% discount rate. The estimate for 5 corresponds
to the baseline estimate since the measurement of capital is similar to the baseline.

In line 5, we calculate leverage by adding account payables (ap) to the net debt
used in our baseline measure. To estimate /3, the dependent variable is now the
ratio of capital expenditures plus the yearly difference in current assets, normal-
ized by the sum of lagged tangible assets and lagged current assets. REV alue; and
cash-flows are normalized by the sum of lagged tangible assets and lagged current
assets. Our market-to-book ratio is similar to the baseline.

In line 6, we calculate leverage by using the economic value of the physical cap-
ital stock instead of net PPE in the denominator. To calculate the capital stock,
we start with net PPE (COMPUSTAT item ppent) in the first year the firm ap-
pears in COMPUSTAT (or in 1981 if the firm appears prior to 1981). Every year,
we then add capital expenditures (COMPUSTAT item capx), subtract sale of prop-
erty (COMPUSTAT item sppe) and depreciate the previous year capital stock at
a 6% rate, which is typical in the macro-finance literature (e.g., Midrigan and Xu
( )). Leverage is then calculated as the ratio of net debt to total assets mi-
nus PPE plus the physical capital stock. To estimate /3, the dependent variable is
the ratio of capital expenditures normalized by the lagged physical capital stock,
REValue;;, and cashflows are normalized by the lagged capital stock. The market-
to-book ratio is similar to the baseline, except that the denominator is total assets
minus net PPE plus the capital stock calculated with the inventory method.

In line 7, we combine all these adjustments. We calculate net debt using the
baseline measure, to which we add leases and accounts payables. Total assets are
given by assets minus PPE plus the physical capital stock, to which we add leases,

and the off-balance-sheet part of intangible capital (KTb

). Leverage is the ratio
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of these two variables. To estimate 3, we use the following dependent variable:

v, capital expenditures, + R&D expenditures, + 30% SG&A; + (leases; —leases;_1) + (Current; —Current;_1) 15
t = | ‘ |
Ki_1 +current; 1 + leases; 1 + k‘t”_t‘i"glble

where K;_; corresponds to the lagged capital stock calculated using the perpetual
inventory methodology described above, and REValue;; and cashflows are normal-
ized by the same denominator as that in Y;. As in line 2, cashflows include (1-
T)R&D expenditures, + 30% SG&A,). Finally, our measure of Q is as in the base-

line, but the denominator is (total assets + capital stock — PPE + leases + k7" +

joff bs

wnt

current), where is the off-balance-sheet intangible capital from Peters and

Taylor ( ).

All of these statistics are computed using equal weighting. Equally weighted
statistics are natural counterparts to our model-generated moments, since firms in
our model are ex ante identical — they all have the same data generating process —
so there is no obvious reason to match size-weighted moments. Another advantage
of equally weighted statistics is that they are less noisy: since firm size distribution
is very concentrated at the top, size weighting gives a disproportionate weight to
a few large firms, rendering estimates noisy.

These caveats notwithstanding, a natural question is whether our estimates in
Table V of the main article are robust to size weighting, as the largest firms mat-
ter disproportionately for the macroeconomy. We show these results in Internet
Appendix Table . As expected given the skewness of firm size distribution, es-
timated moments are a bit more volatile, but the orders of magnitude obtained are

very similar to our main estimates.
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Table IAI
Effect of Real Estate Value on Investment Controlling for City-Year
Dummies

In this table, we regress the investment rate on a measure of real estate value and a series of
controls. Real estate value is essentially the interaction between firms’ real estate ownership at
book value and MSA-level office price inflation. We use the baseline specification and data set of
Chaney, Sraer, and Thesmar ( ) in column (1). In column (2), we add MSA dummies interacted
with year dummies. In both specifications, controls interacted with office prices are quintiles of
age, ROA, assets, as well as industry and state dummies. All regressions are clustered at the firm
level. *** indicates significant at the 1% level.

Investment / Assets
(1) (2)

Real Estate Value 0.062*%**  0.06%**
(0.0069) (0.007)

Cash Flow 0.026%**  0.026%**
(0.0035)  (0.0035)
Q 0.07**%  0.068%***
(0.0038) (0.0039)
Observations 17,458 17,440
R? 0.42 0.44
Controls x prices Yes Yes
Year FE Yes Yes
Firm FE Yes Yes
MSA-year FE No Yes
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Figure IAl. Sensitivity of moments to pledgeability s. In this figure, we set
all of the estimated parameters (s, ¢, p,o, H and e) at their SMM estimate in our
preferred specification — as per column (3), Panel A in Table II of the main article.
We fix w and @ at their reference levels: w = 0.03 and ) = 1. We then vary s from
zero to one. For each value of s that we choose, we solve the model, simulate the
data, and compute four target moments, plus the average leverage ratio and the
sensitivity of debt issuance to real estate value. Each panel corresponds to one
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moment. The red vertical line corresponds to the SMM estimate of s.
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Figure IA2. Sensitivity of moments to pledgeability c. In this figure, we set
all of the estimated parameters (s, ¢, p,o, H and e) at their SMM estimate in our
preferred specification — as per column (3), Panel A in Table II of the main article.
We fix w and ) at their reference levels: w = 0.03 and ) = 1. We then vary ¢ from
zero to 0.02. For each value of ¢ that we choose, we solve the model, simulate the
data, and compute four target moments, plus the average leverage ratio and the
sensitivity of debt issuance to real estate value. Each panel corresponds to one
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Figure IA3. Sensitivity of moments to pledgeability o. In this figure, we set
all of the estimated parameters (s, ¢, p,o, H and e) at their SMM estimate in our
preferred specification — as per column (3), Panel A in Table II of the main article.
We fix w and ) at their reference levels: w = 0.03 and ) = 1. We then vary o
from zero to 0.2. For each value of ¢ that we choose, we solve the model, simulate
the data, and compute four target moments, plus the average leverage ratio and
the sensitivity of debt issuance to real estate value. Each panel corresponds to one
moment. The red vertical line corresponds to the SMM estimate of o.
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Figure IA4. Sensitivity of moments to pledgeability p. In this figure, we set
all of the estimated parameters (s, ¢, p,o, H and e) at their SMM estimate in our
preferred specification — as per column (3), Panel A in Table II of the main article.
We fix w and @ at their reference levels: w = 0.03 and @@ = 1. We then vary p from
0.8 to 0.95. For each value of p that we choose, we solve the model, simulate the
data, and compute four target moments, plus the average leverage ratio and the
sensitivity of debt issuance to real estate value. Each panel corresponds to one
moment. The red vertical line corresponds to the SMM estimate of p.
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all of the estimated parameters (s, ¢, p,o, H and e) at their SMM estimate in our
preferred specification — as per column (3), Panel A in Table II of the main article.
We fix w and @) at their reference levels: w = 0.03 and ) = 1. We then vary e from
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Figure IA6. Aggregate output: Additional comparative statics. This figure
reports the effect of changing various parameters on the output loss of financing
constraints. We vary productivity persistence in Panel A (p), productivity inno-
vation volatility in Panel B (0), equity issuance costs in Panel C (¢), and price
elasticity ¢ in Panel D. In Panels A, B, and C, the vertical black line correspond
to the SMM estimates and the grey lines the borders of the 90% confidence inter-
val. In Panel D, we do not report confidence intervals because ¢ is calibrated, not
estimated. The values we span correspond to the range of values in Broda and
Weinstein ( ).
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Figure IA7. Misspecification and TFP loss estimation error, leverage vs [
targeting. In this figure, we report the effect of misspecification on the estimation
of TFP loss. Each panel is a form of “controlled binscatter.” On our sample of 4,000
simulations, we first regress misspecification errors (relative to the true loss) on
decile dummies for the six parameters governing misspecification (0), taking the
first decile as reference. We do this for the two sets of misspecification errors
obtained using either inference based on leverage (blue dots) or inference based
on the reduced-form coefficient 5 (red dots). For each parameter, we then plot the
predicted value for each decile against the average value of the parameter for this
decile while setting the other parameters to their average values.
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Figure IA8. Misspecification and output loss estimation error, leverage
vs [ targeting. In this figure, we report the effect of misspecification on the
estimation of output loss. Each panel is a form of “controlled binscatter.” On our
sample of 4,000 simulations, we first regress misspecification errors (relative to the
true loss) on decile dummies for the six parameters governing misspecification (©),
taking the first decile as reference. We do this for the two sets of misspecification
errors obtained using inference based on leverage (blue dots) or inference based
on the reduced-form coefficient 5 (red dots). For each parameter, we then plot the
predicted value for each decile, against the average value of the parameter for this
decile, while setting the other parameters to their average values.
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